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The paper compares numerically the results from two real option valuationmethods, theDatar-Mathewsmethod and the fuzzy pay-
off method. Datar-Mathews method is based on using Monte Carlo simulation within a probabilistic valuation framework, while
the fuzzy pay-off method relies on modeling the real option valuation by using fuzzy numbers in a possibilistic space. The results
show that real option valuation results from the two methods seem to be consistent with each other. The fuzzy pay-off method is
more robust and is also usable when not enough information is available for a construction of a simulation model.

1. Introduction

Real option analysis (ROA) is slowly becoming a part of
the investment analysis process in companies [1–3], while it
has been gaining more and more attention in academia. The
reason for excitement around ROA is that it offers the ability
to better incorporate uncertainty and to capture the value of
managerial flexibility when the profitability of investments
is analyzed [4, 5]. The first models used for numerical
real option valuation were models that had been originally
designed for the valuation of financial options, namely, the
Black-Scholes formula [6] and binomial option pricing tech-
niques [7].Thesemodels are still used for a range of valuation
problems [8–10]. Later, a number of new real option valuation
models with various model-constructs and modeling choices
have emerged [11]. There seems to be a migration by business
users of real option analysis away fromusing the “old”models
designed originally for financial option valuation towards the
use of simulation-based (Monte Carlo) ROV methods [12–
18], fuzzy real option valuation [19–26], and models that use
system dynamic modeling as the basis for framing the real
option analysis [27–30]. The different ROA methods are not
necessarily competitors to each other, as the selection of the
model used should be made based on the type of uncertainty
that surrounds the analyzed investment and hence based on
the type of the available information [31].

This paper concentrates on comparatively numerically
analyzing two ROA methods, the Datar-Mathews method
(DMM) that exploits Monte Carlo simulation in real option
valuation [12–14] and the fuzzy pay-off method (FPOM) that
is based on using managerially estimated cash-flow scenarios
represented as fuzzy numbers as the basis for real option
valuation [19–22]. Both methods have similar real option
valuation logic [31] but are based on a different set of model-
ing choices. The Datar-Mathews method is usable under the
assumption that there is enough information available for the
construction of a credible model to underlie a Monte Carlo
simulation, while the fuzzy pay-off method is usable also in
situationswhere only information that is in the formof expert
estimates about future cash-flows is available.

This research, of which initial ideas are reported in [32],
presents the comparison of these two methods by investi-
gating the difference between the final resulting real option
values and by studying the generated distributions used in
these twomethods. Comparison of the (mathematical) struc-
ture of the two methods is left outside the scope of this
paper. Two investment cases are used in the analysis; both are
based on a solar photovoltaic power generation investment
but under two different regimes of support mechanism for
the investment.This paper continues in veinwith other recent
researches on the usability of the fuzzy pay-off method as a
tool for real option valuation; see [33].
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This paper continues by presenting the constructs of the
Datar-Mathews method and of the fuzzy pay-off method,
followed by two case-based numerical illustrations that are
used to showcase the practical use of the methods. Then, the
results from the numerical illustrations are compared and
finally the paper is closed with a discussion and conclusions.

2. The Two Methods Shortly Presented

In this part, we describe the structures of the two compared
ROA methods, the Datar-Mathews method and the fuzzy
pay-off method.

2.1. The Datar-Mathews Method. Datar-Mathews real option
valuationmethod [12] (DMM) is based on usingMonte Carlo
simulation to capture the uncertainty found in investments
projects. Typically, when the method is used, a net present
value profitability analysis model is used. It is often the
case that businesses have such a model already in place and
it can be used as a starting point for the Datar-Mathews
ROA. The model construct typically includes the important
profitability-affecting variables for the costs and for the
revenues that together form the basis for calculating yearly
cost and revenue cash-flows from an investment project. The
yearly cost and revenue cash-flows are discounted by using
separate discount rates, typically one for the costs and one
for the revenues. The idea with using separate cash-flows is
that the cost and the revenue cash-flow “processes” are not
the same and that their risk levels are different. The Datar-
Mathews ROV procedure includes the following steps (we
assume that a calculation model is in place):

(1) Managers are asked to define the type and details of
the distribution of the possible values for each model
input variable, from which the simulation procedure
randomly draws values.

