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Abstract
Simulations are widely used in manufacturing system design, production planning and decision
making. The aim of this paper is to present the possibility of using Monte Carlo simulations in the
production plan optimizing and in the project risk management. Optimization is accomplished through
two different approaches which principles and results are mutually compared. According to the first
approach, production optimization is performed via a deterministic model using the Generalized
Reduced Gradient algorithm. The second approach is based on the stochastic model. The optimized
production plan is submitted to risk analysis. Two approaches are demonstrated in order to reduce the
rate of risk. The first way is modifying the production plan to increase the forecast reliability; the
second approach is limiting the uncertainty of key variables. The detailed methodology enables
implementing presented approaches in solving various optimization tasks.
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1. INTRODUCTION
Planning and production optimisation is an important step in the preparation of production. In
the case of the key production capacities and critical nodes of the production process, the
optimization of the production program is of paramount significance. The importance of the
problem of planning and production capacities utilization is also evidenced by a number of
reviews and scientific papers dealing with this issue. A comprehensive review and critique on
the current production – distribution planning and optimisation literature was performed by
[1]. A problem of a flexible production planning was addressed by [2], and the topic of the
production system productivity was dealt by [3]. Production planning solves a great variety of
problems, but the product mix problem seems one of the most important problems in
production systems. An integer programming approach for process planning for mixed-model
parts was applied in [4]. The paper by [5] addressed the issues of time bucket selection, mix
optimization and bottleneck-based planning using a decision software system based on integer
linear programming techniques and a heuristic procedure. The work by [6] was devoted to the
evaluation of production processes in mass production. An analytic hierarchy process and
analytic network process approaches were taken to obtain optimal product mixes in [7]. An
approach often used in production planning is the theory of constraints (TOC). One
application of the theory is product mix decision. Algorithms to determine the product mix
under the theory of constraints were presented by [8, 9]. On the other hand [10] discussed the
inefficiency of the traditional TOC algorithm in handling the multiple bottleneck problem. In
this paper, all bottlenecks were used in order to determine the aggregated priority of each
product, and a multi-criteria decision-making approach was proposed for product mix
https://doi.org/10.2507/IJSIMM17(2)436
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problem with interval parameters. Linear programming and mixed integer programming
models for the production and capacity planning problems with uncertainty in demand were
proposed by [11]. The large number of requirements that need to be met when planning and
also their varying nature are the reason for using simulation. Many scientific papers presented
the use of various simulation techniques in decision-making processes. A systematic literature
review on the use of discrete event simulation for manufacturing system design and operation
problems was elaborated by [12]. A simulation-based framework that allowed for modelling
the behaviour of the market demand and the production system was introduced by [13].
Application of computer simulation for improvement of production logistics’ efficiency was
presented in [14]. A simulation optimization approach to develop a decision support tool to
aid in strategic and operational decision-making was employed in [15]. The study by [16]
aimed to integrate customer relationship management and production planning and control
approaches in order to use manufacturing resources more effectively in satisfying customers.
Simulations maintain an irreplaceable role also in optimization and solving of problems with
endogenous uncertainty. In the research by [17], a simulation optimization approach was
employed to develop a decision support tool for strategic and operational decision-making. A
metamodeling approach, which integrates discrete-event simulation, adaptive statistical
methods and analytical queueing analysis, was proposed in [18]. A hybridization of Pattern
Search method and Simulated Annealing (SA) were incorporated in the optimization process
by [19]. The real strength of SA approach was tested in a case study on industrial production
planning. In the paper of [20], a meta-heuristic algorithm “Imperialist Competitive
Algorithm” was applied to solve the integrated product mix-outsourcing optimization
problem. Other applications of simulations are described in [21, 22]. One of the most
commonly used simulation techniques is Monte Carlo. The use of Monte Carlo samplingbased methods for stochastic optimization problems was surveyed by [23]. Application of
multi-objective Monte Carlo optimization for optimal location selection of new
manufacturing sites was presented by [24]. Simulation experiments have particular
importance in situations where an enterprise decides on investment projects. Investing in real
capital means new opportunities for the company and at the same time brings new risks.
Profitability and rapid return on investment also depend on the production plan that ensures
reliable and sufficient cash flow. An analysis of investment project risks utilizing Monte
Carlo simulations was performed in [25].
The aim of this paper is to point out the possibility of using Monte Carlo simulations in
the process of optimizing the production plan. The goal of optimisation is to maximize the
economic efficiency of the investment, measured by the Net Present Value (NPV) financial
indicator. The secondary objective is to present the use of simulations in the risk management
of the investment process. Two approaches towards optimizing the production program are
demonstrated in the case study. First approach applies a non-linear GRG algorithm to
optimisation. This approach does not consider stochastic character of input variables and does
not use simulations. The second approach implements the stochastic character of inputs into
product plan optimisation using the Monte Carlo simulation. Subsequent analysis of the
simulation results reveals the hidden risk factors and the possibilities to reach the goal. The
detailed methodology and step-by-step approach enable implementing both presented
approaches in solving any optimization tasks, not just in the field of production planning.

