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11 Abstract: Creating new business models is crucial for the implementation of clean technologies for
12 industrial decarbonization. With incomplete knowledge of market processes and uncertain
13 conditions, assessing the prospects of a technology-based business model is challenging. This study
14 combines business model innovation, system dynamics and exploratory model analysis to identify
15 new business opportunities in a context of socio-technical transition and assess their prospects
16 through simulation experiments. Furthermore, insights are visualized in a roadmap to coordinate
17 action among the actors involved. This combination of methods is applied to the case of a business
18 model aiming at ensuring stability of the electrical grid by centralizing the management of flexible
19 loads in industrial companies. A system dynamics model was set up to simulate the diffusion of
20 flexible electrification technologies. Through scenario definition and sensitivity analysis, the
21 influence of internal and external factors on diffusion was assessed. Results highlight the central
22 role of energy costs and customer perception. The chosen combination of methods allowed the
23 formulation of concrete recommendation for coordinated action, explicitly accounting for the
24 various sources of uncertainty. We suggest testing this approach in further business model
25 innovation contexts.
26 Keywords: Prosumer concepts, technology change, business strategies, system dynamics,
27 decentralization, photovoltaic, deep uncertainty, low-carbon transitions
28

29 1. Introduction

30 Climate change mitigation requires a transition to a low-carbon society, i.e. significant
31  reductions of greenhouse gas (GHG) emissions. The decarbonization of the energy sector is decisive
32 to this end [1]. Thanks to several effective climate policies and technological progress, the share of
33 power generation stemming from renewable sources (such as solar and wind) has largely increased
34  in the previous years, and an accelerated uptake of related technologies is expected for the future
35  (BMWI 2019). Additionally, major technological changes in the industrial sectors are necessary to
36  achieve a low-carbon transition [3]. There are several pathways to reduce GHG emissions in the
37  industry: adopting highly energy efficient technologies, implementing carbon capture and storage
38  systems, and the electrification of production processes [4]. The strong penetration of renewables
39  provides the necessary carbon neutral energy sources for a clean industrial electrification.

40 However, the increase of renewables and the electrification of industrial processes pose major
41  challenges to the electricity grid. On the one side, the variability and unpredictability of renewables
42  may compromise grid stability. Therefore, additional control measures and flexibilities on the level
43 of the distribution grid are needed to maintain the balance between supply and demand [5]. On the
44 other side, the electrification of industrial processes rises peak demand, thus increasing grid
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45  congestion and the need to upgrade grid capacity unless alternative measures are developed [6]. An
46  interesting option is the use of digital technologies that enable smart solutions to deploy novel
47  flexibilities. Smart controlling of electrification technologies contributes not only to decarbonization,
48  but could also provide flexibility services to the grid, facilitating the integration of renewables by
49  absorbing excess energy or decreasing the demand in peak hours. Likewise, smart control can
50  mitigate congestion problems by reallocating the peak demand [7].

51 While many technological solutions exist for electrification, flexibility and smart grid control, a
52 crucial step for their successful implementation is the formulation of appropriate business models
53 [8], [9]. Business models play an important role in the transition dynamics: they not only support the
54  diffusion of innovative technology but also enable coordination between different actors and thus act
95  as an intermediate between the technological niche and the socio-technical regime [10]. Nowadays,
56  energy-related companies need to continuously monitor for new opportunities to reconfigure their
57 business model, to secure market shares, revenues and profits [8], [11]. Business model innovation
58  (BMI) supports the transformation of traditional business models by identifying new opportunities.
59  The process starts by understanding the changing environment, recognizing significant trends that
60  can trigger important changes, and ends with integrating the innovative business model into the
61  company and implementing the business idea [12].

62 However there exists high uncertainty regarding the impact of the changing business
63  environment on market development and the long-term value creation of envisioned business
64  models [13]. Thompson and Macmillan (2010) [13] state that "high uncertainty contexts give us the
65  'luxury' of specifying a priori what will and will not be acceptable” in order to save resources and to
66  define appropriate key actions. However, in the early exploratory stage of business model
67  conceptualization, managers face the uncertainty and unpredictability of fast-evolving markets and
68  may have a biased mental model of the environment [14]. In addition, business models sometimes
69  require coordination among different actors, each with their own interests, priorities and mental
70 models. The situation in which decision makers are faced with multiple equally plausible futures and
71 system models, termed “deep uncertainty”, calls for creative thinking and model-based decision
72 support [15]. More generally, there is a research gap on the implementation, tools and challenges of
73 business models [16]. In the specific context of the energy system, the ongoing socio-technical
74 transition is a highly uncertain and complex environment for incumbent companies and new players.
75 Several actors, such as energy utilities and distribution system operators, need to rapidly reconfigure
76 their business model to adapt to this changing environment. According to several authors [8], [11],
77 [17],[18], utility companies lack the business model innovation knowledge that helps to identify new
78  opportunities within the energy transition. Decentralized renewable energy generation requires a
79  different value proposition and revenue model compared to the existing centralized energy
80  technologies.

81 To overcome these challenges of business model innovation, experimentation should be used to
82  frame and understand the uncertainty of the business environment [19]. In the face of the high costs
83  and limited feasibility of running experiments in the real world, simulation offers a low-cost
84  alternative. For example, system dynamics (SD) is a methodology to map the interaction of many
85  variables in complex systems and explore their behavior through simulation models [20]. In the
86 context of business model innovation, SD has been shown to facilitate decision makers’
87  understanding of the impact of environmental changes [21]. Indeed, the implementation of new
88  business models depends not only on internal factors within the company but also on new
89  regulations, uncertainties on the market and social acceptance. System dynamics can capture the
90 relationship between internal and external factors and reflect realistic situations considering different
91  political, economic and social circumstances [22]. This way, a clear action plan can be developed that
92  helps coordinate the activities of different actors over time. SD has also been used to tackle deep
93  uncertainty, using computational experimentation to yield insight from simulation models under
94  imperfect system knowledge and uncertain future conditions [23]. To ensure that insights are
95  transferred to practice, results of such business model simulations should be carefully communicated
96 to all relevant actors, i.e. not only within the organization, but also e.g. to policymakers. Thus, a
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97  roadmap can help to effectively visualize the most important results and clearly communicate the

98  required action points to the different actors [24].

99 This paper addresses the research-practice gaps on business model innovation (see above) by
100  presenting a combination of three established fields of methods (BMI, SD and technology
101  roadmapping (TRM)) to assess the prospects of a novel time-based business model at the energy-
102  industry interface. This combined framework aims at helping multiple actors develop a qualified and
103  consolidated a-priori understanding of the impact of the highly uncertain energy transition
104  environment. The first steps consist of a market characterization and the definition of a concrete
105  business model. Next, in a participatory process, a system dynamics model is developed to simulate
106  the diffusion of flexible electrification technologies. To determine which factors have the greatest
107  effect on the uncertainty of model outputs, two series of computational experiments are conducted:
108  a scenario analysis, and a sensitivity analysis with statistical estimation of parameter importance.
109  Based on the qualified understanding, a corresponding implementation pathway in the form of a
110  technological roadmap is suggested to orchestrate the activities between multiple actors. The aim of
111  thisapproach is to support experimental learning and co-creation of new value propositions in a cost-
112 effective way. This methodical framework was applied to a time-based business model (described in
113 section 3.1) aiming at avoiding grid congestion in a future of increased electrification. The main idea
114 s to allow the use of redundant grid capacity (which is currently reserved to guarantee security of
115  supply in the case of a failure of power lines) for specific loads with a certain degree of flexibility. The
116  business model is targeted at industrial customers and requires the coordination of various actors:
117  distribution system operator (DSO), utility, technology providers and policymakers. The
118  environment also depends on uncertain exogenous factors such as future fuel and electricity prices,
119  technology costs, as well as energy and climate policy. We use the proposed methodical framework
120 to answer the following questions:

121 e  Which circumstances favor or hinder the success of the time-based business model and the

122 diffusion of flexible electrification technologies?

123 «  Which are the main leverage points for the different actors to ensure the success of the business
124 model?

