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Abstract

Integrating more sustainability into business processes is becoming increasingly

important for companies. At the same time, they aim to collect and analyze large

amounts of data (big data) to improve these processes. The potentials of big data for

corporate environmental protection are hardly dealt with in the scientific literature.

The main contribution of this paper is to identify potential big data use cases for cor-

porate environmental management by using the example of the German automotive

industry. For this purpose, expert interviews were conducted with corporate environ-

mentalmanagerswhichwereevaluatedbyusing aqualitative content analysis. In order

to balance this environmental perspective and enhance it with data analytical exper-

tise, these use cases were assessed by data analytics experts through a mixed method

approach, in a subsequent process. Thepresentationof the identified fiveuse cases and

their critical reflection through data analytics experts are the key results of this paper.
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1 INTRODUCTION

In many industrialized countries, the industrial sector is currently undergoing a period of digital transformation. However, the implications of this

digital transformationwith regard to sustainability remain unclear (Fritzsche,Niehoff, &Beier, 2018), while also leading to a continuous rise of avail-

able data on industrial production processes (Khan, Wu, Xu, & Dou, 2017). Current possibilities to collect and analyze large amounts of data (big

data) offer companies opportunities to improve their business processes. “Big data is high-volume, high-velocity and/or high-variety information

assets that demand cost-effective, innovative forms of information processing that enable enhanced insight, decisionmaking, and process automa-

tion” (Gartner, 2018). Big data analytics is usually differentiated into three types that build on one another: descriptive, predictive, and prescriptive

analytics (Delen, 2015).

At the same time, the integration of sustainability aspects into business processes is becoming increasingly important for companies (Levina,

2015). Currently, the main motivation for using big data in industry is to generate economic and technical improvements, while promoting sustain-

able development often plays a subordinate role (Zhang, Ren, Liu, & Si, 2017). When it comes to achieving the Sustainable Development Goals—

particularly SDG 9 (Industry, Innovation and Infrastructure) and SDG 12 (Responsible Consumption and Production)—in Germany industry is seen
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as playing an important ecological, social, and economic role (Niehoff & Beier, 2018). In Germany, industry accounts for 25.7% of gross domes-

tic product (Federal Statistical Office, 2017a) and 7% of total emissions (German Environment Agency, 2018) whilst employing around 7.3 million

people (Federal Statistical Office, 2017b).

From an environmental point of view, it is essential that the use of non-renewable resources is reduced to a minimum and that they are handled

in a particularly responsible manner. At the same time, the sustainable access to natural resources is a crucial factor for economic development.

Therefore, the efficient use in terms of corporate resource management is of particular importance, both for companies and for environmental

protection (Merino-Saum, Baldi, Gunderson, & Oberle, 2018). The economical use of resources is a central issue in which the operational interests

often overlap with corporate environmental management.

Corporate environmentalmanagement has become increasingly important for companies aiming to contribute to sustainable development from

anenvironmental perspective (Engelfried, 2011). Through corporate environmentalmanagement, all procedures and responsibilities are tobeorga-

nized in such a way that corporate and societal demands for environmentally sound action are ensured, environmental opportunities and risks are

recognized early, and legal requirements aremet (German Environment Agency, 2017).

Theautomotive industryhas aparticularly salient rolewithin the industrial sector inGermany in termsof employment, value creation, and invest-

ments in research and development (Legler et al., 2009), making it one of the most relevant industries for the transformation toward sustainable

development as defined in the Brundtland Report (WCED, 1987). Holden, Linnerud, and Banister (2014) derived four dimensions of sustainable

development from the Brundtland Report: safeguarding long-term ecological sustainability, satisfying basic human needs, promoting intragenera-

tional and intergenerational equity. The analysis in this paper focuses exclusively on the dimension of long-term ecological sustainability.

The aim of this work is to identify potential big data use cases for corporate environmental management using the example of the German auto-

motive industry, as it is a very relevant factor for all three dimensions of sustainability and due to its high spending on research and development

supposedly also a progressive industry with regard to modern technologies such as big data analytics. The study covers original equipment man-

ufacturers (OEM), as well as supplying companies. With regard to the ecological perspective of sustainable development, it seeks to demonstrate

ways in which industrial companies can strengthen corporate environmental protection through the use of big data.

The paper continues with a section on the theoretical background and a state of the art analysis. Afterward the study and its findings are pre-

sented in the form of use cases. Subsequently, the paper discusses the results including the critical assessment of the developed use cases through

data analytics experts and provides conclusions and an outlook on future research.

2 THEORETICAL BACKGROUND AND STATE OF THE ART

Corporate environmental management is to be understood as a cross-sectional andmanagerial function that is integrated at an operational, strate-

gic, and normative level (Kramer, Brauweiler, & Helling, 2003). It is characterized by four features: multi-dimensional targeting, cross-functional

character, cross-company character, and proactive behavior (Meffert & Kirchgeorg, 1998). The aim of an environmental management system is

to continuously improve the environmental performance of a company as part of a continuous improvement process (Förtsch & Meinholz, 2014).

The Plan–Do–Check–Act (PDCA) cycle is an iterative, four-step process with which this improvement process is implemented (DIN EN ISO 14001,

2015).

However, there is no uniform concept of how the tasks of corporate environmental management can be classified in the various phases of the

PDCA cycle. The classification rather depends on the organization with specific tasks sometimes falling into multiple categories, so that in practice

tasks cannot always be strictly assigned to one phase. Table 1 offers an orientation with regard to this classification.