2. MATERIALS AND METHODS
2.1 Case study description
The case study is focused on the mass production of paper napkins (A – white, B – coloured
and C – patterned). At present, production is performed on nine production lines for the
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domestic and foreign market. The production volume has a growing trend and a company has
to solve a case of insufficient production capacity. In terms of time utilisation, production
lines are used at 70-75 %. The highest downtime ratio generates technological downtime
caused by a changeover: change in format (e.g., 1/4, 1/8 folding) and blocks, cleaning of
machines when switching to another pattern and the related production start. The insufficient
production capacity in the company is partially solved by outsourcing – external production
especially of white napkins. This leads to the dependence of the company on the residual
capacities and deadlines of external producers, the economically unprofitable production, a
need to transfer the know-how to an external producer due to the production of products with
identical parameters, and the inefficient planning of production scenarios on their own
production lines intended for the production of white napkins (recurrent changeover of
formats due to a supply time pressure and associated downsizing of line performance). These
facts result into the need for a new production line eliminating the external production of
white napkins (at least 700 tons per year – agreed long-term orders) and using the remaining
residual capacity of the line to expand the production of coloured and patterned products with
an emphasis on maximizing the Net Present Value (NPV). The procedure for solving the
problem is recorded in Fig. 1.

Figure 1: Schematic procedure for the problem solution.

2.2 NPV analysis
The economic efficiency of an investment project is assessed using the NPV financial
criterion for an economic lifetime of eight years. The calculation is made according to the Eq.
(1) [26]:
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𝑁

𝑁𝑃𝑉 = ∑
𝑛=1

𝐶𝐹𝑛
− 𝐼𝐶
(1 + 𝑑)𝑛

(1)

where CFn is cash flow in year n, IC investment costs, N life of the investment, n number of
years of life of the investment and d discount rate.
The NPV value is determined by the amount of annual cash flow from the investment and
the amount of the disposable investment cost. For CF value, only cash flow from an operating
activity is taken into consideration, as the impact of the investment financing is taken into
account when discounting, at a discount rate that includes the owner's risk, including the risk
of the creditors. The relationship for predicting the annual CF of the operating activity is
expressed, as follows Eq. (2) [26]:
𝐶𝐹𝑛 = 𝐸𝐵𝐼𝑇𝐷𝐴𝑛 ∙ (1 − 𝑇𝑛 ) + (𝐷𝑛 ∙ 𝑇𝑛 ) − ∆𝑁𝐶𝑊𝐶𝑛

(2)

where EBIT is earning before interest and tax, EBITDA earning before interest, tax,
depreciation and amortization, D depreciation, T income tax rate, NCWC non-cash working
capital.
EBITDA is affected by production and sales activities that confirm the relationships Eqs.
(3) to (5) for its annual forecast:
3

3

𝐸𝐵𝐼𝑇𝐷𝐴𝑛 = ∑ 𝑆𝑛𝑗 − ∑ 𝐶𝑛𝑗
𝑗=1

(3)

𝑗=1

𝑆𝑛𝑗 = (𝑝𝑛𝑗 ∙ 𝑃𝑛𝑗 ) − (𝑝𝑛𝑗 ∙ 𝑃𝑛𝑗 ∙ 𝑟𝑗 )

(4)

𝐶𝑛𝑗 = (𝑐𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑛𝑗 ∙ 𝑃𝑛𝑗 ) + (𝐶𝑝𝑒𝑟𝑠𝑜𝑛𝑎𝑙𝑛 ∙ 1.02𝑛−1 ) + (𝐼𝐶 ∙ 0.03)

