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Abstract: Recently the inadequacy of planning and forecasting techniques for 
innovations with high levels of uncertainty has become a subject of intense 
research. In this paper a stochastic approach is presented which integrates 
uncertainty in a foresight methodology based on multi-dimensional quantitative 
key performance indicators (KPIs). A Monte Carlo Simulations delivers the 
prognoses of the KPIs based on a system model and stochastic input 
parameters.  

The new foresight methodology is applied to identify the best future electric 
bus system for the city of Berlin which will be realized within the e-mobility 
showcase program of the German federal government. 

The methodology is evaluated by expert interviews regarding its value 
added, limitations and the applicability in other use cases. 
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1 Introduction 

Today's technological innovations like electromobility (e-mobility) require a complex 
combination of different integrated subsystems (e.g. vehicles, charging infrastructure, 
batteries etc.). The complexity of such technological systems implies long research and 
development times and high capital expenditure. This in turn translates into the need to 
provide adequate decision-support tools in order to choose the optimal new system design 
and anticipate the time where the new attains superiority, compared with the current 
system. 



 
 

This paper was presented at The XXIII ISPIM Conference – Action for Innovation: Innovating 
from Experience – in Barcelona, Spain on 17-20 June 2012. The publication is available to ISPIM 

members at www.ispim.org. 

 

2 
 
 

In current industry practice the decision making process is typically based on 
deterministic one-dimensional prognoses and subjective assumptions about future 
developments of technologies and markets. Profound decisions in complex innovation 
processes like, the electrification of urban transport systems require to make multiple 
assumptions about the boundary conditions in the future. The uncertainty of decisive 
factors such as cost of energy, raw material, batteries, charging infrastructure, personnel 
and emissions certificates illustrate the challenge faced by forecasters and decision 
makers.  

This article presents a novel approach to decision-making in uncertain environments 
where the aim is to predict the point-in-time where a new technological-system attains 
superiority compared to the prevailing system. For this purpose we developed a multi-
dimensional model of key performance indicators. 
The research design consists of two parts. Initially a foresight methodology to anticipate 
the relative systems performance of current and future technological systems, applied in a 
real-life case: the “E-Bus Berlin” project (Spangenberg & Goehlich, 2013). Then 
subsequently we evaluate the method by expert interviews regarding its applicability in 
other cases.  

The following research issues are addressed:  

1. Value added of the methodology 

2. Possible applications  

3. Limitations and needs for improvement 
 
The method allows evaluating complex technological systems, for which it is particularly 
important to obtain hard evidence of their future performance in order to convince 
stakeholders to push for the new system. This is especially the case for sustainability 
innovations (Johnson & Suskewicz, 2009; Rohrbeck, Konnertz & Knab, 2013). This 
approach refers to the field of innovation management, particularly systemic or 
sustainability innovations. 

2  Planning and forecasting techniques under uncertainty 

In recent years an increasing number of publications have addressed the inadequacy of 
planning and forecasting techniques in cases with high levels of uncertainty (Courtney, 
Kirkland & Viguerie, 1997; Rohrbeck, Konnertz & Knab, 2013). This has led to first 
suggestions on how to combine foresight with decision-making methods to overcome this 
inadequacy (e.g. Saritas & Aylen, 2010; Heger & Rohrbeck, 2012). However the 
proposed approaches have still weaknesses, for example scenario-based approaches 
provide more than one (more or less extreme) possible outcomes, but fail to utilize the 
full range of possible developments (Ringland 2010, Schoemaker, Day et al. 2012). In 
addition they focus on only one point of time in the future. Thus they are ill-suited to help 
in choosing an optimal point-in-time to switch to a new system.  

In finance and physics, uncertain systems-behaviours are simulated often by the 
Monte Carlo method, which uses stochastically modelled input parameters. But this 
method has attracted little attention in the research and practice fields of strategic 
foresight and innovation management.  

Typically technology-planning methods such as technology roadmapping (TRM) are 

based on a qualitative methodology and identify the relationship between technology and 

time (EIRMA 1998, Farrukh, Phaal et al. 2003, Groenveld 2007). Recently quantitative 



 

techniques have been introduced into technology roadmapping as well (Lischka and 

Gemünden 2008, Yoon, Phaal et al. 2008, Pagani 2009). 