125 The rest of this paper is structured as follows: Section 2 reviews the state of the research in the

126  three methodologies combined in this study (BMI, SD and TRM); Section 3 presents the methods
127  (description of the business model; system dynamics model and computational experiments;
128 roadmapping); Section 4 the results; Section 5 discusses the implications of the results, as well as the
129  methodological aspects of this study; Section 6 summarizes the method applied and the lessons
130  learned from this first application, and formulates recommendations to the different actors.

131 2. Literature Review

132 We base our case study in the conceptual literature of business model development under
133  uncertainty in the current context of sustainable transition from a fossil-based energy system. In this
134 section, we briefly review the relevant methods of the forecasting literature that apply a dynamic
135  perspective: business model innovation, system dynamics and technology roadmapping. The main
136  uses and drawbacks of each method are summarized in Table 1.

137

138 Table 1: Main use and drawbacks of the three forecasting methods combined in this study.

Purpose Drawbacks
Business model | e Identify new threats and e Difficult to coordinate different
innovation (BMI) opportunities to the current actors
business models e When should action be taken?

e  Support the establishment of new

business ideas
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System dynamics | ¢ Enable experimentation at low e  Model structure and results can be
(SD) cost difficult to communicate
e  Capture internal and external
dynamics
Technology e Representing expected e Just a narrative tool on
Roadmapping changes in the business indicated actions
(TRM) environment and the e Causal effects and sensitivity

corresponding planned
actions over time
Clear visualization of distinct

phases and necessary action

of the indicated actions are
not clear
The performance of the

planned actions cannot be

steps of the respective actors assessed
139  2.1. Business Model Innovation in the Energy Transition
140 A business model describes how an enterprise creates value for specific customers with a

141  positive financial profit equation. Business model innovation (BMI) is the process of creating and
142 capturing new value by introducing a change on one or several components of an existing business
143 model [25]. According to Frankenberger et al. (2013) [12], the BMI process consists of four different
144 phases: initiation, ideation, integration and implementation. In the initiation phase, a preliminary
145  assessment is performed to understand the changing environment and recognize significant trends
146  that can trigger important changes. The ideation phase aims at generating new business ideas. In the
147  third phase, ideas are transformed into viable business models and finally, in the last phase, the
148  innovative business model can be implemented [12].

149 BMI is an important process in constantly evolving environments, where the primary business
150  model gets challenged and thus needs to be adapted [26]. In this kind of context with often deep
151  uncertainty, BMI is not a matter of anticipating and foreseeing of the future, but more a trial-and-
152  error adaptation process, experimenting with variants of business model configurations [27].
153  Therefore, imagination, experimentation and ongoing learning are crucial in the development of
154 novel business models [14], [28]. Experimentation with a business model is an iterative process that
155  implies elaborating the initial value proposition into a viable business strategy, the implementation
156  of the strategy, the incorporation of feedback from the environment, and the consequent
157  modification of the business model [29]. Several case studies show that concurrent experimentation
158  with different business models under uncertainty creates a variety of options that facilitate the long-
159  term survival of a company [29], [30]. The authors suggest that such simultaneous experimentation
160  is a crucial learning strategy to cope with uncertainty in a cost-effective manner. Simultaneous
161  experimentation involves careful selection of related experiments and a combined approach of
162 planning, action and learning.

163  2.2. System Dynamics and Exploratory Modeling

164 For BMI, conceptual representation (in written, pictorial, mathematical or symbolic forms)
165 facilitates the understanding and communication of new business model ideas within the
166  organization and between actors [31]. Simulation modelling is a valuable tool to assess the
167  consequences of changes in business models through conceptual representation and simulation of
168  virtual experiments [32]. System dynamics (SD) is a methodology combining graphical
169  representation and mathematical modeling to understand the behavior of complex systems over time
170  [20]. This technique allows to evaluate how a business strategy performs over time and what can be
171  done to influence this performance [33]. SD models can capture the relationship between endogenous
172 and exogenous dynamics, thus permitting the evaluation of a business project under different
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173 political, economic and social circumstances [22]. Therefore, SD models can be used to facilitate the
174  experimentation phase of BMI [19] and improve the understanding of decision makers [21].

175 Often, modelers and decision makers have limited knowledge of the processes shaping the
176  business environment. Also, when future prospects of a business model are evaluated, it is necessary
177  to make assumptions on the evolution of external factors, for which widely varying scenarios might
178  be equally plausible. Therefore, multiple possible model formulations and multiple possible futures
179  exist, with often not enough information to assess their likelihood. This situation is referred to as
180 “deep uncertainty” [15], [23]. In this case, models should not be treated as predictive tools, but rather
181  asaway to explicitly examine modeling uncertainties [34]. Such an explorative approach to modeling
182  consists of conducting visual or statistical analysis on an ensemble of model runs, where model
183  structure, inputs and parameters are varied [34]. The value of such a model-based decision making
184  approach lies in the capacity to answer questions such as “under which circumstances is a business
185  model promising?” or “what is the range of plausible outcomes?” [23]. This explorative approach has
186  been used in combination with SD in the context of future-oriented technology analysis [23] and
187  socio-technical transformation of energy systems [35].

188 For an exploratory approach, Bankes (1993) [34] argues that simple, question-specific models are
189  better suited than more complex models that aim at a highly disaggregated and detailed description
190  of the system. Also, Ghaffarzadegan et al. (2011) [36] strongly recommend the use of small SD models
191  tofacilitate experimentation and to carve out critical insights. Ghaffarzadegan et al. (2011) [36] define
192  a small model as a model consisting of few critical stocks and a maximum of eight feedback loops.
193  Aslong as the model structure captures the most dominant feedback loops and stocks, it can be used
194 to easily identify the most important leverage points of the system.

195  2.3. Technology Roadmapping

196 Technology roadmapping (TRM) is an extensively used planning approach that combines
197  technology and business developments [37]. A roadmap is usually a visual tool that describes the
198  current status of a technology, sets up a view of the future and identify the needed actions to reach
199  the expectations [38]. TRM was initially applied at the level of individual companies to plan specific
200  technologies and products. Nowadays, TRM has evolved and is also widely used to create political
201  persuasion tools. TRM presents a simple framework that can assist policy makers to recognize action
202  points in a complex system [24]. In our approach, we mainly used this method to visualize our
203  recommendation for coordinated actions between policy, business and technology development.

204 3. Materials and Methods

205 In this section we develop the methodical framework and present illustrative outcomes of
206  distinct methodical steps. Our study applies a case study design [39] contributing to a transnational
207  research project, with the objective of designing and testing an innovative time-based flexibility
208  business model (named the “Power Alliance” business model; see Section 3.1). This business model
209  depends on the diffusion of flexible electrification technologies in the industrial sector. This project
210  was carried out in four steps (Figure 1). After a literature review on the barriers and drivers for the
211  electrification of industrial processes, concrete business models based on three use cases of flexibility
212 technologies (power-to-heat, power-to-hydrogen and batteries) were determined during several
213 workshops with project partners. The project partners were representatives of an energy company
214 (taking here the role of technology and business developer), a distribution system operator (user of
215  the time-based business model defined here), three pilot customers (industrial customers in the
216  service area of the DSO), an information technology company (assisting in technology development)
217  as well as the interdisciplinary research team. The ten project partners are considered as experts of
218  the current and envisioned business field. Additionally, the feasibility of the business model from a
219  regulatory point of view was ensured by seeking feedback from a trade association of the energy
220  industry.

221 Next, a SD model was set up to simulate the diffusion of flexibility technologies. To assess the
222 prospects of the proposed business model under various socio-economic and regulatory settings, two
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223  sorts of computational experiments were performed: scenario experiments and parametric sensitivity
224  analysis. Finally, insights from the participative modeling process and computational experiments
225  were visualized in the form of a technology roadmap, providing different actors (utilities, grid
226  operators and policymakers) with recommendations on the coordinated action required to facilitate
227  the electrification of the industrial sector.

Field of methods Project Phase Processes Outcomes

.. Identification of barriers and drivers for Market
Initial Phase : o ) . -
flexible electrification technologies characterization
Business model 3
innovation (BMI)
Use case + Definition of use cases for each technology Business model
definition + Specification of time-based business model canvas
¥
Participatory modeling Experimentation
System dynamics Experimentation ¥
(sD)
. Parameter
Exploratory model analysis )
importance
¥
Technological . ..
. Communication . .
roadmapping Interpretation of model analysis results Roadmap
of results
(TRM)
228
229 Figure 1: Method for the exploration of innovative business models under deep uncertainty.