The tasks of an environmentalmanagement systemare implemented by the normative specifications of the ISO14001 and the EcoManagement

andAudit Scheme (EMAS) regulation (Kramer et al., 2003). Both environmentalmanagement systems are based on the structure of the PDCAcycle.

They are among themost common environmental management systems (Engelfried, 2011).

A systematic analysis of the state of the art, through a literature search in the scientific databases Scopus, Google Scholar, and ScienceDirect, has

revealed a number of studies have investigated the potentials of big data analytics in a corporate context also touching upon environmental issues

(search string: “big data”ANDenvironment*). In the following paragraphs the findings from themost relevant studies published in highly recognized

journals enhanced by few other reports that are very closely related to the topic at hand are summarized.

In general few studies have assessed the impact big data has on environmental performance, the majority of which propose theoretical

approaches (Belhadi, Kamble, Zkik, Cherrafi, & Touriki, 2020). However, recent literature provides some indication for a positive relationship

between big data and corporate environmental protection. For instance,Wu et al. (2017) suggest to use a big data approach based on social media,

quantitative and qualitative data to manage a multitude of environmental supply chain risks and uncertainties. Similarly, Queiroz (2018) presents

two environmental frameworks based on a social media and other big data analytics approaches to enhance environmental management and sus-

tainability performance. Seles et al. (2018) identify and analyze challenges and opportunities the climate crisis presents for organizations and how

organizations should respond to this scenario, while also examining the implications of big data management. Belhadi et al. (2020) investigate the

effects of Big Data Analytics, Lean Six Sigma, and Green Manufacturing on the environmental performance of manufacturing companies through



BEIER ET AL. 3

TABLE 1 Responsibilities of an environmental management system per Plan–Do–Check–Act process phases (based on Brauweiler, 2002)

Plan •Determination of environmental policy

•Determination of environmental aspects

• Setting of environmental goals

•Development of the environmental program

Do • Implementation of environmental program

•Documentation

•Communication

•Definition of the organizational structure

Check • Internal audits
•Regular measurements

• Target–performance comparisons

Act •Determination of improvementmeasures

• Trainings

a questionnaire-based case study in North Africa. They find a positive and direct impact of big data capabilities on GreenManufacturing practices,

and environmental performance, arguing that big data allows for a "complete and immediate solution to analyze massive environmental data that

is generated at different nodes in the organization" thereby reducing the complexity that is usually associated with environmental data (Belhadi

et al., 2020). Song and Wang (2016) use a big data analysis in their study and find that participation of Chinese enterprises’ in global value chains

can considerably improve their green technology levels. Kumar, Singh, and Lamba (2018) propose a method to solve sustainable robust stochastic

cellular facility layout problembased onbig data.With the help of 100 experts they identify 14 criteria for that purpose,which are grouped into four

clusters: Material Handling Distance, Maintenance, Adjacency, and Hazard. In addition, a pool of potential layouts is created and a consensus rank-

ing is generated (Kumar et al., 2018). Raut et al. (2019) analyze responses of 316 Indian professional experts from manufacturing firms to identify

multiple factors influencing big data analytics and sustainability practices. Their findings suggest that management and leadership style as well as

state- and central-government policy are the twomost important predictors of big data analytics and sustainability practices (Raut et al., 2019). Cor-

porate sustainable capabilities resulting from the integration of big data technologies, green supply chain management, and green human resource

management practices are investigated by Singh andEl-Kassar (2019), who find that corporate commitment influences big data assimilation leading

to an overall improvement in the sustainable performance of the company.

With regard to improving resource efficiency in industrial production, a case study by Zhang, Ren, Liu, and Si (2017) indicates that energy con-

sumption ofmanufacturing andmaintenance processes can be reduced throughbig data approaches. Twoof the authors subsequently develop a big

data driven analytical framework for energy-intensivemanufacturing industries that aims at reducing the energy consumption and emission Zhang,

Ma, Yang, Lv, and Liu (2018). On a similar topic Mani, Delgado, Hazen, and Patel (2017) explore the application of big data analytics in mitigating

supply chain social risk and demonstrate how this can contribute to environmental, economic, and social sustainability. This is in line with the find-

ings of Dubey et al. (2019), who state that big data and predictive analytics significantly impact on social and environmental performance in supply

chains, analyzing 205 manufacturing companies in India. On a more general level, a digital "planetary nervous system" on the basis of a concept

called “Predictive Sustainability Control” and operationalized in a big data driven environment is proposed by Seele (2017) in order to predictively

identify likely unsustainable events in industrial organizations.

Regarding the direct relation of big data and corporate environmental management, Keeso (2014) examines the connection between the two

in a cross-sectoral study using different organizations (non-governmental organizations, governments, and companies). The study shows how

big data is perceived in the context of environmental sustainability and how difficult it is to implement it. Keeso concludes that although the

link with sustainability activities is only slowly progressing, big data is an integral part of environmental sustainability, for instance, through

improved environmental performance measurement. Hampton et al. (2013) examine the question of how and why big data should be brought

more into the focus of science and practice in order to solve global ecological and social problems. Song, Fisher, Wang, and Cui (2016) deal with

the connection of big data and environmental management in an entrepreneurial context. They look at the potential of big data in environmen-

tal performance measurement. In addition, they summarize the latest advances in environmental management based on big data technologies.

