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Abstract 

The quarrying industry, which largely consists of less digitized SMEs, is an integral part of the German 
economy. More than 95% of the primary raw materials produced are used by the domestic construction 
industry. Quarrying companies operate demand-oriented with short planning horizons at several locations 
simultaneously. Due to the low level of digitization and the reluctance to share data, untapped efficiency 
potential in data-based demand forecasting and capacity planning arises. The situation is aggravated by the 
fact that SMEs have a heterogeneous mobile machinery so as not to become dependent on individual 
suppliers, and that transport distances of over 50 kilometers are uneconomical due to high transport costs 
and low material values. Within the research project PROmining a data-centric platform which improves 
demand forecast accuracy and multi-site capacity utilization is developed. One of the core functionalities of 
this platform is an industry-specific demand forecasting model. Against this background, this paper presents 
a methodology for establishing this forecasting model. To this end, expected demands of secondary industry 
sectors will be analyzed to improve mid-term volume-forecasting accuracy for the local quarrying industry. 
The data-centric platform will connect demand forecasting data with relevant key performance indicators of 
multi-site asset utilization. Following this methodology, operational planning horizons can be extended 
while significantly improving overall production efficiency. Thus, quarrying businesses are enabled to 
respond to fluctuating demand volumes effectively and can increase their personnel and machine utilization 
across multiple quarry sites. 

Keywords 

Demand Forecasting; Data-Centric Platform; Capacity Utilization; Quarrying Industry; Digitization of 
SMEs 

1. Introduction  
 

The German quarrying industry consists largely of SMEs (small and medium-sized enterprises) with fewer 
than 10 employees [1]. Quarrying companies operate demand-oriented with short planning horizons at 
several locations simultaneously. Storing quarry mass products, such as limestone, sandstone, etc., is not 
economically viable, as large storage areas are required and the material properties can deteriorate due to 
weathering. Companies that actively focus on digital transformation and automation are still the exception 
in the industry today [2]. In almost all SMEs within this industry, software support is currently rather 
rudimentary. Most equipment and process data is recorded in analog form and only analyzed when required 
[3]. However, the shift towards Industry 4.0 is also affecting the mining and quarrying industry. Large 
international corporations are already using digital technologies on a grand scale [4]. Referred to by the term 
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“Mining 4.0” or “Smart Mining”, this development focuses on connecting physical mining assets and 
external data sources within an Industrial Internet of Things (IIoT) [5]. Due to high investment costs, many 
SMEs shy away from setting up a comprehensive IIoT infrastructure. Yet there is great efficiency potential 
for quarrying companies if multi-site operations can be controlled remotely [6]. A data-centric platform, 
which consolidates and evaluates site-specific data to optimize overall capacity utilization can lead to 
significant cost savings in the long term [7]. However, capacity utilization is subject to fluctuations caused 
by regional, seasonal and conjunctural demand dynamics [8]. Demand forecasting therefore relies heavily 
on extensive external datasets. Due to SME’s heterogeneous machinery with incompatible sensor 
technology, platform solutions from major equipment suppliers are unsuitable [3]. Therefore, multi-site 
SMEs need a customized digital platform solution to monitor site-specific KPIs and adjust capacity planning 
to demand development. This platform can help SMEs leverage large efficiency potentials through improved 
forecasting capabilities and capacity planning [3].  
 
While a data-centric platform design and a corresponding operator model have been detailed in previous 
publications a demand forecasting model that fits the requirements for SMEs of the German quarrying 
industry is yet to be published [3]. Therefore, this paper aims at establishing a methodology to create a 
regional demand forecasting model. In conjunction with recording current utilization metrics on the platform, 
demand-driven capacity planning can be improved. The forecasting model follows the methodology of 
Kosow and Gaßner [9] and is based on trend extrapolation of downstream industry demands. It breaks down 
Germany-wide demand volumes into regional and site-specific production outputs. Matched with site-
specific capacity data, the forecasting model provides a decision-making basis for demand-oriented 
production planning. It can support SMEs with increasing production efficiency, reducing energy 
consumption and optimizing equipment maintenance schedules [10]. 