(5)

where S is sales, p price, P production, r reject in % /100, cvariable variable costs and Cpersonal
personal expenses, j product range (A, B, C), (IC ∙ 0.03) other annual fixed costs.
The production is of a continuous nature. The annual production volume is determined by
the annual operating time of the production line and the selected production plan. The value
of the sales total is reduced by the price value of rejects.
2.3 Simulation and optimization methods
Simulation method Monte Carlo is based on a statistic approach, obtaining general
characteristics based on multiple random experiments, which can be applied for description of
a modelled phenomenon.
During simulation, values of random variables are substituted by generated large number
of realizations of a given random variable, and then computed statistically.
Monte Carlo method procedure:
 Defining the objective (purpose of simulation).
 Data preparation and selection of a tool.
 Selection of key parameters of simulation – analysis of the problem.
 Determination of probability distribution of random variables. When developing an
appropriate Monte Carlo model, very important step is to determine the correct constraints
for each variable and the correct relationship among variables. Design of particular
parametric model.
 Simulation of the model.
 Output from the model and results of the analysis.
To optimize the deterministic model of NPV calculation, here the Generalized Reduced
Gradient (GRG2) algorithm was used. GRG method is suitable for optimizing nonlinear
problems. The method can find a local optimal solution for a non-convex model. Solving the
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problem based on gradients, GRG method finds a local optimum only on continuous
functions, and only if there are no numerical problems or incorrect conditions.
To find the optimal solution for the stochastic model, the OptQuest was used. OptQuest is
an optimisation tool based on the Scatter search methodology coupled with Tabu search
strategies. OptQuest allows obtaining high quality solutions to problems defined in complex
settings. OptQuest also checks for compliance with the constraints and requirements.

3. RESULTS
3.1 Calculation of NPV according to preliminary plan
The preliminary production plan for the new production line consists of products A of volume
700 tonnes per year contractually agreed, and products B and C. Production of products B and
C is planned in a ratio of 0.5 : 0.5 for the remaining part of the annual capacity of the
production line. Line profitability is measured using NPV value from the following input data
(see Table I).
Table I: Input variables for NPV calculation.

Common

Individual

Input variables

Unit

Production volume
Free production time of a machine
Average production time
Price
Rejects
Variable costs
Planned production time
Operating time of a line
Changeover
Cleaning and start-up time of the machine
Repairs and breakdowns
Number of shifts
The length of a shift
Fixed costs personal (2 % annual increase from year 2)
Fixed costs other (3 % from investment costs)
Depreciation (1. – 4. year)
Depreciation (5. – 6. year)
Depreciation (7. – 8. year)
Income tax
Discount rate
Investment costs
Planned NPV

t/year
%
h/t
EUR/t
%/Q
EUR/t
h/year
h/year
x/week
h/one cleaning
days/year
day
h/shift
EUR/year
EUR/year
EUR/year
EUR/year
EUR/year
%
%
EUR
EUR

Value for product
A
B
C
700
6.0
1,000
1
400

50
50
8.5
7.5
1,300
1,670
2
2
550
650
8,760.0
7,332.5
4
2.5
15
3
8
113,382
43,896
241,323
229,698
6,417
21
3,5
1,463,190
1,994,379

3.2 Optimization of the production plan – deterministic model
First, the preliminary production plan is optimized by the GRG method. In this step,
deterministic model is built, and the following restrictive conditions and requirements are
considered, as follows:
The production quantity A is at least 700 t.
Operating time must not exceed 7,332.5 h/year, i.e. Tef, where Eq. (6):
(6)
𝑇𝑒𝑓 = 𝑇𝐴 + 𝑇𝐵 + 𝑇𝐶
TA is production time for product A, TB production time for product B, TC production time
for product C and Tef operating time of a machine.
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The share of production time B and C is min. 0.1 and max. 0.9 of free production time
(Tef(free)) of a machine, which ensures that no product type will be excluded from optimization.
Tef(free) is calculated as follows in Eq. (7):
𝑇𝑒𝑓(𝑓𝑟𝑒𝑒) = 𝑇𝑒𝑓 − 𝑇𝐴

(7)

Optimization results and sensitivity analysis are presented in Table II. According to the
optimized plan, the production program consists of products A of 700 tons per year and the
remaining residual capacity is divided between products B and C in a ratio of 0.1: 0.9.
Table II: Optimization results – deterministic model.
Variable