Qualitative techniques are often based on structured workshops where a group of 

experts identifies the relevant elements of the TRM. The contents are derived in a 

subjective form from the know-how and expertise of experts. A good example of such an 

approach is the T-Plan method (Phaal, Farrukh, Mitchell and Probert, 2003). 

The quantitative approach is based on objective data and mathematical algorithms 

rather than subjective judgments. However, data generation and data processing are not 

free from errors due to misinterpretations and false estimates. 

Hence an approach, which combines the positive aspects of both quantitative and 

qualitative techniques, is favorable (Kostoff and Schaller, 2001; Ma, Liu and Nakamori, 

2006). In this paper a combined simulation-based method, customized for the challenges 

of systems innovations like the electric bus, is presented.    

3  The E-Bus Berlin Project 

The presented method was initially developed to address the question when and how a 
new electric public bus system could be introduced in the city of Berlin. It is a part of 
feasibility study, which was carried out in preparation of the E-Bus Berlin project funded 
by the German federal government (Goehlich and Spangenberg, 2013). 

The replacement of conventional Diesel-busses by an electric bus system is an 
example for a very complex innovation process. Such an innovation is based on product 
innovations like new battery technologies as well as process innovations like charging 
management or smartphone based applications. All sub-components are strongly 
interdependent as for example the value of an electric bus is limited if compatible 
charging stations are not available. The vehicle only attains its value added, in 
comparison to conventional busses, if all necessary sub-systems like electric power 
generation, charging infrastructure, energy storages, electric driventrain, power 
electronics and regulatory framework are compatible and complementary.   

4  Foresight Methodology 

The objective of the developed method is to support the decision making process 

regarding the identification of the most suitable urban bus system to invest in, as well as 

the right time to market. In this context it has to be determined, which new bus systems 

are mature enough for the market and are competitive to replace the conventional diesel 

bus system. This information enables a long term planning of R&D resources.  
The developed foresight method can support the decision-making process of the 

different stakeholders involved in the public transport sector. A bus manufacturer can 
obtain a suitable technology roadmap for the electromobility R&D strategy while a public 
transport authority can use the results to plan the introduction of electric busses in its 
fleet.  

The overall methodology is based on a system evaluation by key performance 

indicators (KPI). By simulating the KPIs stochastically, the future system behavior under 

changing boundary conditions can be predicted, taking uncertainties into account. The 

methodology consists of seven steps as shown in figure 1. 
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Figure 1: Foresight Methodology Overview 

 

System Alternatives (1)  

As a first step system alternatives. are identified by explorative technology foresight 
activities like technology scouting, patent analysis or future-workshops.  In the case of a 
public bus system several technological alternatives to the conventional diesel buses are 
available.  Natural gas, electric or fuel-cell driven busses could be considered and 
analyzed. The methodology can be applied to any system technology but in this study we 
concentrate on battery electric busses vs. diesel busses.  

Key Performance Indicators (2)  

The performance of alternative electric bus systems is forecasted based on three key 
performance indicators (KPI) - The first performance indicator measures the total cost of 
ownership (TCO) as an economic objective. The second indicator is the specific 
emissions factor (SEF), which measures CO2-emissions per output unit as an 
environmental objective, which represents a societal objective. The third indicator is the 
system technology readiness level (STRL), which is not an objective on its own right, but 
which is an indicator for the maturity of technologies and possible technical problems 
associated with system integration (Mankins, 2009; Hicks, et al. 2009).  

Due to the fact that the future system performance cannot be predicted by experiments 

of prototypes, we apply here a system-simulation technique. The future development of 

the system KPIs is influenced by the boundary conditions, represented by the input 

parameters of the simulation. These are, for example economic variables like the prices 

of fuel, electricity or raw materials, technological variables like efficiency factors and 



 

durability or also ecologic factors like the share of renewable energy sources and their 

carbon footprint.  

System Modelling (3)  

System engineering provides a set of tools that support an analysis of the system 

structure, which is needed to set-up a proper simulation model (Lindemann, Maurer and 

Braun, 2009). The elements of the system, their relationship and input/output 

relationships have to be identified. The design structure matrix method, which provides a 

methodology for the structuring of complex systems into interrelated subsystems and 

components, has been applied here. 
The stochastic model for the TCO calculation in the case of an electric bus system is 

shown in figure 2. The model is structured in the following five major categories: 

vehicle-, financing-, operating-, infrastructure- and emission-cost. Each of these 

categories contains subcategories that have more or less influence on the TCO and its 

uncertainty. To reduce the complexity of the simulation model, only input factors of 

subcategories with a high sensitivity and volatility are modeled stochastically. These 

input factors are defined by systems engineering and a regressions analysis. In the case of 

the electric bus systems the cost of innovative new components like Li-ion-batteries, 

power electronics and energy cost are selected to be modeled stochastically.    