2. Theoretical background 

2.1 Data-centric platforms and their application in the quarrying industry 

Data sets generated, collected, structured, and stored by machines, form the basis of data-centric (B2B) 
platforms [11]. Data-centric platforms therefore represent a combination of interoperable, scalable, and 
modular technologies, that work together to meet an organization's entire data needs [12]. To this end, the 
connections between machines, sensors and software applications are critical to ensure effective data 
collection and transmission [13]. In a manufacturing environment, they form the Industrial Internet of Things 
(IIoT), which encompasses the integration and connection of machines, products, and processes in data-
centric platforms [6]. The IIoT creates an automized interaction between machines and operating processes 
which can be used to increase efficiency throughout the value chain. This improves productions logistics as 
well as inventory management or the business processes in general [14].  

The importance of developing data-centric platforms is increasing across the economy [15]. Data-centric 
platforms offer companies the opportunity to create new markets or tap into new customer segments. 
Companies also benefit from automated information exchange and services between two or more parties and  
gain insights from production data [16]. 

Data-centric platforms are already applied in the quarrying industry by large mining corporations. These 
platform solutions are offered by major equipment manufacturers as fleet management system for the 
manufacturer's own machinery [2]. Platforms that are utilizable for SMEs are not yet marketable as their 
heterogeneous fleets are not compatible with the software solutions and sensors [3]. Although existing 
platforms can provide real-time data on capacity utilization, forecasting functionalities have not yet been 
included. Quarrying companies incur high operating and maintenance costs. At the same time the storage of 
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most quarry products is uneconomical. Therefore, it is important to forecast the development of demand to 
plan capacity utilization accordingly [17]. 

2.2 Demand forecasting in the quarrying industry 

The German quarrying industry is characterized by a high regionality of sales markets. The material value 
of quarry products is very low compared to the transport costs. Thus, transport distances of more than 50 
kilometers are usually uneconomical. The production volumes of the quarrying companies are therefore 
directly dependent on local demand [18]. Relevant external data that enables a company to forecast demand 
include information about consumers and market dynamics [19]. The construction sector is the largest 
consumer of quarry products, accounting for up to 95% of the downstream sector [1]. Seasonal effects are 
prevalent in the construction sector, with weather-related production declines of up to 70% during the winter 
months. This has a direct impact on companies in the quarrying sector, which are demand-driven and 
therefore have to adjust their production volumes accordingly [20]. 

The greatest potential of demand forecasting lies in the increase in operating efficiency and the reduction of 
production and maintenance costs [21]. Maintenance intervals of the machines can be calculated 
predictively, and personnel can be deployed in a targeted manner to ultimately reduce costs and improve 
production efficiency [14]. Realizing the highest possible capacity utilization with the given operating 
resources is essential to achieve a high economic added value [22]. Demand forecasts help with production 
planning and can thus contribute significantly to this. 

2.3 Capacity utilization in the quarrying industry 

Capacity planning is an important tool in business management, where operating resources are allocated 
according to the order situation and demand [17]. Modern quarrying assets are equipped with IoT sensors. 
They can collect a wide range of data, which is stored on the manufacturer's platform [23]. The data is then 
analyzed to gain information on capacity utilization. Important Key Performance Indicators (KPI's) for 
measuring capacity utilization comprise operating hours, fuel consumption, idle time, and production output 
[23]. 

Optimizing capacity utilization of multi-site quarry operations holds significant economic potential. Due to 
the regional dependency of the industry, it is important for companies to orchestrate production volumes 
across all sites. However, due to the low level of digitalization, the exchange of information functions only 
inadequately, and site data is not shared effectively. Further, there is hardly any data exchange with other 
operators in the industry [3]. These factors lead to over- or under-utilization of production with consequences 
for response time, capacity, budget, efficiency, strategy, staffing levels and maintenance. [24,25].  

3. Related research and innovation contribution 

Within the PROmining research project a data-centric platform concept has been developed previously [3].   
The platform aims to visualize both current capacity utilization and estimate future demands to enable 
quarrying SMEs to monitor and plan their capacity utilization in an efficient and digitized way. Capacity 
planning is based on two key functionalities offered by the platform:  

1)  A KPI-dashboard, visualizing cross-cite capacity utilization by analyzing site-specific internal data 
regarding mobile assets, working hours of personnel, utility consumption and production volume.   

2) A regional demand forecasting model based on trend extrapolation of downstream industry 
demands, which breaks down Germany-wide demand volumes into regional and site-specific 
production volumes.  
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The interplay of internal data on capacity utilization and external data feeding the demand forecasting model 
on the platform is shown schematically in Figure 1. 