Unit

Resulting
value

Reduced
transition

PAd
share TB
share TC
NPVd

t/year
h/year
h/year
EUR

700
0.1
0.9
2,309,897

-931.08
-788,794.55
0
-

Performing optimization, a better production capacity plan was achieved than considered
in a preliminary plan. According to a new optimized plan, an enterprise can achieve NPVd of
EUR 2,309,897, thus 16 % higher than the NPV according to the preliminary plan. The
shortcoming of this optimization is that all input variables have deterministic character.
3.3 Optimization of the production program – stochastic model
Changes in variable costs as well as the turnover of market prices can fundamentally affect
the reality of achieving investment efficiency. In addition, the probability of achieving this
yield is affected by time variables and other cost items with fixed characteristics. Production
C is relatively the most profitable, but the cash flow based on sales features the highest
uncertainty. That's influenced by:
 product C price variability in the market,
 varying height of variable printing costs (depending on the printed theme there is a
different need for quantity and type of colour).
In the next step, a probability distribution is defined for each of the versatile input
variables. In Table III, there are the distributions and characteristics for the input variables.
The Deterministic model of the preliminary plan, supplemented by probability
distributions for the input variables, was subsequently simulated by Monte Carlo simulation
and optimized with OptQuest tool. The simulation and optimization process consisted of the
following steps:
 Monte Carlo simulation – NPV forecast of the preliminary plan (see Fig. 2),
 production optimization with the OptQuest tool,
 initially planned production volumes in the model are replaced by the best optimization
results,
 subsequent Monte Carlo simulation – prognosis for an optimized production plan.
The goal of optimization is to determine the product volumes A, B, C in order to
maximize the NPV while maintaining the required production conditions. Due to that fact,
optimization parameters were determined as follows:
 Objective: maximization of the mean NPV.
 Constraints: the operation time (TA+TB+TC) may not exceed 7,332.5 h, the sum of Tef(free)
for production B and C ≤ 1.
 Requirements: the risk reduction requirements were not specified.
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 Decision variables (see Table IV): production quantity A (PAs), time share of Tef (free) for
production B, time share of Tef (free) for production C.
 Simulation runs with Monte Carlo 10,000.
 Optimization experiments with OptQuest 1,000.
Table III: Distributions for input variables.
Variable

Unit

Price A
Price B
Price C

EUR/t
EUR/t
EUR/t

Variable Costs A
Variable Costs B
Variable Costs C
Rejects A
Rejects B
Rejects C

EUR/t
EUR/t
EUR/t
coeff.
coeff.
coeff.

Investment costs

EUR

Other Fixed Costs

EUR

Statistical characteristics

Distribution
function

Revenue Variables
Likeliest 1000; Min. 900; Max. 1100
Likeliest 1300; Min. 1170; Max. 1430
Likeliest 1670; Min. 1400; Max. 1900

Triangular
Triangular
Triangular

Cost Variables
Likeliest 400; Min. 360; Max. 440
Likeliest 550; Min. 495; Max. 605
Likeliest 650; Min. 510; Max. 755
Mean 0.01; Std. Dev. 0.001
Mean 0.02; Std. Dev. 0.002
Mean 0.02; Std. Dev. 0.002
Likeliest 1,339,690; Min. 1,205,700;
Max. 1,473,600
Mean 123,500; Std. Dev. 8,973

Triangular
Triangular
Triangular
Normal
Normal
Normal
Triangular
Normal

Time Variables
Average Production Time A
Average Production Time B
Average Production Time C
Machine Cleaning
Machine Repairs

h/t
h/t
h/t
h/cleaning
day/year

Format Changing

times/week

Mean 6; Std. Dev. 0.2
Mean 8.5; Std. Dev. 0.4
Mean 7.5; Std. Dev. 0.3
Likeliest 2.5; Min. 1.5; Max. 3.5
Mean 15; Std. Dev. 1.5
Value 3; Probability 0.2
Value 4; Probability 0.5
Value 5; Probability 0.2
Value 6; Probability 0.1

Normal
Normal
Normal
Triangular
Normal
Discrete

Figure 2: NPV forecast chart (preliminary plan).