De Camargo Fiorini, Jabbour, Lopes de Sousa Jabbour, Stefanelli, and Fernando (2019) follow a similar approach of identifying potential contri-

butions of information systems in general and big data approaches in specific for the evolutionary process of corporate environmental manage-

ment with their two case studies of Brazilian companies. Cooper, Noon, Jones, Kahn, and Arbuckle (2013) examine the potentials and challenges

of big data for life cycle analysis, for example, in terms of collecting heterogeneous data from different databases. Etzion and Aragon-Correa

(2016) show overlaps between big data and sustainability management and how operational and strategic corporate activities are affected in this

process.

Additionally, there are numerous publications dealing with big data use cases in a corporate context, which focus on improving the efficiency

of different value creation processes but do not explicitly address environmental issues. However, so far big data projects have mainly been
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TABLE 2 Overview of (anonymized) interviewees

Company Position of interviewee

Environmental management system

of the respective company

1 Supplier Head of Sustainability ISO 14001

2 Supplier TeamManager Environmental Protection ISO 14001

3 Supplier Manager Environment, Health and Safety ISO 14001

4 Supplier Head of Environment, Health, Safety and

FacilityManagement

ISO 14001

5 Supplier SeniorManager Environmental Protection ISO 14001

6 OEM Cross-departmental lead of energy

efficiency projects

ISO 14001, EMAS

implemented hesitantly by companies. Although several studies have examined their general potential and analyzed effects of implemented use

cases, there has been no in-depth discussion in the context of corporate environmental management. The possibilities of big data are already being

used in other areas to address various socio-ecological problems and to promote sustainable development (Hsu, 2014; Wagner & Hamann, 2015).

In order to identify whether these potentials also exist in the context of corporate environmental protection, this study aims to identify potential

applications for corporate environmental management using the example of the German automotive industry.

The following central question will be answered in this paper:

Q (c): Research question:What are potential big data use cases for corporate environmental management in the automotive industry?

To answer the central research question, the following sub-questions will be examined:

Q (1):Which phases of corporate environmental management can be supported by big data?

Q (2):Which specific objectives can be derived for the phases of the PDCA cycle?

Q (3):Which categories of big data analytics may be applied to achieve the objectives examined in Q (2)?

Q (4):What data should be used to achieve the objectives examined in Q (2)?

3 METHODS

Due to the relatively unexplored field of investigation, this work has an exploratory character and uses guideline-based expert interviews (see

Table 2 for an overview of interviewees) as a recognized method of qualitative social research. The study is a partial sample survey, in which the

objects of investigation in the first stage of the study have been selected based on a predefined set of criteria. The following criteria have been

applied for the selection of experts:

∙ Environmental management officer or other responsibility in the context of corporate environmental management, and

∙ Working for a company in the automotive industry (this includes automobile OEM and automotive suppliers), and

∙ The respective company is a large company (according to EURecommendation 2003/361/EC 33), and

∙ The intervieweeworks for a company site in Germany.

The interviewguideline is divided into three sections. The first sectionbeginswith abrief thematic introduction to the topic. In themiddle section,

the questions addressing the formulated research questions are asked. This section is divided into the following topics:

∙ big data (understanding of terminology, existence of big data strategy, departments using big data analytics),

∙ corporate environmental management (certified environmental management system, corporate environmental information systems used, what

data is analyzed in the department, strategic goals for environmental management and data analysis),

∙ potential big data use cases (general knowledge about use cases from other areas, how andwith which data can big data analyses support which

processes/phases of corporate environmental management).
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The third section provides the opportunity for interviewees to add other important aspects that have not yet been addressed. The complete

interview guideline is attached in Supporting Information S2. Before the beginning of the interview, each interviewee was informed about the pur-

pose of the study, the protection of personal data, assured of their anonymity and asked for permission to record the interview. All expert interviews

were recorded electronically and completely transcribed afterward. The analysis of the collected data was carried out bymeans of qualitative con-

tent analysis following the approach of Mayring (2010) on the basis of the transcribed interviews. Specifically, the analysis technique of content

structuring was applied: After the text was edited using a category system, the material extracted in the form of paraphrases is first grouped by

sub-category and then subsequently by main category (Mayring, 2010). As main categories, the central topics were derived from sub-questions Q

(1)—Q (4). Prior to the application of the category system, a coding guideline was created which defines the categories and their characteristics, as

well as examples and coding rules for every single category. The complete coding guideline and the final category system are shown in Supporting

Information S1.

In a subsequent process, the use cases were evaluated by five data analytics experts in order to balance the environmental perspective and

enhance it with data analytical expertise. All experts in this stage of the study are working for companies offering data analytics services and soft-

ware solutions and had previous experience in projects, where data analytics use cases were implemented at industrial companies in different

industries. The interviewees (Int. 7–11) were asked for open feedback regarding the elaborated use cases, which were successively discussed, and

their assessment of every use case regarding the following set of criteria.

∙ Availability of data: Can the required data easily be accessedwhen andwhere needed?

∙ Heterogeneity of data:What is the level of heterogeneity of the data used?

∙ Data protection efforts: How do you rate the efforts necessary to ensure compliance with data protection rules for this use case?

∙ Feasibility: How do you rate the feasibility/simplicity to implement this (potential) use case?

∙ Benefit : How do you see the potential benefit for big data analysis that goes beyondmere data aggregation?

The complete interview guideline and the final category system are shown in Supporting Information S3.

4 RESULTS

The data evaluation showed that one of the surveyed companies already implements a specific big data project for corporate environmental man-

agement. In addition to this use case, four further potential use cases were identified, which are described in the following sub-sections.