 

Figure 1: The data-centric platform merges internal capacity data with external demand forecast 

The KPI-dashboard has been previously developed and integrated into the platform (see Figure 2).  

 

Figure 2: Cross-site KPI-dashboard of the platform  

It visualizes production data of quarrying sites in the region “Aachen” as well as different KPIs, e. g.  
“Throughput crusher [t/h]”, “Fuel consumption [l/h]”, “Productivity per person-hour [t/ph]” or “Capacity of 
mobile operating equipment [t/h]”. These indicators are used to calculate and visualize relevant KPIs, such 
as the production efficiency of each site, the machine utilization rate of individual production assets and 
machine availability. These can be used to identify unused capacities, such as conveying equipment that is 
not being optimally utilized.  

The second key component, the regional demand forecasting model has not been implemented yet. This 
paper presents a methodology to create a regional demand forecasting model. Combined with current 
capacity utilization KPIs on the platform, this can improve future demand-oriented capacity planning for 
SMEs in the German quarrying industry. 
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4. Methodology and Study Design 

To create a regional demand forecasting model to improve overall capacity utilization of German SMEs in 
the quarrying industry, a scenario-based analysis is conducted. This is built on a quantitative trend analysis 
(TIA) [9]. A scenario is defined as a presentation of possible situations in the future while trends are defined 
as certain developments in a specific period of time [9]. The basis of the analysis is trend monitoring, which 
requires extensive data collection. Identified trends and their predicted developments are being calculated 
with statistical methods to estimate possible future outcomes. It must be noted that a trend analysis, based 
solely on quantitative trend extrapolation might lack the reference to realistic future states described by 
qualitative factors [26]. Nonetheless, a quantitative TIA provides a practical methodology for predicting the 
most likely scenarios with quantifiable probabilities of occurrence [9]. Trend extrapolation requires mapping 
a general trend or a reference scenario [26]. Therefore, data on a series of possible future events is gathered 
via expert surveys or market analyses. The identified events are then projected onto the base trend in terms 
of their occurring probability and impact strength. Thus, individual key factors can be varied and combined 
with constant factors. This results in alternative progressions of the trends [9]. Figure 3 illustrates the 
application of a TIA based on a trend extrapolation and maps different trend developments. Up to time t0, 
historical data is considered for the construction of the extrapolation. Between t0 and the time of the scenario 
analysis, a continuation of the determined base trend (trend a) is generated. Furthermore, during this period, 
the TIA data is projected onto the base trendline, resulting in different trend developments (trend 
development b, c). 

 

Figure 3: Schematic representation of a trend impact analysis [9] 

5. Results 

5.1 Methodology for establishing a regional demand forecasting model 

In the light of the increasing uncertainty of societal and natural circumstances, future-oriented decisions and 
capacity planning are becoming more and more important [9]. As database for the demand forecasting model, 
external data of the downstream construction industry was used. The development of the regional demand 
forecasting model follows the methodology of Kosow and Gaßner and can be divided into five steps which 
are shown in Figure 4. 
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Figure 4. Methodology for establishing the forecasting model 

The downstream construction industry is the most important customer segment of the quarry industry, 
accounting for 95% of the purchase volume. The working hypothesis is, that fluctuations in demand in the 
construction sector lead directly to comparable changes in production volumes in the quarrying industry. 
Further it is assumed that construction sector sales figures act as an indicator of quarrying industry 
production volumes. Thus, it is possible to draw conclusions about the regional demand for quarry products 
based on the turnover of regional construction companies.  

The following step is the delimitation of the site-specific catchment area of a company. Due to high transport 
costs, the relevant radius of deliveries is limited to a maximum of 50 kilometers. Aachen, Germany was 
studied as an example region. 10 municipalities border the Aachen region that meet this requirement.  