230 3.1. Business Model and Use Case Specification

231 3.1.1. Characterization of the Business Environment, Drivers and Barriers

232 The first step in specifying the business model was to characterize the drivers and barriers for
233 the electrification of the industrial sector, and the role that business models can play in assisting this
234 process. The results of this assessment are summarized in Figure 1. A key driver of electrification in
235  all sectors has been the increased power generation from renewable energy sources and the fast
236  decrease of their cost [40]. The development of energy storage technologies has also greatly
237  contributed to increased electrification, as they permit a better utilization of intermittent renewable
238  energy sources. For some storage technologies, such as batteries or power-to-hydrogen, investment
239 costs are projected to substantially decrease as the technology further matures [41], [42]. Sector
240  coupling, i.e. the interconnection of electricity, heat, industry and mobility, offers various
241  opportunities for decarbonization in the industry sector, e.g. by using hydrogen from renewable
242 electricity to produce various chemicals [40] or by using battery capacity to provide grid frequency
243  control and reserve capacity [43].

244 However, the use of electricity for industrial processes is nowadays limited for economic reasons
245  [44]. Electricity is comparatively more expensive than natural gas, oil, or coal. The reason for this is
246  twofold: first, the wholesale electricity price includes not only the energy use but also the grid cost,
247  taxes and levies. Second, fossil fuel costs do not reflect their environmental impact, due to rather low
248  CO:prices and the lack of an international agreement on a carbon tax [45]. As a result, the operational
249 cost of electric technologies is not competitive with their equivalent fossil technologies, unless a tax
250  reform is implemented [46]. Further barriers are related to the perceived utility of electrification, load
251  management and flexibility technologies by industrial actors, e.g. concerns about financial and
252 regulatory risk [47], lack of information, and lack of interest in participating in energy markets (“not-
253  my-business” problem) [48].

254 Even if the potential of electrification in the industry is realized, new challenges might appear.
255  Since massive electrification of industrial processes could increase peak electricity demand, this
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256  development, together with the large penetration of intermittent renewables, may compromise the
257  stability of the grid and aggravate the grid congestion problems [6]. As a result, there will be a need
258  to reinforce grid capacity, unless alternative measures are developed. An alternative is the use of
259  digital technologies that enable smart solutions to deploy novel flexibility technologies.

260 To unlock this specific flexibility potential on the level of the distribution grid, new business
261  models are required. The literature mentions several time-based flexibility business models that can
262  be applied with the use of flexible technologies and smart grids. A classic example is the participation
263  in the ancillary service market to provide frequency control and reserve capacity [43]. Batteries have
264  been used for instance to reduce peak demand and profit from daily electricity price variations [49],
265  [50]. The integration of renewables is another promising business opportunity. In this case, the utility
266  can e.g. offer to the customers dynamic prices to incentivize the consumption of energy when large
267  amounts of renewables are available, thus reducing curtailment [43], [51], [52].

_ Business Models < Barriers
Intermittency
. » Security of supply +  Lackof
Drivers /' * _ «  Arbitrage o information
. Increase of r 4 Volatility zzgfggiﬂﬁglrgg r|lrt1crease . «no_t my
renewables business»
«  Environmental g’;ﬂ:gﬁ)g‘y
lici :
policles Increase of routines and
perceived utility processes
Evolution of the Technology ’
Carbon price vy
; « Storage Technologies Effects
Fossil fuel price « Power-to-X —Process Increase Flexibility
Vs. electrification ==l INncrease in peak electricity
Electricity price + Heat demand
« Gas
/ \ » Products Decrease in gas demand
Gas Electricity f
price price
268 Technology cost and maturity
269 Figure 2: Barriers and drivers to the electrification of industrial processes.
270  3.1.2. The Power Alliance Business Model
271 The Power Alliance (PA) approach proposes a technical and economical scheme to avoid grid

272  congestions under increased electrification. The main idea is to apply demand side load management
273  only to a specific class of new flexible loads, the so-called "conditional loads", which mainly emerge
274  from sector coupling applications such as power-to-heat installations and electrolyzers for hydrogen
275  production. These loads exhibit a significant price elasticity and are more flexible in terms of usage
276  due to a certain storage functionality. The PA business model presupposes that the currently
277  redundant grid capacity used to provide today’s high level of security of supply - the "n-1 security" -
278  can be utilized by conditional loads, thereby attaining additional capacity in the existing grid
279  infrastructure. Conditional loads are subject to a simple security of supply for a certain time span,
280  while keeping the n-1 security for all other loads [53].

281

282 The PA business model requires coordination between different actors: distribution system
283  operators (DSOs), utilities, technology providers, policymakers and industrial customers. From the
284  perspective of DSOs, the main aspects of the business model are summarized on Figure using the
285  canvas approach of Osterwalder & Pigneur (2010). This business model definition is the result of
286  workshops with the project partners. The target customers are those on the electricity grid level 5
287  (medium voltage level; typically industrial customers) who installed or are thinking about installing
288  aflexible electrification technology. The PA offer to these customers consists of a lower network tariff
289  for their flexible loads, as well as the connection to a management system that optimizes the operation
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290  of their loads. The customers will be directly addressed and informed about the PA offer. This direct
291  customer support will also be the main contact channel with the customers.
292
293 The DSO will profit by reducing the grid expansion need. Additionally, customers will pay
294 connection charges. While lower than the standard tariff, the reduced grid tariff also contributes to
295  the DSO's revenues. To offer this new product, there is a need of physical infrastructure such as the
296  energy management equipment, and human capacity to advice customers, install and maintain the
297  equipment. The key activity for the DSO is to provide consulting services to help customers
298  understand the offer and find an optimal flexibility solution for their individual needs. The main
299  costs are the infrastructure cost and the additional personnel cost for consulting services.
300 The actors involved have different incentives to participate in the PA scheme. For DSOs, the
301  main incentives are a better plannability and control over their grid, as well as more detailed insights
302  into grid flows, which allows them to offer attractive products. For grid customers, incentives to
303  declare suitable loads as conditional loads comprise a significant reduction of grid fees for conditional
304  loads (the "Power Alliance Tariff'), and an automated dynamic load management solution (the
305  "Regional Load Shaping" solution; see Christen et al., 2019) [55] that minimizes the customers' energy
306  costs for conditional loads according to stock prices whenever regional grid capacity constraints
307  allow it. Policymakers and regulatory authorities are interested in testing and supporting technical
308  solutions that promote flexibility and help to reach environmental and GHG reduction goals.
309  Technology providers are interested in promoting the adoption of the flexible electrification
310  technologies, whereas electric utilities are interested in offering innovative products to their
311  customers, such as more exact energy consumption schedules to optimize the loads and energy costs.
312
Key Partners [ Key activites Value proposition Customer relationships Customer Segments
* Software + Consulting services * New grid utilization + Direct customer * Grid customers (medium
supplier product for the support voltage grid)
* Process management optimal use of
flexible loads * Automated service (via | ¢+ Customers with flexible
Collaboration web) electrification loads or
and co-creation * (Grid) cost savings willing to install them
+ Hardware « Marketing * Reputation benefits * Energy traders
supplier Key resources (“green” image)
« Energy traders | ° Infrastructure (energy « Forecastin lit Channels .
management B Quality |+ Use of existing channels
equipment, software,
servers) * Personal Contact
*  Know-how
= Installers
Kostenstruktur Revenue streams
Network costs * Connection charges
= Copper
* ICT * Network cost contribution / kW
Additional personnel cost for consulting
313 * Grid usage charge / kWh (PAT and ST)
314 Figure 3: Canvas for the Power Alliance business model, from the perspective of the grid operator.
315  3.1.3. Use Cases for flexible Electrification Technologies
316 The Power Alliance business model is highly dependent on the diffusion of flexibility
317  technologies such as batteries, Power-to-Heat and Power-to-Hydrogen. For this reason, the necessary
318  conditions to adopt these technologies are studied in detail using a system dynamic model (described
319  in Section 3.2.1.). For this analysis, three common use cases were selected to detail the financial
320  advantages of the studied technologies as well as potential GHG emission reduction. These use cases
321  were selected in workshops with members of an electric utility, a distribution system operator and
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322  industrial customers. In all use cases it is assumed that the self-consumed electricity has no cost. The
323  mostimportant assumptions of the three use cases are presented in Table 2 and described below. The
324  market context of the use cases refers to Germany. A more detailed breakdown of the costs and
325  revenues for each use case is given in Section 1 of the supplement.