4.1 Use case 1: Improved creation of life cycle assessments

The optimized calculation of life cycle assessments (LCAs) was mentioned as a potential use case, although none of the companies surveyed has

implemented or planned a big data project in this regard (Int. 4). In particular, respondents were interested in the optimization of product LCAs,

which consider the entire product lifecycle, from raw material extraction to disposal/recycling (external data). The compilation of LCAs must take

place across departments, especially in cooperation with product development (Int. 4). The aim is to create a more accurate assessment of the

environmental impact of products, especially forCO2 emissions (substanceandenergy flowdata) (Int. 4) in order to substitute substanceswithmore

environmentally friendlymaterials and processes (production and process data) (Int. 4). Additionally, the productmaterials should be automatically

synchronized with different databases to immediately see whether they are subject to restrictions in certain markets or destination countries, or

may be subject to future regulation (Int. 4), in order to be able to react early to legal issues (organizational data) (Int. 4).

4.2 Use case 2: Measuring energy consumption and increasing energy efficiency

Frequently mentioned goals of the interviewees included a more exact measurement of energy consumption and the increase of energy efficiency

(Int. 2, 5, 6). The analysis of energy data is one of the most important tasks of data analysis in corporate environmental management (Int. 1, 2, 3, 5).

The survey revealed that big data could yield great potential for optimization especially in the field of energy (Int.4, 6). Only one of the companies

surveyed is currently implementing a big data project to increase energy efficiency. The strategic goal of this project is to reduce energy consump-

tion per unit produced. In the first step, the summary of all energy-relevant data takes place on a common database, the so-called data lake (Int. 6).

This data lake is integrated into a superior system,managedby the central IT. The local systemsaremanagedby thepower supply units of the sites

(Int.6). The purpose of the data lake is to eliminate the data exchange via different individual systems and interfaces and to create a “single source of

truth” (Int. 6). As a result, the data sources can be determined directly and the inevitable occurrence of errors by grouping data several times can be
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reduced (Int. 6). In addition, since the big data project is implemented throughout the group, other business-relevant data that is normally difficult to

obtain (e.g., specific process data) can be easily accessed through the shared database (Int. 6). The energy-relevant data in this case include energy

consumption (related to the smallest unit in the production process, e.g., a robot cell), structure and process data (e.g., outputs per process unit,

operating times of the plants), as well as external data (e.g., weather data, data from energy exchanges) (Int. 6).

With the help of the data lake, a central, multi-site energymanagement system can be implemented (Int. 6). As soon as the data lake is activated,

thenext step is tousebig data analytics to identify potential savings, both for theenergy side and for costs (Int. 6).On theonehand, energy consump-

tion at defined measuring points can be observed and evaluated in real time (descriptive analytics, determination of environmental aspects/plan,

regular measurements/check). In relation to the predictive planning aspect of power plant deployment planning (implementation of the environ-

mental program/do), predictive and prescriptive analytics can be used to consume optimal amounts of energy at an optimal time (implementation

of the environmental program/do; derivation of improvement measures/act) (Int. 6).

4.3 Use case 3: Measurement and reduction of emissions

Another potential use case relates to the reduction of emissions using big data (Int. 4, 6). The measurement of emissions associated with business

activities is a key component of corporate environmental management. In addition, it was pointed out that CO2 reduction per product is achieved

through optimized LCA and the resulting improved measures for product materials. This would also reduce the overall carbon footprint of the

company (Int. 4).

4.4 Use case 4: Measurement and reduction of water consumption

The reduction ofwater consumption is a frequentlymentioned goal of the respondents (Int. 2, 4, 5). The analysis ofwater data, such as the collection

of wastewater consumption is an integral part of data analysis in the surveyed companies (Int. 1, 2, 4, 5, 6). The aim is the optimal tracking of water

consumption in connection with a cause/effect analysis of the implemented measures, as well as suitable reporting tools (descriptive analytics,

determination of environmental aspects/plan, regular measurements/check, derivation of improvement measures/act) (Int. 3). By tracking water

consumption, thepossibility of forecasting expected consumptionwasalsomentionedas apotential application (predictive analytics; determination

of environmental aspects/plan) (Int. 4).

4.5 Use case 5: Optimization of waste management

A further potential use case is the optimization ofwastemanagement (Int. 3, 5, 6). The reduction ofwaste generationwas defined as a strategic goal

(Int. 2).Waste data are among themost frequently analyzed data in operational environmental management (Int. 1, 2, 4, 5).

Companies should be able to track waste quantities more precisely. The aim is the tracking of waste volumes and waste movements, as well

as the preparation of waste reports (descriptive analytics, determination of environmental aspects/plan, regular measurements/check) (Int. 3). In

addition, the disposal should be better controlled by forecasting futurewaste volumes (derivation of environmental goals/plan, predictive analytics,

implementation of the environmental program/do) (Int. 5).

5 DISCUSSION

5.1 Improved creation of life cycle assessments

LCA at the product level enables an evaluation of the advantages and disadvantages of certain products and processeswith regard to their environ-

mental effects. An optimized life cycle performance offers a competitive advantage that is important from a sustainability perspective, especially

for manufacturing companies (Zhang et al., 2017). The basic principles for carrying out LCA are defined in the ISO standards DIN EN ISO 14040

andDIN EN ISO 14044. The creation of a LCA is neither explicitly required by ISO 14001 nor by the EMAS regulation. But ISO 14001 does request

“that the organization shall determine the environmental aspects of its activities [. . . ] and their associated environmental impacts, considering a life

cycle perspective” (DIN EN ISO 14001, 2015).