After that, the turnover of the construction industry in the above-mentioned area was examined and a trend 
extrapolation was carried out. The total sales revenues of the regional construction sector were examined on 
a monthly and yearly basis and projected onto the regional quarrying industry. A regular drop in demand of 
up to 70% during the winter months is noticeable. This is due to the difficult weather conditions that the 
construction industry faces during this period [20]. In a year-on-year comparison, however, this temporary 
decline was negligible due to its regularity. The possible development trends in the construction industry 
were analyzed separately by the BBS-Study [27]. The analysis distinguishes four main areas of activity in 
the construction industry (see Table 1), which can be mapped separately for the scenarios: 

Table 1: Scenarios for the four areas in the construction industry 

Calculation of the two scenarios according to BBS (change 
compared to 2020) 

Upper variant 
2025 

Lower variant 
2025 

Construction volume in new residential construction 9.10% 5.70% 

Volume of new non-residential construction 13.90% 5.80% 

Construction volume in existing buildings 18.30% 13.00% 

Construction volume in civil engineering 15.50% 11.80% 

Mean value of the percentage change in the construction volume 14.20% 9.08% 

Economic developments in the four fields of activity mentioned above are estimated using leading indicators 
for overall economic and demographic development [27]. In line with the different underlying data, a 
distinction is made between a lower and an upper variant which is shown in Table 1. These variants are 
applied to the overall revenue of 2020 to represent an upper and lower boundary in 2025. The various 
scenarios form a funnel in which a range of possible trend developments is mapped so that companies can 
adjust their capacity planning to the probable change in demand. 

In the fourth step the predicted trend is offset by an adjustment factor which is based on a study by the 
German “Bundesverband Baustoffe – Steine und Erden e.V.”: “In order to take into account, the described 
changes in the demand for raw materials in the construction industry and the relevant economic sectors, an 
adjustment factor of -1.75 percentage points per year is applied when estimating the future demand for 
quarry products in Germany. This includes the difference in the change in the real production value or the 
production quantity (tonnage). ” [27] 
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In the following, the trend extrapolation result is shown for the region Aachen resulting from the steps 
described above. The turnover of the construction industry from 2012 to 2021 was analyzed for the ten 
different municipalities in the transport radius of Aachen. Based on the data, a trend extrapolation was carried 
out up to the year 2025, whereby the sum of the turnover of the 10 locations was extrapolated. The resulting 
value of 6,507,904.47 TEUR was reassessed with an adjustment factor of -1.75 percentage points. The 
predicted price-adjusted construction-related turnover for a quarrying company in Aachen 2025 amounted 
to 6.297.871,32 TEUR. To consider additional scenarios the upper and lower variants of the expected change 
for 2025 in the four areas of the construction industry (see Table 1) were offset against the overall 
construction turnover in 2020. The result of the upper variant is 6.394.016,15 TEUR and of the lower variant 
is 6.015.239,18 TEUR. All three scenarios are shown below in Figure 5. 

 

Figure 5: Trend extrapolation and scenarios for the development of demand in the quarrying industry 

The different scenarios form a result funnel encompassing a range of possible trend developments. These 
regional scenarios, in combination with the recording of internal capacity utilization, offer quarrying 
companies in Aachen the possibility of carrying out improved future-oriented capacity planning. 

6. Conclusion 

A methodology for developing a regional demand forecasting model was explained using the example of the 
quarrying industry in Aachen. The approach of developing a regional demand forecasting model provides a 
five-step process for SMEs in the quarrying industry. As one of the main functionalities of the presented 
data-centric platform the regional demand forecasting model can help SME improve their decision-making 
on capacity utilization.  

Studies show that the industry is subject to strong fluctuations due to regional, seasonal and conjunctural 
demand dynamics and still has some efficiency potential open due to the low level of digitalization. While 
the methodology for building a regional forecasting model can provide guidance, concrete input data is 
essential for improving the accuracy of the resulting model. With this in mind, it is necessary to understand 
what factors the four construction industry sectors studied are directly dependent on and how. In addition, it 
would be interesting to analyze how regional demand differs with respect to specific categories of quarry 
products, as price differences and production volumes can vary significantly. With additional data sources, 
more accurate multivariate forecasting methods can certainly be applied. However, since demand forecasting 
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is hardly used within this industry, even a linear regression method considering only the most important 
influencing factors, could offer great practical benefit. 

It can be assumed that this methodology can be transferred to structurally comparable industries with a low 
level of digitization as well. However, the underlying hypotheses for demand forecasting rely on the heavy 
dependency of the regional quarrying industry and construction sector. Therefore, the forecasting 
methodology needs to be validated and tested within the quarrying industry first before being adopted in 
other industry sectors. 

Acknowledgements 

The research project 21480 N is funded by the AiF within the framework of the program for the promotion 
of joint industrial research (IGF) of the Federal Ministry of Economics and Climate based on a resolution of 
the German Bundestag. Any opinions, findings, and recommendations expressed in this paper are those of 
the authors and do not necessarily reflect the views of the correspondent institutions. 