326 The first use case, Power-to-Heat (PtH), considers the use of an electric boiler to generate heat in
327  the paper industry (at a temperature requirement of about 120 °C). Electric boilers are a mature
328 technology, with estimated investment costs between 100-400 € and an efficiency 7p,yeq; between
329  97% and 99% [41]. The electricity can be obtained either from the electricity grid or from an installed
330  photovoltaic system. The electric boiler can work together with an existing gas boiler (parallel
331  operation) or independently. In parallel operation, the system can make use of the price difference
332  between gas and electricity. A heat storage (such as a water boiler) is also considered to increase the
333 flexibility of the system.

334 The second use case, Power-to-Hydrogen (PtHz), assesses the usage of an electrolyzer to generate
335  hydrogen as a raw material for the chemical industry. It is assumed that the electrolyzer replaces a
336  Steam-Methane Reforming system that uses natural gas to produce hydrogen, releasing carbon
337  monoxide and a relatively small amount of carbon dioxide. Due to economies of scale, it is expected
338  that the cost of the electrolyzer decreases within the next years from almost 1500 €/kW in 2016 to 480
339  €/kW in 2050 [41]. The electrolyzer takes the electricity from the grid or from an internal source such
340  asa photovoltaic system.

341 The last use case concerns the use of a battery storage to increase the self-consumption share of
342  a photovoltaic system. The battery can also be used to provide services to the grid as part of the PA
343  business model. Furthermore, the battery can take advantage of arbitrage opportunities, buying
344 electricity from the grid at cheap prices and selling it when the prices are high again. The capital cost
345  of the battery is assumed to be 1200 €/kWh in 2016 when the simulation starts and to decrease to 290
346  €/kWh in 2050.

347

348 Table 2: Use cases assumptions.

PtH

Installed capacity 500 kwe

Investment cost 100 €/kW [41]
Life time 30 years [41]
Efficiency 98 % [41]
Efficiency of the replaced boiler 98% [56]
PtH2

Capacity of the water electrolyzer 500 kW

Investment cost @2016 1500 €/kw [41]
Investment cost @2050 480 €/kwW [41]
Life time 30 years [41]
Electricity consumption per kg H2 55 kWh/kg [57]
Gas needed per Kg H2 for the replaced

SMR 40 kWh/kg [58]
Batteries

Installed capacity 500 kwe

Investment cost @2016 1192 €/kWh [42]
Investment cost @2050 289 €/kWh [42]
Life time 20 years
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Charging time 1 hour
349  3.2. System Dynamics Simulation
350  3.2.1. Model Structure
351 The SD model simulates the diffusion of flexible electrification technologies and the adoption of

352  the PA offer in a local distribution grid with 45 industrial customers (Figure 4). The model simulates
353  the diffusion of one technology at a time. The core of the model consists of three state variables, each
354  of them representing the number of customers subscribing to a certain offer. At the beginning of the
355  simulation, there is no flexible technology (“Flexloads”) installed, thus all customers belong to the
356  stock “Customers without Flexloads”. At each time step, a certain fraction of the customers may
357  decide to switch to one of the alternative options. One possibility is to install a flexibility solution,
358  without subscribing to the load management program of the utility. Customers who choose this
359  option are still subject to the standard grid tariff (ST). Alternatively, customers may choose to
360 participate in the regional load shaping program and benefit from the Power Alliance Tariff (PAT).
361  The switch to the PAT may happen either directly (customers install a flexibility solution and join the
362  regional load management program at the same time), or indirectly by first installing a flexibility
363  solution, and in a second step, deciding to join the load management program. In each customer
364  stock, a fraction of the customers has their own renewable energy source (RES). For the stock
365  “Customers without Flexloads”, the fraction of customers with RES is updated according to the
366  chosen scenario (see Sect. 3.2.2.), simulating the percentage of renewables in the total energy
367  consumption as a proxy.

o )
RES customers Customers o Fgﬂgﬂr‘ge;mtg_r >
increase without To Flexload 5T T © | ™ Flexload ST1o Customer with 9]
Flexloads PAT Flexloads and PAT
Expected

customer increase ”

Flexload
installation rate

o decreas

Toflexload and
PAT

)
Adoption rate
Flextec
3
peta—wm Shareof Accessible
preferences Custorrers with Flexloads
installed PAT
Flexloads
i Effective
Share willing to
change per decision contact rate
option \ )
Familiarity due
to VoM
ratio use of
Total Familiarity cortrollable netflex
[oy)] effect loads
/ Familiarity due t
amiliarity due to
Familianty Gain direct cortact with
EVL
Perceived Ltility per Familiarity with
decigion option Flexloads
/ \ ‘ Scarcity onP A
effectof tolerace Gereral effects on/
of payback perceived utility
Effect of . :
capital cost Risk perception

368

369 Figure 4: Structure of the system dynamics model representing market dynamics at the scale of a local distribution
370 grid. Boxes represent stocks, i.e. state variables; double arrows with valves represent flows, i.e. changes of the values

371 of stocks; simple arrows represent causal relationships.
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372 The core loops of the model, shown on Figure 4, share a similar structure with the model
373  developed by Kubli (2018) [59] to study the diffusion of decentralized photovoltaics. The number of
374 customers moving from one option to another at each time step, following the flows on Figure 4,
375  depends on the perceived utility of each decision option, as well as on the specified adjustment times
376  (AT) for each possible switch. The factors influencing perceived utility are described below. ATs are
377  time constants accounting for delays in the system. Indeed, it is unrealistic to assume that all
378  customers willing to install a flexibility solution will do so immediately. Many factors may delay this
379 decision for an individual customer, such as financial, time and knowhow constraints, or
380  organizational structures and processes. The ATs control the rate of change as follows:

Tist = rpot,i,s,t/ATi ) @
381

382 where i represents the different type of customers (i € {customers without flexloads, customers
383 with flexloads and ST, customers with flexloads and ST }), and s distinguishes the customers with
384 and without renewables installed (s € {customers without renewables, customers with renewables}),
385  consequently 7, is the rate of customers changing from option i, to option i at time step ¢t
386  [Customers/year], 7,05, is the number of customers planning to change from option i, to option
387 i ,and AT; the adjustment time [years] corresponding to this transition.

388 The model considers six decision options, each corresponding to one of the flows in Figure 4
389  (each flow symbolizes two distinct decision options, for customers with and without RES). At each
390  simulation time step, the model calculates the attractivity of each decision option, expressed as the
391  share of potential customers willing to change. This attractivity depends on the perceived utility of
392  each decision option, which in this model depends on financial aspects (payback time), social aspects
393  (familiarity of flexible technologies and customers’ willingness to invest) and a scarcity effect. The
394 share of customers that choose each option f; is determined using a logistic function:

f 1 @
2

= Trexp|-Blugo—u;)] ’

395

396 where u, is the dimensionless utility function corresponding to each decision option x, u;g is
397  the perceived utility of the current concept and u; is the perceived utility of the competing
398  consumption concept. B is an empirical shape parameter. The perceived utility u, of a decision
399  option is calculated as follows:

400 Uy = fpayback_time X fcapital X ffamiliarity X fscarcity ’
401 (3)
402 where all variables are dimensionless. The empirical functions used to estimate f,qypack times

403 fiapitar and ficarciry are described in Section 2 of the supplement.

404 Familiarity S, isastate variable of the model and consists of two processes: the effect of word-
405  of-mouth as a technology becomes more common, and the effect of customer relationship
406  management by the utility. Familiarity may take values between zero and one and is initially set to
407  0.25 here. At each time step, Syqy is updated as follows:

408 dsd# = (fwom + ferm) X (1 — Sfam) ) (4)

409 where fyoy is the effect of word-of-mouth in the current time step, and fzy the effect of
410  customer relationship management. The latter is assumed to be constant, whereas the effect of word-
411  of-mouth increases as the number of customers with installed flexibility technologies increases:

Cri,
412 fwom = Cf = X Tcontact » (5)
total
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413 where Cpp, is the number of customers with a flexibility solution installed, Cyoq the total
414 number of customers and T o the effective contact rate [-]. This formulation for technology
415  diffusion was introduced by Struben and Sterman (2008) [60].