(2) Simulation is run to generate a sufficient number
of (typically thousands) pseudorandom profitability
(NPV) outcomes with the model. From the outcomes
a histogram is compiled, which is treated as a proba-
bility distribution of the project NPV pay-off.

(3) The DMM treats the project as an option and in
order to “move” from the NPV pay-off distribution to
an option pay-off distribution the subzero outcomes
from the project are mapped to zero, while they keep
their original probability weight. This means that all
the negative outcomes’ weights are truncated to zero.

(4) The real option value (ROV) is calculated as themean
of the resulting option pay-off distribution.

Under these circumstances, the real option value of the
project can be formulated as [12]

“Risk Adjusted Success Probability

× (Benefits − Costs) .”
(1)

TheDatar-Mathewsmethod is a relatively simple method
for the user. In addition to the needed discounted cash-
flow the user must have the ability to use a standard Monte

Carlo simulation. Typically the analysis is conducted on
spreadsheet software. The method has previously been used,
for example, in the valuation of aircraft development projects
[12, 13, 34], analysis of prognostic technology in health
management [35], and the evaluation of renewable energy
projects [36].

2.2. Fuzzy Pay-Off Method. Fuzzy pay-off method [19]
(FPOM) is based on using managerially given cash-flow sce-
narios that typically consist of yearly cash-flow estimates from
a project as the starting point. The estimated cash-flows are
used in anNPV valuation of each scenario. From the scenario
NPVs a fuzzy number pay-off distribution for the project is
generated. From the created fuzzy pay-off distribution the
project real option value is calculated. The procedure used in
the fuzzy pay-off method can be expressed shortly as follows:

(1) Three or four scenarios of the future project cash-
flow streams are estimated. Typically themanagers are
asked to provide estimates for a “minimum possible”
and a “maximum possible” and one or two “best esti-
mate” scenarios. The estimated cash-flows are used
in the calculation of the NPV for each scenario.
Revenues and costs may be estimated separately and
separate discount rates may be used for revenues and
costs. The link between the operational costs and the
revenues must be properly scrutinized; see [20].

(2) A fuzzy pay-off distribution for the project is con-
structed from the scenario NPVs. As three or four
scenarios are typically used, the fuzzy pay-off distri-
bution is either triangular or trapezoidal. The mini-
mum possible andmaximum possible scenario NPVs
are considered to establish the lower and the upper
limits of the distribution and they are assigned a limit
to zero degree of membership in the set of possible
NPV outcomes.The best estimate value(s) is assigned
full membership.

(3) The real option value is directly calculated from the
fuzzy pay-off distribution. The formula used adheres
to the typical real option valuation logic and is simply
the possibilistic mean of the positive side of the
distribution weighted by the project “success ratio.”
The project success ratio is the area of the pay-off
distribution over the positive side divided by the total
area of the pay-off distribution; see the following
equation:

ROV = 𝐸 (𝐴+) ∗ 𝐴
+

𝐴
. (2)

Details of the fuzzy pay-off method can be found in [19],
while the original resource for the possibilistic mean used is
given in [37]. What can be said about the procedure used
when using the method is that it is simple and the compu-
tational procedure does not require “any” computing power.
The fuzzy pay-off method has been applied to several real-
word problems, including the analysis and selection of R&D
projects [38, 39], the analysis of large industrial investments
[25, 40], and patent valuation [24].
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Table 1: Uncertain factors: see [31] for details.

Factor Range of values
Pessimistic Best estimate Optimistic

Electricity price,
rub./MWh 1000 2000 3000

Consumer price index
(inflation) 1.70 1.35 1.00

CapEx level 150% 100% 80%
Capacity factor (percent
of target) 30% 75% 120%

Localization
requirement Failed Fulfilled Fulfilled

3. Numerical Case-Based
Illustration of the Two Methods and
Comparison of the Results

Two investment cases are used to compare results derived
with the two methods. The investment cases are both
industrial-scale investment projects into a solar photovoltaic
(PV) power plant but under different renewable energy
supporting schemes (subsidy schemes).