References 

[1] Basten, M., 2021. bbs-Zahlenspiegel 2021: Daten und Fakten zur Baustoff-Steine-Erden-Industrie, Berlin. 

[2] Deloitte, 2018. Tracking the trends 2018: The top 10 issues shaping mining in the year ahead. 

[3] Müller, J., Lassen, J., Hoeborn, G., Conrad, R., Stich, V., Lober, N., 2022. Improving Forecasting Capability and 
Capacity Utilization in Less Digitized Industries Through Participation in the Platform Economy, in: Camarinha-
Matos, L.M., Ortiz, A., Boucher, X., Osório, A.L. (Eds.), Collaborative Networks in Digitalization and Society 
5.0. 23rd IFIP WG 5.5 Working Conference on Virtual Enterprises, PRO-VE 2022, Lisbon, Portugal, September 
19–21, 2022, Proceedings, vol. 662, 1st ed. 2022 ed. Springer International Publishing; Imprint Springer, Cham, 
pp. 141–150. 

[4] Bratsch, F., 2018. Digitalisierung und Anlagenmanagement im Steinbruch. GICON –Großmann Ingenieur 
Consult GmbH. ForumMIRO, 29 November 2018, Berlin. 

[5] Bertayeva, K., Panaedova, G., Natocheeva, N., Kulagovskaya, T., Belyanchikova, T., 2019. Industry 4.0 in the 
mining industry: global trends and innovative development. E3S Web Conf. 135, 4026. 

[6] Clausen, E., Sörensen, A., Uth, F., Mitra, R., Lehnen, F., Schwarze, B., 2020. Assessment of the Effects of Global 
Digitalization Trends on Sustainability in Mining. 

[7] Elisabeth Clausen, Aarti Sörensen, Fabian Uth, Rudrajit Mitra, Felix Lehnen, Berit Schwarze, 2020. Assessment 
of the Effects of Global Digitalization Trends on Sustainability in Mining. 

[8] Andruleit, H., Elsner, H., Graupner, T., Homberg-Heumann, D., Huy, D., 2018. Rostoffsituationsbericht 2017. 

[9] Kosow, H., Gaßner, R., 2008. Methoden der Zukunfts- und Szenarioanalyse: Überblick, Bewertung und 
Auswahlkriterien. IZT, Berlin, 88 pp. 

[10] Piller, C., Wölfel, D.W., 2014. Production Planning for SMEs – Implementation of Production Planning with 
Subject-Oriented Business Process Management (S-BPM), in: Junqueira Barbosa, S.D., Chen, P., Cuzzocrea, A., 
Du, X., Filipe, J., Kara, O., Kotenko, I., Sivalingam, K.M., Ślęzak, D., Washio, T., Yang, X., Zehbold, C. (Eds.), 
S-BPM ONE - application studies and work in progress. 6th international conference, S-BPM ONE 2014, 
Eichstätt, Germany, April 22-23, 2014 ; proceedings, vol. 422. Springer, Cham, pp. 164–173. 

[11] BDI – Federation of German Industries, 2020. German-Digital-B2B-Platforms. HANDBOOK | 
DIGITALISATION | BEST PRACTICES (0103). 

[12] Catanzano, S., 2022. The modern data platform drives data-centric organizations. TechTarget, August 15. 

[13] Xu, X., Han, M., Nagarajan, S.M., Anandhan, P., 2020. Industrial Internet of Things for smart manufacturing 
applications using hierarchical trustful resource assignment. Computer Communications 160, 423–430. 

445



[14] Haucap, J., Kehder, C., Loebert, I., 2020. B2B-Plattformen in Nordrhein-Westfalen: Potenziale, Hemmnisse und 
Handlungsoptionen. 

[15] Röhl, K.-H., Bolwin, L., Hüttl, P., 2021. Datenwirtschaft in Deutschland. 

[16] Gull, Isabel und Lundborg, Martin, 2019. Digitale Plattformen als Chance für den Mittelstand. 

[17] Eickemeyer, S.C., Witte, T., Mische, V., Busch, J., 2013. Modell zur bedarfsgerechten Kapazitätsplanung. 
Zeitschrift für wirtschaftlichen Fabrikbetrieb 108 (9), 634–638. 

[18] Skrypzak, T., 2016. Untersuchungen zur Optimierung der Prozessabläufe und der Energieeffizienz bei der 
Gewinnung von Natursteinen in Festgesteinstagebauen. Dissertation, Aachen. 