 

Figure 2 Composition of the applied TCO model indicating the stochastic input 
parameters, exerpt from Goehlich, Spangenberg and Kunith (2013) 
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Typically the maturity of applied technologies is evaluated using a technology readiness-

level logic, which indicates the market-readiness of the overall technological system on a 

scale from 1-9. For complex innovations several subsystems have to be evaluated 

simultaneously and compiled into a system technology readiness level (STRL). In this 

context the STRL-model developed by Hicks, Larsson, Culley and Larsson (2009) is 

used.   

The STRL is composed of the weighted average of subsystems. The weight of a 

subsystem results from its criticality on a scale from 1-3. Figure 3 shows an excerpt of 

the STRL simulation model for the electric bus system. The stochastic modeling and 

simulation of the system technology readiness level (STRL) has been described in more 

detail by Spangenberg and Goehlich (2013). 

 

Figure 3 Exemplary structure of simulation model for the STRL of an electric bus 
system with inductive charging (excerpt) 

Input Parameters (4)  

Subsequently the input parameters have to be quantified. The data sources should be 

selected by experts that have a good overview over the system and possible information 

sources. In the case of the electric bus system, internal and external studies, expert 

estimations and Internet data bases are chosen to get the best information available.  

By that approach the knowledge of specialized internal or external experts in a 

particular field (e. g. battery technology) can be used even if these experts do not have a 

grasp of the entire system. This technique enables an effective information search. On the 

other side, using multiple experts or studies as data-input may be problematic due 



 

different assumptions made. Therefore a predefinition of basic assumptions and a 

consistency check is vital to ensure a high validity.   

The primary source of uncertainty is due to the prognosis of input parameters. Based 

on the sources minimum, maximum and expected values are derived. An example for 

financial PERT-values is shown in table 1. Financial values are primary defined by 

market studies and analytical economic forecasts whereas future technology readiness 

levels are delivered by expert estimations.  

Table 1 Exemplary input parameters with a high degree of uncertainty 

 

Source: Göhlich, D.; Spangenberg, F.; Kunith, A. (2013)  

 

Using this limited number of values makes the methodology manageable and reduces the 

effort of application in industry practice. 

Monte Carlo Method (5)  

The stochastic modeling of input parameters increases the system complexity drastically. 

Hence the simulation cannot (or only with very high investment) be calculated by 

analytical approaches. Therefore the developed methodology applies the Monte Carlo 

method, which estimates the real statistic distribution of the KPIs by iterative random 

experiments and the law of large numbers. The probability distribution of the KPIs can be 

illustrated by histograms.  

The quantity of iterations required depends on the accuracy needed and spread of 

possible results. The higher the number of iterations the more the simulated distribution 

converges to the actual distribution. In the case presented, approx. 1000 iterations are 

required using the approach of Driels and Shin (2004). For the simulation of such a high 

quantity of random experiments, standard spreadsheet software like Microsoft-Excel is 

not sufficient. Instead special software tools are required that support stochastic modeling 

of input parameter, generation of random numbers, professional data analysis and 

graphical result representation. As a result of an evaluation of different software 

alternatives the software Palisade Decision Tolls Suite has been chosen.  

 
2013  2020 2030 

Min. Exp. Max.  Min. Exp Max. Min. Exp. Max. 

Battery system 
60kWh [T€] 

120 140 280  60 72 144 15,5 25 50 

Diesel price 
[€/l]* 

0.90 1.10 1.30  1.07 1.37 1.73 1.20 1.68 1.90 

Electricity price 
[€/kWh]* 

0.09 0.11 0.12  0.12 0.13 0.15 0.13 0.15 0.17 
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The input parameters are modeled by the project evaluated and review technique 

(PERT). This technique, initially developed for military network planning, is widely used 

in the planning of projects under uncertainty like for example in R&D (Wiest and Levy, 

1969).  

Estimations of the optimistic (o), most likely (m) and pessimistic (p) value of a 

specific parameter are modeled to a beta-distribution (Moder and Phillips, 1964) and used 

as an input for the Monte Carlo Simulation. The most likely scenario is weighted by the 

factor k, which represents its relative probability.  