The limited availability of environmental data across the entire life cycle is a significant problem for the creation of LCAs (Zhang et al., 2017).

For this reason, average data is often used (Xu, Cai, & Liang, 2015). Implementing effective big data analysis seems to be one promising step within

the complex process of collecting a multitude of up to date data from products and production processes along the value chain. Thus, big data can
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TABLE 3 Use case 1

Phases Plan, Check, Act

Goals Improved life cycle assessments

Analytics Descriptive, predictive, prescriptive

Data Organizational data, substance data andmaterial master data, substance and energy flow data,

production and process data, external data

be one important factor in improving data aggregation and analysis for LCA, which in turn contributes to a more environmentally friendly resource

management (Cooper et al., 2013). However, the possibilities of big data for the creation of LCA are hardly used, yet (Li, Tao, Cheng, & Zhao, 2015).

Such potentials have been identified in all phases of a product life cycle, which generally consists of three phases (Li et al., 2015):

∙ Beginning of Life (BOL): includes design, sourcing, andmanufacturing of a product

∙ Middle of Life (MOL): includes the use, service, andmaintenance of a product

∙ End of Life (EOL): includes disposal, recycling and reuse

In the BOL phase, a considerable amount of data is collected today already. However, data in the MOL and EOL phases are difficult to collect,

as companies in these phases no longer have influence on the use of their products. One starting point is the integration of Product Embedded

Information Devices (such as radio frequency identification and sensors) in products, to enable real-time detection of certain parameters during

each phase of the life cycle (Zhang et al., 2017).

The analysis of data using descriptive analytics may help to better capture the environmental aspects of products along their entire life cycle

(determination of environmental aspects/plan). Predictive analytics can help to predict the expected environmental impact of a certain user behav-

ior, whilst also assessing the effects of substituting product ingredients (derivation of environmental goals/plan). Prescriptive analytics can support

decision-making processes by determining the optimal solution within the scope of all available options. As a result, environmental goals and the

resulting environmental program can be planned more precisely (plan). New data collection capabilities can support the adding of potential user

behavior data (e.g., social media data) and thus add another dimension to LCA that has been difficult to analyze so far (Xu et al., 2015). The improved

collection of data, including data from outside the company, can help to support measurements of the environmental impact of a product in very

short time frames (descriptive analytics; regular measurements/check). This data basis can be used as a starting point for an improved assessment

of corrective actions (predictive and prescriptive analytics; derivation of improvementmeasures/act). Table 3 summarizes the key characteristics of

use case 1.

The interviewed data analytics experts see a very high benefit for the application of big data approaches in the context of LCA and they agree

with the high degree of heterogeneity stated in the literature, but they are in averagemore positive regarding the availability of data for an LCA (see

Figure 1).

Int. 7 also pointed out that the combination of big data and artificial intelligence could be especially helpful in the context of this use case. In

contrast Int. 10 does not regard big data in its current form as a suitable approach for LCA, preferring other digital approaches such as digital twins,

Internet of Things, and Smart Factories, which are prominently used in the debate around Industry 4.0 (Beier, Ullrich, Niehoff, Reißig, & Habich,

2020), as these supposedly delivermore accurate and specific data. Int. 11 emphasized that the conceptualization and implementation of use case 1

would be very challenging as it requires significant efforts for organizational coordination due to the involvement of multiple departments and the

current lack of information regarding suppliers further down the value chain. Two specific fields of application were stated as promising: condition

assessment of used batteries and the respective forward planning of their usage in the context of e-mobility even though the economic benefit was

doubtful (Int. 8) and determiningmarket and product specific regulatory documents and create respective forecasts (Int. 7).

5.2 Energy efficiency

The accurate determination of the initial state of energy is a prerequisite for increasing energy efficiency. Since there are often only a fewmeasuring

points in many companies, a detailed assessment of the main energy consumption points is difficult. Therefore, it is necessary to build a dense

network of measuring points in order to obtain a solid database for developing optimization potentials (Förtsch &Meinholz, 2014).

Currently, energy-relevant systems are often considered independently meaning that separated optimization measures are carried out. The

introduction of an intelligent energy data management system which holistically considers all energy-relevant systems and processes, allows for

optimization potentials to be bundledwhich, in turn, may lead to higher energy efficiency. However, this requires the connection and networking of

these systems through a joint network. Collecting these sensor data and load profiles, as well as integrating enterprise-external data (e.g., weather



8 BEIER ET AL.

Criterion Scale p. Exp. avg. p. Exp. avg. p. Exp. avg. p. Exp. avg. p. Exp. avg.
1 1 - - -
3 2 2 - -
3 2 4 2 2
- 2 - - 4
5 1 5 - -
2 2 - - -
1 2 1 2 2
1 5 3 5 2
- 3 - - 2
1 4 1 - -
5 - - - -
2 3 2 2 4
5 5 5 5 5
- 2 - - 3
4 3 2 - -
2 2 - - -
2 4 4 3 2
4 2 5 2 1
- 2 - - 3
2 4 2 - -
1 1 1 1 1
1 1 2 1 3
2 2 2 2 1
- 2 - - 2
1 1 4 - -

Availability
1-very high
.. 5 very low

Heterogeneity
1-very heterogeneous 

data
.. 5 very homogeneous

1.3

Protec�on

Feasibility
1-very easy 

(to implement)
.. 5 very difficult

1-very high 
efforts necessary

.. 5 very low efforts

Benefit
1-very high
.. 5 very low

WasteWaterEmissionsEnergy

3.0 1.6 3.7 2.0 3.0

LCA

2.03.51.73.2

0.40.4

2.5

1.3

3.3

2.8

1.4

2.0

1.8

3.0

3.7

2.3

3.5

2.5

1.3

F IGURE 1 Multi-criteria assessment of use cases by data analysis experts—per expert (p.Exp.) and on average (avg.)