[19] Schlüchtermann, J., Siebert, J., 2015. Industrie 4.0 und Controlling: Erste Konturen zeichnen sich ab. CON 27 
(8-9), 461–465. 

[20] Otto, J., Ditzen, M., 2019. Baugewerbe, in: , Konjunkturprogramme in der Bauindustrie. Springer Fachmedien 
Wiesbaden, Wiesbaden, pp. 29–38. 

[21] Agostino, I.R.S., Silva, W.V., Da Pereira Veiga, C., Souza, A.M., 2020. Forecasting models in the manufacturing 
processes and operations management: Systematic literature review. Journal of Forecasting 39 (7), 1043–1056. 

[22] Hackstein, R., Dienstdorf, B., 1973. Grundfragen der Kapazitätsplanung. Zeitschrift für wirtschaftlichen 
Fabrikbetrieb 68 (1), 18–25. 

[23] Suciu, M., Kowitz, S., 2019. Digitizing Raw Material Mining – End-to-End Integration into an IIoT Platform for 
the Analysis of Machine Data. Mining Report Glückauf 155 (4). 

[24] Kowitz, S.-F., 2016. Discover Patterns in Exceptions - Entdecke das Muster im Sonderfall: Bergbau 4.0 und Big 
Data: Erfahrungen eines Start-ups. GeoResources 2016 (3), 46–48. 

[25] Rauth, H., 2012. Anlagenmanagement: Reorganisation der Instandhaltung eines Steinbruchs unter 
technischwirtschaftlicher Reflexion. Fakultät für Wirtschaftswissenschaften. Hochschule Mittweida. 
https://monami.hs-
mittweida.de/frontdoor/deliver/index/docId/2301/file/DA_RAUTH_Anlagenmanagement.pdf. Accessed 7 
December 2021. 

[26] Amer, M., Daim, T.U., Jetter, A., 2013. A review of scenario planning. Futures 46, 23–40. 

[27] Bundesverband Baustoffe – Steine und Erden e.V., 2022. Die Nachfrage nach Primär- und Sekundärrohstoffen 
der Steine-und-Erden-Industrie bis 2040 in Deutschland. 

Biographies 

John von Stamm holds a master's degree in industrial engineering and materials 
science and is a project manager and doctoral candidate at the Institute of Industrial 
Management (FIR) at RWTH Aachen University. As a member of the Department of 
Business Transformation and the Digital Leadership Research Group since 2021, he 
leads research and consulting projects focusing on digital business models, corporate 
sustainability, and organizational resilience. 

 
 

446



Jonas Müller holds a master’s degree in industrial and mechanical engineering and is 
the Deputy Head of Department Business Transformation and the Head of the Digital 
Leadership Research Group at the Institute of Industrial Management (FIR) at RWTH 
Aachen University. He is a doctoral candidate and has led numerous research and 
consulting projects in the field of digitalization and corporate transformation strategies 
since he started working at the FIR in 2018. 

 
 

Gerrit Hoeborn holds two master’s degrees in industrial engineering and mechanical 
engineering and is the Head of Department Business Transformation at the Institute of 
Industrial Management (FIR) at RWTH Aachen University. Before working as the 
Head of Department he has led the Research Group Business Ecosystem Design. He is 
a doctoral candidate and has led numerous research and consulting projects in the 
context of digitalization, Ecosystems, and platform design as well as corporate 
transformation strategies since he started working at the FIR in 2019. 
 

 
Julian Lassen holds a master’s degree in mining engineering and is a doctoral 
candidate at the Institute of Mineral Resources Engineering (MRE) at RWTH Aachen 
University. As member of the Department Mining Engineering his research focuses on 
technical and economic factors along the entire value chain of a mining operation with 
the aim of a safe, efficient, and economical supply of mineral raw materials. 
 
 

 
 

 

Prof. Dr.-Ing. Volker Stich has been Managing Director of the Research Institute for 
Rationalization (FIR) at RWTH Aachen University since 1997. He has been working 
on innovative issues of business organization and IT systems, especially in the areas of 
logistics, intra- and inter-company production management, the development of 
technical services in the business-to-business sector, and issues of information 
management. In 2010, he was appointed "Extraordinary Professor" in recognition of his 
intensive commitment to both the FIR and the RWTH Aachen Campus. 

 

 

447