The first case analyzes an investment that falls within the
scope of the Russian renewable energy (RE) support mech-
anism, based on long-term capacity contracts with a rather
complex incentive system.A guaranteed capacity pricewithin
these contracts is calculated by the regulating authority as
a variable rate annuity that is designed to provide a certain
level of return on investment. The scheme takes into account
changing market conditions and the project-specific perfor-
mance [41, 42]. For more information about the Russian RE
investment incentive mechanisms, see [43–46].

The second case represents an investment into the same
project under a simpler generic feed-in premium RE incen-
tive scheme, such as that which is used more generally
in Europe. The used incentive scheme guarantees a fixed
premiumover the spot electricity price over the long term (for
the calculations twenty years are assumed). For the purposes
of this illustration, the premium level is set in a way that
it provides approximately the same level of profitability as
the first case. This has no importance for the comparison
of the results from the point of view of the comparative
analysis of the two real option analysis methods but allows
the comparison of the twoRE incentivemechanisms for those
interested. A more detailed description of the two cases and
the set of assumptions made can be found in [36].

A typical “classical” NPV investment profitability analysis
calculation model is used in both cases. The software used
is Microsoft Excel� for the analyses with the fuzzy pay-off
method and Matlab Simulink� for the analyses with the
Datar-Mathews method. Even if the software used to run
the analysis is different, the models used are identical. The
information used in creating the three needed scenarios for
the fuzzy pay-off method is presented in Table 1.

The same values (Table 1) are also used as the basis for
the pseudorandomdistribution, fromwhich theMonte Carlo

Table 2: Comparison of result statistics (in rub. bln.).

First case Second case
DMM FPOM Difference DMM FPOM Difference

ROV 0.004 0.002 0.002 0.022 0.021 0.001
𝐸(NPV) −0.525 −0.261 0.264 −0.322 −0.217 0.105
Standard
deviation
(×100%)

0.441 0.358 0.083 0.384 0.406 0.022

“Success
ratio” 3% 9% 6% 11% 28% 17%

simulation used in the Datar-Mathews method draws the
random outcomes for these variables. Uniform distributions
between the “pessimistic” and “optimistic” values are used in
the illustration. One hundred thousand rounds of simulation
are run for both cases. In the generic feed-in premium case,
the “localization requirement” variable is not used.

3.1. Numerical Results of the Two Cases and a Comparison of
the Methods Based on the Results. Results for the first case
with the two methods are presented in Figure 1. Figure 1(a)
shows a histogram that has been generated from the results
of the Monte Carlo simulation used in the Datar-Mathews
method; the expected NPV and ROV are shown with dashed
lines. Figure 1(b) shows the triangular NPV distribution
constructed when using the fuzzy pay-off method with the
expected NPV and the calculated ROV values. Figure 1(c)
shows a stylized overlap of the two graphs.

One can observe that the lowest and the highest values
of the distributions match, which is expected, but in this
case the shapes of the two distributions are very different.
The rather complex construct of the underlying Russian RE
incentive mechanism causes the shape of the simulated NPV
pay-off histogram of the project to be atypical with multiple
summits.This indicates that there are localmaximawhich the
Monte Carlo simulation used in the Datar-Mathews method
can capture. At the same time, it is quite clear that the fuzzy
pay-off method may be too robust for the complex problem.
What is interesting is that the real option valuation results are
nevertheless similar in absolute numbers; see also Table 2.

Results for the second case, an investment into a renew-
able energy project with a generic feed-in premium incen-
tive system, are presented in Figure 2. In Figure 2(a), the
histogram generated from the results of the Monte Carlo
simulation for the Datar-Mathews method is visible. Again
the expected (single number) NPV and the ROV are shown
as dashed lines. The shape of the simulated distribution is
more “typical” as there are no “conditioning” variables that
would cause the distribution to exhibitmultiple summits. Fig-
ure 2(b) exhibits the triangular distribution constructed with
the fuzzy pay-off method and Figure 2(c) shows a stylized
overlap of the two graphs.