416 The annual cash flows in the model are the sums of costs and revenues (from the perspective of
417  the customer) related to the installed flexibility technologies. For each use case, the breakdown of
418  costs and revenues is given in Sect. 3.1.3. and Sect. 1 of the supplement. An important factor for the
419  economic viability of flexible technologies are future prices for electricity and natural gas (the latter
420  only for the PtH and PtH2 cases). These are outside the system boundaries and assumed to increase
421  asa function of time:

422 Py = Pyresentx X (14 by)072019), (6)

423 where P, is the price for either gas or electricity (represented here by x) in the year y,
424 Ppresentx 15 the current price for x, and b, is an x-specific parameter. The current (2016) prices for
425  electricity (energy price only) and gas (excluding the carbon tax; see next section) were set to 0.04,
426  and 0.03 €/kWh, respectively. The annual price increase for electricity, b,,, is set to a default value of
427 3%, and the annual price increase for natural gas, bygs, is set to 2%. The breakdown of the wholesale
428  prices for electricity and natural gas is given in Section 3 of the supplement.

429 The model was built and executed using the software Vensim DSS, version 7.3.5. The simulation
430  period goes from 2015 to 2050, with a simulation time step of 0.0625 years. Numerical integration
431  uses the explicit Euler method.

432  3.2.2.Scenarios

433 As the diffusion of the studied flexible technologies largely depends on uncertain climate
434 policies, this work considers the application of two different climate scenarios. These scenarios are
435 based on forecasts for the German energy market [45], [61]. This Section gives an overview of the
436  scenarios, and the reasoning behind them is further detailed in Section 3 of the supplement. The first
437  scenario, the business as usual (BAU) case, assumes that no tax reform or any other additional
438  measure is adopted to promote decarbonization. Thus, the percentage of renewables in the total
439  energy consumption reaches only 60% by 2050 and the CO2 emission factor of the German electricity
440  grid is approximately 300 gCO2/kWel. Furthermore, as of today in Germany, no CO:2 price is charged
441  for the use of gas as heating fuel. The Renewable Energies Act (EEG) surcharge, levied on electricity
442  consumption to finance the development of renewable energy, starts at 6 €c/kWh and is phased out
443 gradually to reach 0.8 €c/kWh by 2050, following the forecast of [62].

444 The second scenario assumes that strong policies measures are taken to support decarbonization
445  and sector coupling. As a result, the Paris climate goals will be reached by 2050 in Germany, i.e.
446  almost 100% of the total energy consumption can be met by using renewable energies. The CO2
447  emission factor of the electricity mix is 17 CO2g/kWe.. To reach these goals, it is assumed that a tax
448  reform is applied, in this case a CO2 tax (P, [€/kW])is charged to the natural gas and a tax reduction
449  for electricity is implemented. Concretely, the EEG surcharge is reduced to 0.05 €c/kWh. The aim of
450  this policy is to promote the use of green electricity and charge fossil fuels for their CO2 emissions.
451  Figure 5 illustrates the evolution of the scenarios over time, whereas Table 3 summarizes the most
452  important assumptions.
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Figure 5: a) Percentage of renewables in the total energy consumption for the considered scenarios b) CO2
emissions factor of the German electricity grid.
453
454 Table 3: General assumptions of the two analyzed policy scenarios.
BAU Scenario Climate  Policy

Scenario

2030 2050 2030 2050

CO: electricity mix emission | CO209/kWe | 506 284 411 17

factor?

Percentage of renewables in | % 38 66 44 96

the total energy consumption®

CO; price on gas? €/kWh 0 0.01 (45
€/TonCO2)

Electricity tax reduction (tax | €/kWh 0 Up to 0.077 (see

reform)? supplement)

'[61]

2[45]

455  3.2.3.Sensitivity Analysis

456 Many of the parameters used in the simulation models are subject to high uncertainty. This
457  uncertainty arises for various reasons: first, the simulation period lies mostly in the future, so that it
458  is necessary to make assumptions regarding the future evolution of energy prices, technology costs
459  and taxes. Second, some parameters act as proxies for processes not explicitly represented in the
460  model, such as the adjustment times (Eq. 1). This makes it difficult to constrain these parameters,
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461  especially in the absence of historical data that enables the calibration of the parameters. As some of
462  the process formulations used here are widely used in SD, earlier studies give an estimation for the
463  values of the corresponding parameters. However, these studies may apply to an entirely different
464  context, so that transferring parameter values to a new study may be challenging. For example, most
465  of the empirical values for the familiarity parameters come from studies on vehicles or consumer
466  goods [60]. While these values give a rough indication of the possible parameter range, it is unclear
467  how well they describe the attitude of industrial customers regarding their electricity consumption.
468 To assess the uncertainty in model outcomes and to identify the most sensitive parameters, a
469  global parametric sensitivity analysis was conducted. The aim was to characterize the spread in
470  model results under varying parameter values, as well as a measure of importance for each
471  parameter. The target output variable is the number of customers that have installed a flexibility
472  technology, a PV module and subscribe to the PA tariff at the end of the simulation (Cpy;2050)- In a
473  first step, 2000 combinations of parameter values were generated, where the value of each parameter
474  was varied within its plausible range. The parameters and their range are listed in Table 4. These sets
475  were generated with the Latin Hypercube Sampling method, a stratified Monte Carlo scheme.
476 In a second step, parameter importance was assessed by fitting a random forest model [63], with
477  the parameter values as predictors and Cruuz030 as the dependent variable. Such a meta-modeling
478  approach to parametric sensitivity analysis provides a ranking of parameter importance, and the
479  possibility to evaluate the effect of different parameters graphically [64]-[66]. Among the different
480  measures of parameter importance provided by the random forest algorithm [63], the mean decrease
481  of accuracy was used. This measure describes the loss of model performance when the values of one
482 parameter are randomly shuffled, i.e. converted to noise.
483 Table 4: List of parameters varied in the sensitivity analysis, with their respective ranges and default values. For the
484 parameters that appear in the model description in this report, the corresponding equations are indicated. For the
485 other parameters, please refer to the description of the business models (BM) in Annex 4.3.
Symbol | Meaning Units Minimum | Maximum | Default | Eq.
value value value
Common parameters
PyriasT | Standard €/kW 50 100 70 BM
network tariff
(ST)
frar PAT, as a|Dmnl 0.1 1 0.1 BM
fraction of ST
Piny smart | INVestment cost | € 100 500 300 BM
smart control
Hyynning | RUunning  hours | hours/year | 3000 7000 6000 BM
per year (P2Heat
and P2H2 only)
b, Annual Dmnl 0.02 0.04 0.03 8
percentual
electricity price
increase
dpeimin | Min  electricity | €/kWh 0 0.04 0.04 BM
price difference
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dpermax | Max electricity | € kWh 0 0.1 0.07 BM
price difference
ATioad AT flexible loads | years 5 20 15
ATpar AT smart control | years 1 5 2
B Shape parameter | Dmnl 4 8 6
for the function
linking utility to
preference
Teontace | CONtact rate Dmnl 0.1 0.3 0.2 7
lerm Effect of | Dmnl 0.05 0.15 0.1 6,7
customer
relationship
management by
utility on
familiarity
P2Heat parameters
Nponear | P2Heat Dmnl 0.97 0.99 0.97 BM
efficiency
bgas Annual Dmnl 0.02 0.03 0.02 8
percentual  gas
price increase
Battery parameters
Prir Feed-in tariff €/kWh 0.03 0.12 0.08 BM
NBatt Battery Dmnl 0.7 0.9 0.7 BM
efficiency
P2H2 parameters
Py, Hydrogen price | €/kg 4 12 8 BM
N2 Electricity kWh/kg 50 60 55 BM
consumption per
kg hydrogen

A crucial step of a parametric sensitivity analysis is the choice of a distribution for each
parameter [67]. Here, a uniform distribution was chosen for all parameters, with the range set as
reported in Table 4. Two parameters describe the PA business model: the standard network tariff (ST)
and the fraction fp,r, which defines the ratio of PAT and ST. The ranges for the standard grid
tariff Py,;q v and the investment costs for smart control Pi,, smare Were chosen based on scenarios

provided by the project partners. The bounds for fp,r were kept wide, ranging from no discount at
all (fpar =1 and PAT = ST) to an aggressive strategy where PAT is only 10% of ST. The parameter
b,,, representing the annual percentual change of energy price, was varied so that the resulting prices
stayed within the bounds of existing forecasts [62], [68], as shown in Figure 6. The parameters dpg; min
and dpe;may reflect the volatility of electricity prices. The minimum and maximum values were

selected based on scenarios provided by the project partners.
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498
499 Figure 6: Future evolution of energy price. The solid line shows the future price calculated with Eq. 8, using the default
500 parameter value for the annual increase (3% per year). The stippled lines show the development with minimum and
501 maximum parameter values.
502 Values for parameters such as the adjustment times are typically obtained through calibration.