The optimization results are presented in Fig. 3 and Table IV. The statistical
characteristics of the Monte Carlo simulation for the optimized solution are presented in
Table V.
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Table IV: Parameter settings for decision variables.
Decision variables

Lower bound

Base case

Upper bound

Type

Step

PAs
B_share of Tef(free)
C_share of Tef(free)

700
0.1
0.1

700
0.5
0.5

1,000
0.9
0.9

Discrete
Continuous
Continuous

1

Table V: Results from OptQuest.
Objectives

Best Solution

Maximize the mean of NPVs

2,301,105

Constraints

Left Side

Right Side

TA+TB+TC  7,332.5
B+C share of Tef(free)  1

7,131.03
1.00

7,332.00
1.00

Decision variables

Best Solution

B_ share of Tef(free)
C_ share of Tef(free)
PAs

0.10
0.90
700.00

Figure 3: OptQuest chart.

The output based on OptQuest program, as an optimal solution, resulted in reduction of
production A to the required minimum (700 t) and to divide the free capacity in a ratio of 0.1
for product B and 0.9 for product C (see Table V). However, this solution is the same as in the
deterministic model, yet due to the fact that it is based on probability characteristics of the
input variables; its statistical profile reveals the risk aspects of this solution. The mean NPVs
(EUR 2,301,105) is comparable to the value NPVd calculated in the deterministic model (EUR
2,309,897), but the standard deviation of EUR 336,517 points to the uncertainty, that is risk of
achieving such result. The probability of achieving profitability in the range of approximately
EUR 1,964,000 – 2,638,000 is 68 % (mean ± σ). Compared to the preliminary plan, the
assumption of achieving NPV greater than EUR 1,994,379 (planned NPV) is about 81 % (see
Fig. 4).
3.4 Risk management by adjusting the production plan
Risk analysis focuses on risk management options for optimizing the production plan. In the
case of an unacceptable level of risk (in our case, the risk will be the standard deviation of the
NPVs forecast), when optimizing it is necessary to define the level of acceptable σ. To reduce
the risk of return on investment, the production plan needs to be adjusted precisely by limiting
the impact of input variables with high uncertainty, which in our case means increasing
production of the products A and B at the expense of production C, which is although more
profitable, but the uncertainty of both, price and cost is relatively high. In order to increase the
accuracy of NPVs forecast, we reduced gradually the standard deviation by about 5, 10, 15
and 20 % in the next process and optimized the production plan with this requirement.
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Figure 4: NPVs forecast chart (optimized plan).

Modification of optimization conditions obviously leads not only to the adjustment of the
production plan, but also to lower mean NPV values. The optimization results for the different
σ levels are shown in Table VI.
Based on the optimization results, the risk reduction of the NPVs forecast by 5 % is mainly
ensured by an increase in production A. The remaining residual capacity is split among
production B and C in approximately the same proportion as in the original optimized plan.
Further reduction of risk (mainly by 15 and 20 %) is ensured by increasing the share of
production B at the expense of production C, production A is at the level of the required
minimum (see Table VI).
Table VI: Optimization results for reduced risk levels.
Risk reduction
% of standard
deviation
0
~5
~ 10
~ 15
~ 20

Requirements
Max. standard
deviation
(EUR)

Objective
Maximize the
mean of NPVs´
(EUR)

336,517
320,000
300,000
285,000
270,000

2,301,105
2,189,212
2,126,308
2,059,536
2,018,816

Share of Tef (free)

Planned production

B

C

A
(t)

B
(t)

C
(t)

0.10
0.11
0.25
0.40
0.53

0.90
0.89
0.75
0.60
0.47

700
803
785
700
700

37
32
77
147
173

375
298
262
250
221

3.5 Risk management by reducing uncertainty of input variables
Another way reducing the risk of the NPVs forecast is to limit the uncertainty of the adjustable
input variables. Such a magnitude is e.g. the cost of production, or some of the cost factors. A
useful tool in this case is a sensitivity analysis that points to variables whose uncertainty
reflected most on output uncertainty. There is, in Table VII presented a sensitivity analysis of
an optimized plan that lists the impact of uncertainties of the strongest assumption on the total
uncertainty of NPVs. In the case of an optimized plan, the uncertainty of the production price
C (as factor 1st in order) and next the production price A (factor 2nd in order) have the
strongest impact on the forecast reliability. They are also the factors with the strongest
positive correlation to the output NPVs, which means that the changes in the values of above
mentioned inputs most influence the NPVs value.
In case of the uncertainty limitations of the strongest assumptions – production prices A
and C (pA and pC), we would also be able to maintain the production volumes according to the
optimized plan and positively affect the total output uncertainty, hence the risk.
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Table VII: NPVs sensitivity analysis – 10 first assumptions (optimized plan).
Assumptions