TABLE 4 Use case 2

Phases Plan, Do, Check, Act

Goals Measurement of energy consumption; increase in energy efficiency

Analytics Descriptive, predictive, prescriptive

Data Substance and energy flow data, organizational data, production and process data, external data

data, electricity price data), and applying big data analytics on themmight allow formonitoring and anticipatorily controlling these systems (Shrouf,

Ordieres, &Miragliotta, 2014;Wang, Zhang, Shi, Duan, & Liu, 2018).

In addition to the environmental benefits of a more energy-efficient production, energy costs are also becoming an increasingly decisive com-

petitive factor for businesses. Energy costs in production can be reduced by for instance limiting power peaks (Tschandl, 2012). Table 4 summarizes

the key characteristics of use case 2.

Use case 2 was the only use case where all interviewed data analytics experts could provide insights. They see a very high benefit through the

application of big data approaches for increasing corporate energy efficiency, where data is largely available and not too heterogeneous. Int. 4

considered it a typical use case implemented in many projects, where big data can help to identify patterns and therefore improvement potentials.

One challenge was raised by Int. 11, who cautions if energy consumption data can be related to specific products, this data must be protected in a

complex manner. Otherwise it could be critical for keeping business secrets. Int. 9 considers the implementation of the energy efficiency use case

also relevant in the context of predictive maintenance, when energy consumption that varies from usual patterns can be used as an indicator for

failure prognosis. Int. 7 emphasized that the currently common frequency of collection for energy data (every 15min) could be too coarse for closely

coupling renewable energy systems and markets with the automotive industry in the future. Demand Response Management as one such synergy



BEIER ET AL. 9

TABLE 5 Use case 3

Phases Plan, Do, Check

Goals Measurement and reduction of emissions

Analytics Descriptive, predictive

Data Substance and energy flow data, production and process data

was also named as one potential benefit by Int. 8, despite claiming that the reality in today’s companies was much less visionary: many energy

efficiency projects rather substitute conventional illuminants with LED.

5.3 Emissions

The provision of primary energy and its conversion cause emissions that can be reduced by increasing energy efficiency which can be supported

through big data approaches. Likewise, CO2 reduction per product can be achieved through an optimized LCA and the resulting improvementmea-

sures with regard to product ingredients. This would also reduce the company’s overall carbon footprint (Int. 4).

The main tasks for companies in the context of emissions are the monitoring and (if required) control of corporate facilities with regard to their

emissions. These data are for instance structured as a series of measurements on pollutant emissions (Tschandl, 2012). Significant industrial emis-

sions include carbon dioxide (CO2), nitrous oxide (N2O), and halogenated hydrocarbons (SF6) (German Environment Agency, 2016).

Most companies calculate their greenhouse gas emissions and carbon footprint by assessing their energy consumption and other resource con-

sumption metrics. Using a network of sensors is a more reliable method of measuring and monitoring emissions (Tang, Yang, & Zhang, 2014). By

installing sensors to measure emissions, identifying emission sources by emission type can be supported whilst the effectiveness of reduction

measures can be more effectively evaluated (descriptive analytics; determination of environmental aspects/plan; regular measurements/check).

The data-based evaluation of such relations can be regarded a first step toward forecasting emission levels based on different production and

process parameters, thereby minimizing the risk of threshold violations (predictive analytics; implementation of the environmental program/do).

Table 5 summarizes the key characteristics of use case 3.

Use case 3was evaluatedmost critically by the interviewed data analytics experts. According to them the least benefit can be expected, relevant

data is hardly available (while higher efforts could be necessary to protect them) and potential solutions will be more difficult to implement com-

pared to all other use cases. According to Int. 9 it will be also very challenging to achieve precise data recording along the entire supply chain and

the benefit to be expected, which will be relevant mainly in the business to consumer sector, largely depends on the actual CO2 performance of the

respective company. Int. 9 also claims that easy to use, off-the-shelf solutions for the detection and calculation of emissions,which are a prerequisite

for companies applying themon a grand scale, are currently still missing. Partially due to these reasons Int. 10 claims, that other digital technologies

could bemore beneficial than big data for this use case.

5.4 Water consumption

Water is very important in many production processes, for instance, as a cleaning, cooling, transport, or storage medium, leaving the company as

wastewater inmaterial and/or thermal form.Watermanagement consists of themanagementof input streams (water use andprovision) andoutput

streams (waste water andwaste water treatment) (Engelfried, 2011).

Improving production processes can help to reduce water consumption (Engelfried, 2011). To determine the optimization potential, a com-

prehensive data basis is required. Data collection through sensor-based water meters enables accurate real-time water consumption recording

(descriptive analytics; regular measurements/check). Continuous data collection is a prerequisite for saving operating costs for manual readings

and can facilitate the collaboration with the relevant authorities.

In addition, consumption losses and leakages can bemore easily determined by the complete data transparency of the supply network (descrip-

tive analytics; derivation of improvement measures/act). Analyzing data from pressure and flow sensors in water pipes can be used as input for

water consumption forecasts. In combination with effective modeling, certain machines could be operated more resource efficiently (predictive

analytics; implementation of the environmental program/do). Table 6 summarizes the key characteristics of use case 4.