503  As this study is concerned with business models that have not yet been implemented, there is no
504  historical data available for calibration. Therefore, to define the range for these parameters, it is
505  necessary to consider previous studies. For example, Kubli (2018) [59] obtained adjustment times
506  between 1 and 4 years for the installation of photovoltaic panels by industrial customers. Here, the
507 AT for the installation of smart control (ATrar) was varied between 1 and 4 years. It was assumed
508  that, as the installation of flexible loads represents a much greater investment, the corresponding
509  adjustment time (ATied) is much longer (5 to 20 years). Values for the parameter f were also
510  obtained through calibration by Kubli (2018), and ranged between 4.7 and 13 for industrial customers.
511  For the two familiarity parameters ly oy and lcgy, Struben & Sterman (2008) suggest ranges of 0 -
512 0.3 and 0 - 0.02, respectively. These values are based on previous studies on consumer goods and do
513  not necessarily describe the situation examined in this study. First, industrial customers probably
514 behave differently from private customers and are likely more receptive to marketing efforts if the
515  product can help their business. Second, due to the small market size, the utility can easily reach all
516 its customers. For these reasons, the range for .z, was set substantially higher.

517  3.2.4. Model Validation

518 To acquire confidence in the model, several workshops with practitioners were performed. In
519  these workshops, our industrial partners verified the structure and the most important parameters
520  of the model. We had the opportunity to corroborate the existence and importance of the different
521  feedback loops for the real-life situation of our case study. However, due to the lack of historical data,
522  a detailed validation of the model was not possible. Nevertheless, we verify the response of the
523  system to extreme conditions and perform sensitivity tests as reported in Section 3.2.3. Finally, we
524  also validated the results with practitioners and ensured that the behavior projected by the model is
525  likely and could be explained.

526 4. Results

527  4.1. Simulation Results

528 For the PtH case, Figure 7 a) and b) show the development of installed flexibility capacity in the
529  grid for the two scenarios (BAU and climate policy (CP)) and two different assumptions on the
530  percentage of electricity consumption stemming from the customers’ own renewable generation
531 (frenew, 60% and 80%). To give a sense of the importance of these new technologies, installed
532 flexibility capacity is expressed here as a percentage of peak demand. The fraction fyeney has a
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533 greater influence on the diffusion of PtH in the BAU scenario than in the CP scenario, since as
534  mentioned before, the model assumes that the energy coming from own renewables has no cost.
535  Consequently, the profitability of PtH increases with the percentage of own RES. Under the CP
536  scenario, as the wholesale price is decreased for electricity and increased for natural gas, PtH is more
537  competitive. Therefore, the percentage of renewables only has a marginal impact. The GHG
538  emissions savings (Figure 7 ) and d)) are expressed as a percentage of the total emissions from
539  process heating if all customers in the grid used a gas boiler. Clearly, the savings are larger in the CP
540  scenario, where the electricity mix has a very low emission factor at the end of the simulation period.

541
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542
Figure 7: a) and b) Installed PtH capacity, expressed as a fraction of peak demand in the local grid, for the BAU
scenario (a) and the CP scenario (b), with different percentage of electricity consumption from own renewable
sources. c) and d) GHG emission savings in the PtH case, expressed as a percentage of emissions in a hypothetical
case where no customers switch from a gas boiler to PtH.
543
544 The diffusion of PtH (Figure 8 a) and b)) shows that the BAU scenario is not favorable to the

545  diffusion of this technology. The situation changes somewhat under the CP scenario, but only if a
546  large share of own renewables is available on site to cover the PtH: electricity demand. Consequently,
547  the GHG emission savings (Figure 8 c) and d)) are also small or inexistent. As for PtH, installed
548  capacity is expressed as a percentage of peak demand in the grid, and emissions savings as a
549  percentage of the emissions that would occur if none of the customers switched from the reference
550  case (steam methane reforming) to PtH.
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Figure 8: a) and b) Installed PtH, capacity, expressed as a fraction of peak demand in the local grid, for the BAU

scenario (a) and the CP scenario (b), with different percentage of electricity consumption from own renewable

sources. c) and d) GHG emission savings in the PtH; case, expressed as a percentage of emissions in a hypothetical

case where no customers switches from steam methane reforming to PtH..

For batteries (Figure 9), the diffusion takes place slightly faster under the BAU scenario at the
beginning of the simulation. This is because in this scenario, the price of the electricity coming from
the grid is higher and thus the self-consumption business model is more profitable. With time, the
penetration of renewables in the CP scenario is very strong and thus the associated installed battery
capacity is larger than the BAU scenario. As the use case for batteries does not entail the substitution
of another technology and is therefore not based on a comparison with a reference case, GHG

emission savings could not be calculated.
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560 Figure 9: Installed battery capacity, expressed as a fraction of peak demand in the local grid, for the BAU scenario and
561 the CP scenario.
562  4.2. Sensitivity Analysis
563 As shown in Figure 10, the speed and extent of the diffusion of flexibility technologies and the

564  PAT offer differ greatly depending on technology, scenario and parameter values. For PtH, under
565 the BAU scenario, many simulations lead to zero customers until the end of the simulation, while
566  some simulations reach a number of 19 customers (out of 45 potential customers in the simulated
567 market). Under the CP scenario, there are fewer simulations with zero customers, and the simulations
568  with the greatest number of customers reach a number of 28. In some simulations, the onset of
569  customer growth occurs quite late. For PtHo, there is barely any customer growth in the BAU case,
570  and only in a few simulations in the CP case. But even under this scenario, there is hardly any growth
571  in the first 10 simulation years. For batteries, the spread between simulations is again rather large,
572 with a substantial number of simulations with zero customers under both scenarios, and final
573 numbers of up to 19 and 22 customers under the BAU and CP scenarios, respectively.
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Figure 10: Evolution of the number of customers having installed flexibility and subscribed to PAT in the 2000

sensitivity runs. The line to the right of each plot shows the kernel density estimate for the number of customers at

the end of the simulation period (2050).

The random forest algorithm calculates an estimation of the percentage of variance of the
dependent variable explained by the model (see Liaw and Wiener, 2002). For the meta-models used
in the sensitivity analysis, these scores are reported in Table 5. In most cases, the meta-models explain
a large percentage of the variance of the dynamic model outputs, meaning that they appropriately
capture the influence of parameter values on the output. However, in the case of PtH2 under the BAU
scenario, this score is very low, since the number of customers at the end of the simulations is zero in
nearly all simulations. For this reason, the sensitivity analysis was not carried out for this case.

Table 5: Percentage of the variance of model outputs explained by the random forest meta-models

BAU CPS
PtH 94.82 % 86.55
%
PtH2 6.07 % 69.18
%
Batteries 84.39 % 84.17
%
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586

587 For the presentation of parameter sensitivity scores on Figure 11, parameters were divided into
588  two categories: “hard” parameters, representing technological and economic factors, and “soft”
589  parameters, related to decision-making. This distinction is only represented graphically and had no
590  influence on the meta-modeling process.