The following formula enables the calculation of the expected mean value of the 

Beta-PERT distribution: 

µ = (o+qm+p) / (k+2) 

With the following standard deviation:   

σ= (p-o) / (k+2) 

Technology Information Management System (6)  

The Monte Carlo Simulations delivers the stochastic distribution of the KPIs based on a 

stochastic model and input parameters. The representation of the results as a histogram 

gives the decision makes a good overview regarding the possible range and probability of 

outcomes. To forecast the future performance of a technology, the simulation is executed 

for different points of time in the future by adjusting the boundary conditions based on 

forecasts of the input parameters. The length of a suitable forecasting horizon depends on 

the length of the product life cycle, the data available as well on the personnel resources 

available.  

The simulated probability distributions have to be transferred into comprehensible 

decisions, which are realized by a new structured method that we name Technology 

Information Management System (TIMS).  

The TIMS provides a graphic representation of the simulation results and enables a 

systematic deviation of a technology roadmap with accompanied resource planning.  

In the case of multidimensional indicator systems the questions regarding the 

interpretation become important. One possible solution is the aggregation of the multiple 

indicators to one top-indicator that represents the overall performance. However, this 

raises the question of a reasonable weighting. Furthermore if the indicators are 

aggregated, a system may seem to have a good performance due to averaging, even if 

some indicators are not acceptable. If for example the TRL of a system is really high and 

the SEF is quite low, the top-indicator may be also relative high even if the costs are not 

acceptable. In this case, the critical value cannot be identified and the top-indicator is 

misleading.  

To avoid this kind of distortion and misinterpretations of the top-indicator, every 

single KPI has to be assessed solitary. The decision making process is based on a traffic 

light system that helps interpreting the histograms by representing each KPI by the 

colours red, yellow or green.    

Red means that the system cannot be expected to comply with legal requirements or 

corporate minimum objectives regarding profitability or operational risk with an 

acceptable probability.   



 

Yellow means that the system can be expected to comply with legal requirements or 

corporate minimum objectives regarding profitability or operational risk with an 

acceptable probability.   

Green means that the system can be expected to comply with legal requirements or 

corporate minimum objectives regarding profitability or operational risk with an 

acceptable probability.  Furthermore it has a relative advantage in comparison to the 

existing system.  

The relative advantage is quantified by a difference/gap-analysis. That means that the 

difference between the system alternatives of the simulation results is calculated in each 

iteration. If the indicators have to be minimalized like e.g. the TCO, the values of the new 

system have to be deduced from the values of the old system. KPIs that are to be 

maximized are treated vice versa.    

Due to this step-by-step methodology correlation of the results, that are not obvious 

when comparing just the histograms of each system, can be considered. The differences 

of the simulation result are aggregated in a histogram to illustrate the probability of a 

relative advantage (see figure 4).    

Corporate minimum objectives and their minimum probability have to be defined 

beforehand by management decisions or in workshops. This makes decisions and risks 

transparent and comprehensible.      

 

 

 
Figure 4 Exemplary results of the valuation of electric bus systems  

 

The traffic light system provides information about the relative advantage or 

disadvantage a specific system. Our TIMS is based on the structure of a technology 

roadmap, but focusses in the system market relationships that is represented by traffic 

lights for each KPI (see figure 5). If all traffic lights are green, the new system is the 

favorable solution and should consequently replace the old system.  
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Figure 5 Technology Information Management System  

 

Roadmap Development (7)  

To develop the roadmap we start at the time where the new system becomes favourable 

and backcast, when the development of the subsystems needs to start. The results are to 

be fixed in a graphical roadmap. 

5  Interviews with Industry Experts 

The applicability of the developed method is evaluated by nine semi-structured 
interviews with industry experts, who are responsible for strategic planning of products 
or services in their companies. We decided to conduct in-depth interviews rather than 
mere questionnaire surveys, in order to assure that we obtain a thorough comparison of 
the current decision-support methods in the respective company and our novel simulation 
based approach. To enhance the generalizability of our study we choose large 
multinational companies from different industries, including: automobile, energy 
generation and distribution, utilities, waste management, pharmaceuticals and media. All 
companies are among the leading firms in their specific industry, regarding market share 
and innovativeness.  