The least amount of insights by the interviewed data analytics experts could be provided for use case 4. However, the information that was

provided suggests that data related to water was the most homogeneous, relatively well available, and the application of big data approaches on

these data could be very beneficial. Similarly to the energy use case, pattern recognition andmonitoring techniques could also beused for predictive

maintenance: “Constant monitoring of water usemakes visible if there is a problem earlier, where in the past a leakage was discovered after weeks

or months” (Int. 10).
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TABLE 6 Use case 4

Phases Plan, Do, Check, Act

Goals Measurement and reduction of water consumption

Analytics Descriptive, predictive

Data Substance and energy flow data, production and process data

TABLE 7 Use case 5

Phases Plan, Do, Check

Goals Optimization of wastemanagement

Analytics Descriptive, predictive

Data Substance and energy flow data, production and process data

5.5 Waste management

Nowadays, conservation of resources and recycling of usedmaterials are at the center of wastemanagement. Therefore, holistic product responsi-

bility of companies is required throughout the entire life cycle. The integration of an environmentally friendly product design with low-waste pro-

cess orientation is essential in this regard (Förtsch &Meinholz, 2014). Specific goals in the context of waste management may include an increase

in material efficiency, demand-driven production, and optimized separation of waste fractions for further mono-material treatment (Engelfried,

2011).

Big data can be ameans to detect trends andmake predictions on the basis of analyzing current and historical data.Waste data can also be used

to derive conclusions about the performance of production processes (descriptive analytics; regular measurements/check).

As an example, sensor-based monitoring systems in waste containers could help to determine fill levels and temperatures automatically and in

real time. Through the collection and analysis of this data—in combinationwith data on emptying intervals, aswell as production and process data—

forecasts could be made about the expected amount of waste, allowing for a more efficient management of disposal measures. Therefore, not

only environmental (reduction of waste) but also economic benefits (lower disposal costs) could be obtained through big data (predictive analytics;

implementation of the environmental program/do). Table 7 summarizes the key characteristics of use case 5.

Use case 5 was considered as the easiest to implement by the interviewed data analytics experts, but data availability is mediocre and data

formats are rather heterogeneous. Int. 10 sees “application potential for big data and machine learning in discovering patterns that can lead to

reduced wastage in production systems,” where the prediction of waste streams is less important compared to its overall reduction. For Int. 9 use

case 5 is “most often requested by producing companies” and therefore the “most important use case of all,” especially when analyzing thewastage

for every process step inmanufacturing.

5.6 Limitations of corporate environmental management

The interviews also revealed a number of limitations of the potential use of big data in corporate environmentalmanagement thatwill be presented

and discussed in this section.

5.6.1 Requirements for data analysis in the context of corporate environmental management

Collecting andanalyzing large amountsof data is not relevant for the tasks andprocesses that arepart of corporate environmentalmanagement as it

is currently defined. For this reason, according to Int. 1 abig datause casewould generally not be compatiblewith standard corporate environmental

management. The permanent collection of data in real time, such as the quality ofwater, is neither required from the regulatory side as only singular

samples need to be taken, nor does the need for such monitoring exist internally (Int. 1). Likewise, the collection and analysis of company external

data would not be suitable for corporate environmental management due to a lack of demand (Int. 1).

In general, the intersection of big data and corporate environmental management, as defined by ISO 14001 and EMAS, does not currently exist.

The operational procedures and responsibilities of environmentalmanagement officers have no overlapwith data analysis in the context of big data

(Int. 1). To create overlap between both areas, the scope of the term “environmental management” would need to be expanded and the focus of the
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study on the operational aspect would need to be broadened. However, as the environmental experts as well as the data analytics experts see great

potential especially in use cases 1, 2, and 5, such an expansion could prove to be beneficial.

5.6.2 Scope of corporate environmental management

Big data is mainly an important aspect in the development of new business models or in product development, to which corporate environmental

managementmight possibly have a connection. However, this would no longer be part of the actual scope of corporate environmental management

since the products are used outside the company (Int. 1). The analysis of the data confirms this assessment since some of the mentioned potential

big data use cases go beyond the actual scope of corporate environmental management. LCAs as an example are not a genuine task of corporate

environmental management although ISO 14001 and EMAS require product life-cycle-specific analyses. This task can only be performed together

with other departments and external partners.

5.6.3 Overlap with other management systems (e.g., DIN EN ISO 50001, 2018)

This distinction is particularly evident in theenvironmental aspect of “energy.”Here, theonly concrete implementationproject for abigdatause case

was identified. Frequently mentioned goals for corporate environmental management included amore exact measurement of energy consumption

and the increase in energy efficiency (Int. 2, 5, 6). The analysis of energy datawas among themost important data analysis tasks for the interviewees

(Int. 1, 2, 3, 5, 7, 8, 11). Both EMAS and ISO 14001 demand the determination of the direct environmental aspect of energy use and the reduction of

its associated environmental impact (DIN EN ISO 14001, 2015).

However, the recording of energy flows and the determination and increase of energy efficiency are specifically defined by the energy manage-

ment standard 50001 (DIN EN ISO 50001, 2018). Overlaps with corporate environmental management arise because the interviewed people are

often responsible for both environmental and energy management. In addition, the high-level structure for the ISO standards has created a stan-

dardization of structures and requirements that simplifies the integration of the two systems (Int. 3). For this reason, use cases 1 and 2 are not

singularly assigned to the task areas of corporate environmental management. Use cases 3–5 can be assigned to the overarching topic “Determina-

tion and evaluation of environmental aspects” (DIN EN ISO 14001, 2015).