591 For PtH under the BAU scenario, the most important parameter is f;eney, the percentage of
592  electricity consumption that can be covered by self-consumption of electricity produced on site from
593  renewable sources. The next two parameters belong to the “soft” category and describe the delay in
594 adoption of flexible technologies (AT;yqq res) and the influence of direct marketing by the utility (Icga)-
595  The grid tariff reduction factor under the PA offer (fp,r) and the annual energy price increase (b,;)
596  are also somewhat important, while the other parameters have little to no influence on model results.
597  Under the CPS scenario, while fyo., is still important, AT}qq,es becomes the most influential
598  parameter. The CO2 tax Pcy,, which is set to zero in the BAU scenario, is also quite influential under
599 CPS. For PtH>, the three most influential parameters belong to the “hard” category, i.e. frenew, Pcoz
600 and the number of running hours H,,pning- For the “soft” parameters, AT},q4 s is of intermediate
601  importance and lcgy haslittle influence. In the case of batteries, there is little difference in parameter
602  importance ranking between the two scenarios. Under both scenarios, the most influential parameter
603  is fpar, followed by the maximum energy price difference dpemax- Next are the two “soft”
604  parameters ATjpqqres and lcgy. Lastly, the feed-in tariff Prr and standard grid tariff Py, s are of
605 intermediate importance, while the remaining parameters have little influence.
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607 Figure 11: Parameter importance scores obtained in the sensitivity analysis. The score shown is the “Mean decrease in

608 accuracy” indicator of the random forest meta-models. The higher the score, the more influence a parameter has on

609 model outputs.

610  4.3. Roadmap
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During the development of the project, we identified the most important barriers for the
successful diffusion of flexible electrification technologies and the adoption of the proposed
business model. Furthermore, through experimentation, we recognized the most important actions
points needed to overcome these barriers. These insights were derived from the interpretation of
the results, which is expanded on in the next section. With this information, we developed a
roadmap (Figure 12) that coordinates the future action points among different actors (regulatory
authorities, DSO, technology providers and utilities).

The role of the regulatory authorities is twofold: to provide the necessary grid conditions to
allow the implementation of time-based business models, and to enact a CO2-oriented reform of
taxes, charges and levies on the different energy carriers. DSOs are called to offer new products
that incentivize the customers to offer flexibilities, whereas technology providers and utilities
should offer new complementary business models for flexibilities.

Short-term (2020) Medium-term (2030) Long-term (2050)
g Climate Policy (Europe) CO,: -20%; RES Percentage: 20% CO,: -40%; RES Percentage : 27% CO,: -80%; RES Percentage : 100%
£
‘«g Energy market Electricity price 1: Gas price 1 Electricity price 1 1; Gas price 1 Electricity price 1; Gas price 1 1
4 Electricity grid Enough capacity Capacity constrains - Need to upgrade the grid or implement ICT based solutions
§, Flexible technology cost Batteries | | | Batteries | Batteries —
E Power-to-Heat — Power-to-Heat — Power-to-Heat -+
E Power-to-Hydrogen | | Power-to-Hydrogen | | Power-to-Hydrogen |
Politics / Regulatory Authority D the Y reg Y to use Adjust the framework conditions to unse
(n-1)-Condition the (n-1) band Enable the use of the (n-1) band by flexible
technologies
Funding of further pilot and demonstration projects on flexibilities and the potential of using the (n-1) band
Discussion of new tariff structure (DSO) DSO Tariff release (= Enabling PAT)
1
£
® Discussion on tax reform of energy sources Appropriate taxation of energy sources after GHG emissions
e
g Framework conditions Reallocation of ICT costs ICT costs placed in equal measure to network expansion
]
2 Distribution System Operators Implementation of & participation in further pilot projects regarding flexibilities,
E use of n-1-band & new tariff systems
I)zf. Planning new tariff structure I | Offer incentives for flexibility (e.g. Implementation of PAT)

| Development of ICT (among others ion of i |

[ Use of flexibilities and ICT (Instead of grid expansion)

I Promote flexibllity solutions |

1:‘“""‘9?'{"7’“""' & | Offer new business models for flexibility (among others new attractive tariff models for regional RES-E products to avoid curtailment)
nergy utilities

Participation in pilot projects for the further development of technologies and business models as well as the
% identification of customer requirements

Figure 12: Roadmap for the implementation of the Power Alliance business model

611 5. Discussion

612  5.1. Methodical Approach

613 This paper developed a methodical framework consisting of the tailored integration of
614  forecasting methods for business model innovation as a cost-efficient approach for experimentation
615  under high uncertainty. Uncertainty in this case stems from two main sources: the potential for vastly
616  different but equally plausible future economic and regulatory conditions, and a lack of empirical
617  data for model building and parameterization. In this study, system dynamics, exploratory modeling
618  and technology roadmapping were used for the design and analysis of a novel business model in the
619  uncertain environment of the energy transition. With this integration, we profit from the strengths of
620  each approach while at the same time minimizing their intrinsic disadvantages (see Sect. 2). First, we
621  used the principles of BMI to identify and define new business opportunities for a DSO in the
622  changing energy environment. In a series of workshops, we defined the characteristics of the new
623  business model. The business model canvas (Figure 3) proved to be a useful tool to facilitate the
624  discussion among the participants. For the experimentation phase, a SD model was set up to evaluate
625  future market development and the prospects of the proposed business model under various future
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626  economic and regulatory settings. The model building process consists of mapping and
627  operationalizing causal relationships between environmental factors, economic viability of flexibility
628  technologies and customers’ willingness to invest in them. This process yielded insight into market
629  dynamics, as information was elicited from different actor groups. As the proposed business model
630  was based on technologies that are currently rarely implemented and not well known by the target
631  customers, there was only a limited empirical basis to build a model of the system and select values
632  for parameters. Instead, the simulation model was constructed using well-known concepts from the
633 literature on technological change, such as familiarity and scarcity effects. Under these conditions, a
634  careful assessment of the uncertainties (see below) and limitations (see Sect. 5.3.) of the model was
635  necessary.

636 Making the various sources of uncertainty explicit and quantifying their effect through
637  computational experiments is a way to gain insight from a simulation model under high uncertainty
638  [23].In this study, sensitivity analysis had two functions: estimating the uncertainty of model outputs
639  arising from uncertain parameter values and identifying potential levers of action and sources of
640  uncertainty for the implementation of the business model considered. Both types of uncertainty
641  contributed to the large spread of model results shown on Figure 10. The former function is especially
642  important when no historical data is available for model calibration, as in this case. The parameters
643  categorized as “soft” on Figure 11 refer to factors that are difficult to quantify in reality. They serve
644  asproxy tointegrate various economic, societal and human factors in the model structure. Two “soft”
645  parameters were highly influential: the adjustment time strongly influences the adoption of flexible
646  technologies and customer relationship management has a great effect on familiarity. As discussed
647  in Section 3.2.3, a range of values was obtained from previous studies, where similar process
648 formulations were used, but as these studies were carried out in different context, their values could
649  not be directly transferred. Hence, the range for these parameters had to be kept broad, contributing
650  to the spread of model results. Two other intrinsically uncertain parameters are the annual increase
651  of energy price and maximum energy price difference, which is a measure of energy price volatility.
652  The choice of a value for these parameters reflects an assumption on the future development of the
653  power market.

654 While the sensitivity analysis assesses the uncertainty of model outputs due to parametric
655  uncertainty, it does not account for other sources of uncertainty, due e.g. to uncertainty in time-
656  varying inputs (e.g. technology prices) and in the model formulation itself [69], [70]. For a simulation
657  study to be useful, it is crucial to address these sources of uncertainty [71]. In this study, this was
658  done by involving actors in the model development process and eliciting parameter ranges and input
659 values as well as causalities from experts. Also, the selected method allows the estimation of
660  parameter importance at one point in time only (in this case, at the end of the simulation. Other
661  methods for parameter importance assessment, e.g. calculating the correlation coefficient between
662  parameter values and outputs, allow an examination of how parameter importance changes
663  throughout the simulation [72]. On the other hand, the advantage of the random forest method
664  applied here is that non-linear relationships between parameters and outputs, as well as interactions
665  between parameters, are usually well captured by the statistical model.

666 In a last step, the insights of the whole process were summarized in a roadmap. This tool helped
667  us translate the simulation insights into concrete recommendations and to present a coordinated
668  action plan for different actors. The recommendations consist of concrete action points over time
669  needed to reach the desired future.