As in the first case, the “limits” or the extreme high and
low values of the distributions are almost equal; again this
was expected; however, the shapes of the two distributions
are much more uniform compared to the first case. This
can be interpreted in the way that the problem complexity
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Figure 1: NPV distributions for the first case. (a) Simulated NPV distribution, (b) triangular fuzzy NPV, and (c) stylized plot of both
distributions on the same graph. Dashed lines: red, expected NPV; green, ROV.

is at a level that is suitable also for the more robust fuzzy
pay-off method. The results from the two methods are more
similar to each other in the second case than in the first
case; this indicates that when the type of problem analyzed
is relatively simple the precision of the fuzzy pay-off method
can be considered to be satisficing.Thedifference between the
ROV in the second case is negligible. Lilliefors test shows that
the simulated distributions in both cases are not “normal.”
Descriptive statistics for the two cases are collected in Table 2
for easy comparison.

Table 2 clearly shows that the results from the two
methods are not equal. It would have been very surprising
if they were, as the construct and the degree of simplification
are different. What can be however seen is that the results,
especially for the ROV, are surprisingly similar in both cases.
Otherwise, the descriptive statistics for the second case are
more similar between the twomethods; this can be attributed
to the simpler problem structure.

Despite the comparable numeric indicators, the DMM
and the FPOM are substantially different in terms of their
implementation and computational performance (Table 3).

The computational time to run both analyses is short, but
the simulation used in the DMM is time-consuming; it takes
roughly 25–50 times more time than running three scenario
calculations for the FPOM. The simulation time depends on
the complexity of the problem. In addition, implementing

Table 3: Comparison of DMM and FPOM performances.

DMM FPOM
Computational
time (first case), s. 6.19 0.11

Computational
time (second case),
s.

1.01 0.04

Ease of
implementation

Requires simulation
software and the skills

to use it

Simple spreadsheet
software is enough

Information
content of results

Histogram of the
outcome, ability to
capture irregularities
of complex problems,

for example,
step-causal or
nonlinear

interdependency of
variables

A triangular pay-off
distribution has a

fixed form regardless
of the problem
complexity, a

simplification of
results

the DMM requires building a model in a computational
environment with Monte Carlo simulation capability and
requires the user of the model to have the required skills to
build simulation models and to run them. In contrast, the
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Figure 2: NPV distributions for the second case. (a) Simulated NPV distribution, (b) triangular fuzzy NPV, and (c) stylized plot of both
distributions on the same graph. Dashed lines: red, expected NPV; green, ROV.

FPOM can be easily implemented with spreadsheet software,
without any special skills.

The findings presented here support the previous findings
[33] on the practical usability of the fuzzy pay-off method
when the type of information available and the problem
structure are robust.

4. Conclusions

The Datar-Mathews and the fuzzy pay-off method are both
relatively new real option analysis methods that have been
constructed, while keeping in mind managerial users. Both
exploit the well-known real option valuation logic but are
based on different theoretical foundations in terms of their
computational procedure. The Datar-Mathews method is a
simulation-based method that treats uncertainty in terms of
probability theory, while the fuzzy pay-off method is a more
robust method based on using fuzzy number representations
of cash-flow information.

This paper has demonstrated with numerical illustra-
tions the application and usability of these two methods in
the analysis of two investment cases with different levels
of complexity. The comparative analysis of the results of
these analyses reveals thatwhile the pay-offmethod simplifies
the analysis, it still seems to offer sufficient precision for

the analysis of problems with low complexity. On the other
hand, the simulation-based Datar-Mathews method is able
to treat problems that have more complex structures but
requires more computational time and specialized software.
The overall results obtained in terms of real option valuation
show that the two methods return similar results. One has
to observe that the two presented cases are not enough to
draw definitive conclusions on the matter but illustrate well
the difference in how robust these methods are.

The work presented in this paper can be used in under-
standing better the kinds of problems these methods are
good for. The results are of use for practitioners navigating
selection of proper valuation technique and support earlier
findings on the usability of thesemethods.The comparison of
these methods with other methods merits further study and
specifically the amount of complexity and type of uncertainty
that different methods can handle in terms of credible and
usable results. In more general terms, the study of the
usability of different analysis real option analysis methods is
a topic that has been “under studied” in the past.
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