6 CONCLUSION AND OUTLOOK

Within this paper potential big data use cases for corporate environmentalmanagementwere identified taking the automotive industry inGermany

as an example. The main purpose of the paper was to gain an insight into which areas of corporate environmental management can potentially be

supported by big data and which concrete goals can be derived from them. A further aim was to determine what kind of data needs to be analyzed

using which category of big data analytics to achieve this objective.

To address these central research goals, expert interviewswere conductedwith environmental management officers of the German automotive

industry which, in turn, were evaluated on the basis of a qualitative content analysis. As a result of the content analysis five potential big data use

cases for corporate environmental management have been identified:

∙ Improved creation of LCAs

∙ Measurement of energy consumption and increase in energy efficiency

∙ Measurement and reduction of emissions

∙ Measurement and reduction of water consumption

∙ Improvedwastemanagement

Use case2 (measurementof energy consumptionand increase in energyefficiency) is theonlybig datause case that is alreadybeing implemented

as a concrete project in one of the studied automotive companies. All other use cases have been named by the interviewed experts, but are neither

implemented nor currently planned in any of the studied automotive companies. This impression was put into perspective by the interviews of the

data analytics experts, who had already implemented several of the use cases in parts (Int. 7: use cases 1 and 2, Int. 9: use case 2 and 5, Int. 10: use

cases 2, 4, and 5) for companies.

The results show that there are opportunities to integrate big data analytics, especially in the phases “Plan” and “Check.” In the “Plan” phase,

the determination of environmental aspects (energy, emissions, water, and waste) was defined as a specific objective. Data analytics experts

also emphasized the potentials through the combination of big data with artificial intelligence and text mining techniques for dealing with
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regulatory frameworks. In the “Check” phase, the potential of big datawas identified in the form of continuousmeasurements and derived variance

analyses.

In the area of big data analytics, the category “descriptive analytics” was identified as the most important category for corporate environmental

management. With the help of descriptive analytics the analysis, monitoring and control of the collected environmental data can be supported.

Furthermore, the results show that predictive analytics provide an opportunity to analyze legacy data in order to predict future trends, for instance,

on expected energy andwater consumption, and thereby identify overall efficiency potentials.

With regard to the type of data that could be used for big data analysis in the context of corporate environmental management, substance and

energy flow data (energy, emissions, waste, and water) were considered to be highly relevant. The gathering of production and process data is also

central to the identified use cases as the analysis of this data in combination with material and energy flow data is crucial to measure environmen-

tal aspects and derive measures for improvement. Two concrete measures in the context of predictive maintenance were suggested by the data

analytics experts, where unusual consumption patterns could be early indicators for machine failure (energy) or pipe leakages (water).

Another finding of this work is the difficulty of embedding life cycle analysis into the scope of corporate environmental management. A compre-

hensive life cycle analysis or LCA has not yet been carried out by any of the studied automotive companies. In this regard, the use of big data can

provide considerable potential not only to gather and analyze product related data over an entire life cycle, but also to optimize its ecological per-

formance. Some of the data analytics experts offered amore critical perspective regarding the adequateness and feasibility of big data approaches

for LCA though.

The study also revealed that the identified big data use cases cannot be exclusively assigned to the original tasks and responsibilities of corporate

environmental management. Instead, there are overlaps with other areas of activity and business sectors such as energy management or product

development. Besides, our results confirm the assumption that the lack of exemplary use cases inhibits the implementation of big data projects in

companies. As the benefits of big data for environmental protection are currently not seen, no big data projects are initiated in this area (Int. 2).

The validity of the presented study has limitations with regard to the gathering of data, resulting from the small number of interviews and the

restriction to exclusively address one specific industry inGermany. The experts interviewedwere selectedon thebasis of their expertise, but cannot

be regarded as a representative cross-section of their professional group. The combination of these factors is limiting the overall reliability of the

study. For this reason, the results of this study are not representative and provide only a small selection of potential use cases.

Additionally, as mentioned in Section 1, the analysis focuses exclusively on the topic of long-term ecological sustainability. Sustainability in the

sense of the Brundtland Report, however, identifies a much wider field of topics that, in their entirety, contribute to sustainable development.

Therefore itmust be considered an additional limitation of this study that is addresses only a fewSDGs andneglecting social aspects almost entirely.

Against this background, findings from this paper can only be integrated to broader concepts of sustainable development to a limit extent. On the

one hand, the identified use cases do clearly address the goals stated in the Brundtland Report that industrial companies should consume less natu-

ral resources, water, and energy and produce less waste. On the other hand, if all identified use cases lead to increased efficiencywithin companies,

that might lead to a higher overall consumption of resources through rebound effects (Gillingham, Rapson, & Wagner, 2015). Therefore, as with

most studies improving corporate performances, it should be carefully examined in how far the presented findings may lead to such unintended

side effects and how they can be embedded in a broader concept of sustainable development.

So far, there has been no research focusing specifically on the identification and analysis of big data use cases for corporate environmental man-

agement. The results of this work thus contribute to closing this existing research gap. According to Int. 10 this is of utmost importance, as “there

can be no sensible environmental management without a sensible data basis.” The paper also provides companies with a first orientation on which

potential benefits can be created for corporate environmental management through the use of big data. Future research should enhance the find-

ings of this study by investigating a bigger sample of companies, also from other industries and countries, to eventually identify additional potential

use cases and analyze them inmore detail.
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