670 While this paper focuses on a specific case in the energy sector, we expect that the method
671  presented here can be transferred to other business contexts or sustainability transitions. Indeed,
672  system dynamics was shown to be a valuable tool to conceptualize the process through which firms
673  reconfigure their business models in the context of sustainability transitions [73], [74]. With its focus
674  on (deep) uncertainty, the method applied here can complement these approaches to address the
675  research gap on implementation and challenges of new business models (see e.g. Geissdoerfer et al.,

676  2018)[75].

677  5.2. Implications for Policy, Strategy and Research
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678 Under current regulatory conditions, where electricity is strongly charged with taxes and levies,
679  the diffusion of Power-to-Heat and Power-to-Hydrogen is very slow. This is consistent with previous
680 findings [44], [57], [76]. Here, authorities have a high-leverage point to influence the adoption of
681 flexible electrification technologies through a COz-oriented tax reform. Furthermore, the sensitivity
682  analysis showed that one of the most influential parameters for the adoption of these technologies is
683  the percentage of electricity consumption that can be covered by own RES. This suggests that the
684  promotion of electrification technologies should go hand in hand with the support of local
685  renewables. An additional measure would be to facilitate the use of local surplus renewables by
686  reducing its cost and thus avoiding curtailment [77]. The relatively low sensitivity of model results
687  to the annual energy price increase suggests that these measures would be effective regardless of the
688  future energy price evolution.

689 There are important differences between technologies regarding the influence of environmental
690 factors. For batteries, the simulated diffusion is almost independent of climate policy. Indeed, the use
691  case selected here — increase of self-consumption combined with arbitrage — is already profitable
692  under the current regulatory framework. Also, the diffusion of batteries is less sensitive to the fraction
693  of own RES. On the other hand, energy price volatility and the level of a feed-in tariff are rather
694  important determinants for the self-consumption savings, and thus for the profitability of the studied
695  use case. The battery case also differs from the two other technologies through the importance of the
696  per-capacity grid tariff and the reduction associated with the PA offer. These differences show that if
697  a customer can choose between different flexibility technologies, their choice may depend on the
698  specific configuration of their plant (e.g. the capacity to generate electricity from own sources) and
699  their assumption regarding the future economic and regulatory environment. In the PA business
700  model, one of the key activities of the DSO is to provide consultancy services to their customers.
701  Further research on the internal and external factors influencing the comparative advantages of
702  different technologies will be useful to define appropriate customer segments.

703 Finally, it is worth noting the high importance of some soft parameters of the simulation model.
704 While hard parameters determine whether an investment decision is profitable, soft parameters
705  determine how fast the diffusion process takes place. As discussed in Section 5.1, these parameters
706  integrate various factors not explicitly accounted for in the model. For example, the adjustment times
707  represent system inertia, i.e. the factors that keep customers from adopting a technology even after it
708  becomes economically viable. Some of these factors are related to the perceived utility of flexibility
709  technologies and load management by customers [47], [48]. As the objectives of authorities (meeting
710  their GHG emission reduction targets) and DSOs (keeping the grid ready to deal with a higher share
711 of intermittent renewables) are highly dependent on timing, it is crucial to address these barriers to
712 technology diffusion. Further research should examine the causes of these barriers and provide
713 guidance for DSOs and utilities to offer products where customers’ concerns are addressed.

714 5.3. Limitations of this Study

715 The simulation model was developed with the aim of understanding the drivers and barriers to
716 the success of the proposed business model and assessing the influence of uncertain parameters and
717  future conditions. Model structure was deliberately kept simple to facilitate participatory modeling
718 and computational experiments, following the recommendations of Bankes (1993) [34] and
719  Ghaffarzadegan et al. (2011) [36]. Tractability and ease of handling come at the expense of
720  completeness and precision. Therefore, the model cannot be expected to produce realistic forecasts
721  of market dynamics under technological change, and the results from this study should not be
722 understood as such. For example, the assumption that all customers are identical and can choose only
723 one flexibility technology is clearly unrealistic. Rather, the simulation model forms the basis for
724  computational experiments, where the outcome is the identification of drivers, barriers, leverage
725  points and main sources of uncertainty. For the same reason, the two scenarios defined in this study
726  are not meant to be complete and fully consistent, but to provide plausible boundary conditions for
727  two possible future regulatory environments.
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728 The use cases studied here only represent a small subset of the possible use cases for flexibility
729  technologies. They were selected based on the specific needs of the industrial partners who
730  participated in the workshops. For example, flexible loads may participate in balancing energy
731  markets to generate revenue, or the hydrogen obtained via electrolysis may be used as an energy
732 carrier. Also, for each use case, the technical specifications (e.g. installed capacity) were treated as a
733  given. With different use cases and specifications, the study might have reached different conclusions
734  regarding the diffusion of different technologies. In addition, the proposed methodical framework
735  needs to be tested and probably advanced in other business model innovations settings under high
736  uncertainty in order to prove its value for practical application.

737 6. Conclusions

738 This paper presents a tailored methodical framework to assess the prospects of innovative
739  business models under high uncertainty, applied to a case study in the energy sector. Business model
740  innovation methods were used to identify new opportunities for a grid operator in the context of
741  socio-technical transition to a low-carbon system; system dynamics and exploratory modeling
742  approaches were used to assess under which conditions the proposed business model is promising;
743  and technology roadmapping was used to visualize insights and provide recommendations for
744 coordinated action to different actor groups. The proposed business model aims at reducing the need
745  for grid expansion as the penetration of intermittent energy sources increases, by centralizing the
746  management of some industrial appliances that have a certain degree of flexibility. In return,
747  customers who choose to participate get a preferential grid tariff. A system dynamic model was built
748  to simulate the diffusion of three flexible electrification technologies, upon which the success of the
749  proposed business model depends. Analyzing the model with varying parameter values and
750  boundary conditions yielded insights into the sensitivity of modeled diffusion to various economic,
751  regulatory and soft factors. These insights were translated into concrete recommendations and
752  visualized in a roadmap. This tool helped to orchestrate recommendations of actions among different
753  actors.

754 Based on study results, concrete recommendations were formulated for coordinated action to
755 create the conditions necessary for the success of the proposed business model. This study
756  highlighted the role of energy costs as one of the main barriers for the adoption of flexible
757  electrification technologies, as wholesale electricity prices are not cost-competitive with fossil fuels
758  under current regulatory conditions. Policymakers have two important leverage points to overcome
759  thisbarrier: implementing a tax reform on energy carriers by including an appropriate price for GHG
760  emissions, and increasing the use of renewable generation facilities at local scale through measures
761  to reduce curtailment. For distribution system operators, an important insight is that under a more
762  stringent climate policy, the diffusion of electrification technologies will likely be faster. This means
763  that new electric loads will be attached to the grid. To reduce grid expansion costs, DSOs should be
764  prepared to offer new incentives to promote flexibility services, such as in the proposed business
765  model. Also, this study highlighted the importance of customers’ perception of the benefits and risks
766  of new technologies, as a lack of information or a negative perception can greatly slow down the
767  diffusion of these technologies even if they are profitable. Therefore, it is crucial for DSOs to know
768  customers’ concerns regarding electrification technologies and load management and ensure that
769  they are addressed by the offered products. Finally, utility companies and technology developers
770  should start offering new complementary business model to ensure the profitability of flexible
771  electrification technologies and to reduce their dependency on external factors.

772 The purpose of combining business model innovation, system dynamics and exploratory
773  modeling is to understand under which circumstances a proposed business model is promising, to
774  identify what coordinated action should be taken to create favorable conditions for a business model,
775  and to find out where more information and knowledge are most urgently needed. A strength of this
776  method is that it enables business model experimentation at low cost, explicitly accounting for
777  uncertainty regarding market dynamics and future economic and regulatory conditions. Where there
778  islittle empirical basis for model building, insights from previous studies and theory on technological
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779  change can be leveraged to represent processes in a plausible way. We suggest applying this
780  approach in further business model innovation contexts and to improve the interplay between
781  business model innovation, system dynamics and technological roadmapping.

782 Supplementary Materials: The following are available online at www.mdpi.com/xxx/s1, Sections S1: Definition
783  of use cases for flexible electrification technologies; S2: Utility functions in the system dynamic model; S3:
784 Scenario definition .
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