The interviewees hold positions such as Technology Portfolio Managers, (Senior) 
Vice Presidents Strategy or are members of the board of directors, who are without 
exception faced with long-term decision-making using foresight and coping with an 
uncertain information base. These practitioners can be considered as lead users who have 
a strong need for such a method and have tried different approaches in the past. They are 
thus highly relevant respondents to comment on the methodological quality and the 
method’s applicability. 

 
 



 

The applicability-evaluation is structured as follows:  

1. the methodology, developed for the E-Bus Berlin project, as an application case, 

is presented by the interviewer 

2. the experts are interviewed based on a structuring guideline. The interviews are 

voice recorded 

3. the recordings are transcripted using predefined transcription rules 

4. the obtained date is analysed by a qualitative content analysis, based on 

Mayring, 2010  the process is illustrated in the flowchart in figure 6. 

5. based on the statements made, the value added, possible application fields of the 

method and further research gaps are identified. 

 

 

 Figure 6 Data analysis methodology based on Mayring (2010). 

 

The analysis has delivered the following findings:  

Value added 

Practitioners mentioned that nowadays the quantitative foundation of decisions is 
necessary. This is of relevance, especially in public owned companies and large 
corporations where transparent decision making processes are needed. A replicable 
methodology like the one presented here is helpful. Consideration of uncertain 
developments of boundary conditions becomes quite relevant to the companies due to 
faster changing environments that are caused by globalization and fast changing user 
demand. In this context the interviewees appreciate the possibility to evaluate a broader 
range of possible outcomes with the histograms. Experts agreed that one aggregated KPI 
is not sufficient; instead multiple KPIs are required to represent the different objectives of 
a company. Especially the consideration of the TRL has been assessed as vital to the 
success of the forecasting methodology. 
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Possible Applications 

Experts mentioned that the methodology is beneficial in projects with  

• high investments 

• high risk technologies (e. g. technology leaps) 

• long term product development processes. 

Furthermore the method is suitable to adjust the company’s position in the market, when 
technological disruptions occur (Christensen 1997). Because the existing technology is 
benchmarked against possible new competitors, companies can know beforehand, when 
its current business model is no longer vital. Hence they can start thinking early about 
reducing the size of their operations to focus on a market niche or to change the business 
model by adapting to the new developments.   

All experts agreed that the application of that methodology would be beneficial to 
their companies.  

Limitations and Needs for Improvement 

Experts mentioned the following limitations and needs for improvement:  

Due to the fact that managers are responsible for the decisions made in the company, 

the stochastic model and its assumptions have to be made transparent to them. Hence a 

methodology or tool for providing overviews without too much complexity should be 

supplied. This is vital to the acceptance, of such an approach.  

There have been some concerns about the effort needed for setting up the model and 

modelling input parameters stochastically. Therefore a methodology for defining the 

most critical input parameters, that have to be modelled with PERT has to be developed. 

An approach for handling this problem is a regression analysis that identifies the input 

parameters with the highest impact on the results.  

All interviewees mentioned that personnel resources required to keep the stochastic 

foresight process alive in dynamic environments should be kept within reasonable limits. 

In this context, the potentials of IT-supported workflow processes should be evaluated.   

6  Conclusion and Outlook 

The main contribution is to the field of strategic foresight and consists of the proposal of 
a new methodology that uses stochastic simulation to predict a system’s relative 
performance over time. The methodology is evaluated by industry experts with respect to 
its methodological quality and the applicability in industry practice. 

Companies or consortiums can use the approach as a starting point for technology 
planning and roadmapping. It is particularly useful for systemic and sustainability 
innovations and for translating technology monitoring results into R&D planning.  

Practitioners who are actively using Technology Roadmapping within companies or 
consortiums may consider the use of stochastic simulation as a new method to improve 
the forecasting of complex system innovations. Moreover the possibility to integrate total 
cost of ownership assessments in a multi-dimensional performance forecast is of high 
practical relevance. The positive feedback given by industry experts from different 
sectors should encourage the incorporation of the proposed approach into existing 
methods. 

As an outlook possible further research needs should be mentioned. First, the scope of 
interviews could be extended to more questioners and a broader range of industries. This 



 

would increase the potential generalizability of the methodology. Furthermore, a 
methodology for finding suitable planning horizons, granularity and interval for different 
product categories may improve the cost benefit ratio of the forecasting activities. 
Finally, guidelines for proper organizational and managerial positions of the process 
owner in the company are to be developed.  
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