Contribution to
variance (%)

Rank correlation
(%)

Price C
Price A
Variable Costs C
Average Production Time A
Average Production Time C
Format Changing
Invested Capital
Machine Cleaning
Variable Costs A
Machine Repairs

39.1
21.8
9.4
7.0
6.0
5.8
3.4
3.3
2.8
1.0

0.61
0.46
-0.30
-0.26
-0.24
-0.24
-0.18
-0.18
-0.17
-0.10

In the next analysis there were examined, at first step the impacts of the individual
symmetric decrease in the price C uncertainty by 5, 10, 15 and 20 % (i.e. the mean value
would not change; max. and min. value would change about a given percentage), and at
second step the actual price restriction pA and pC by 5, 10, 15 and 20 %. The effect of this
change is followed by the indicators of σ and mean NPVs´´. For each change, 50 simulation
runs were performed, and then evaluated with ANOVA analytic tools. Table VIII lists the
arithmetic mean of values σ and mean NPVs´´. Based on the simulation evaluation, we can say
that the fall in price uncertainty has an effect on the reduction of the standard deviation, but
the value NPVs´´ does not affect. These relationships were verified by ANOVA analysis and
are also evident from the boxplot in Fig. 5. In the case of a standard deviation, there was a
statistically significant change in σ (p < 0.05), but the difference between the mean NPVs´´
values is not statistically significant (p > 0.05).
Table VIII: Impacts of uncertainty changes pA and pC on standard deviation and NPVs´´.
Uncertainty
variation
pC
5%
10 %
15 %
20 %
pA ˄ pC
5%
10 %
15 %
20 %

σ
Value Variation p-value
(EUR)
(%)
326,918
318,943
315,738
311,202

-1.66
-4.06
-5.02
-6.39

321,260
312,019
303,553
294,412

-3.36
-6.14
-8.69
-11.44

Mean NPVs´´
Value
Variation p-value
(EUR)
(%)

0.0000

2,298,782
2,297,140
2,299,329
2,298,274

-0.01
-0.08
+0.02
-0.03

0.0885

0.0000

2,296,368
2,295,479
2,295,971
2,295,540

-0.11
-0.15
-0.13
-0.10

0.3164

4. CONCLUSION
Enterprises strive to achieve high investment efficiency and quick returns, what assumes the
use of investment that will deliver at the same time the highest possible and the most reliable
incomes. In case of diverse production, which requires different financial and time costs, and
whose yields are even determined by various factors, planning a product mix is a complex
process.
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σ - pC

σ - pA ˄ pC

mean NPVs´´ - pC

mean NPVs´´ - pA ˄ pC

Figure 5: Boxplot (𝑥̅  1,96 𝜎 ) for σ and mean NPVs´´.

The aim of this paper was to present a comprehensive approach to optimizing diverse
production in order to maximize the economic efficiency of the investment. Economic
efficiency was monitored by the NPV indicator. In the contribution presented, the optimized
model considers both the deterministic and the stochastic nature of the input variables and the
implementation of risk in decision making. Optimization was accomplished through two
different approaches, which principles and results were mutually compared. According to the
first approach, optimization of production was performed via a deterministic model using the
GRG algorithm. The second approach was based on the stochastic model. Stochastic model
was obtained from the deterministic model by defining the distributions for input variables.
Using the Monte Carlo simulation and OptQuest tool, the production plan was optimized,
resulting in a production plan that maximized NPV, thus based on the probability character of
the input variables.
The optimized production plan was submitted to risk analysis. The level of the standard
deviation of the forecast was taken as the risk measure. Two approaches have been
demonstrated in order to reduce the rate of risk. The first way was modifying the production
plan to increase the reliability of the forecast (Section 3.4). The second approach was limiting
the uncertainty of key variables (Section 3.5). Based on the sensitivity analysis, the results of
which were shown in Table VII, adjustable input variables with significant impact on the total
uncertainty of the forecast were identified. Adjusting the uncertainty of the input variables,
the impact on the output uncertainty and also the output value was monitored. The
significance of these impacts was statistically investigated through the ANOVA analysis.
Both approaches offer only a way to reduce the risk. In terms of accuracy of the results, it is
not possible to compare each other. They apply a different principle, and, mainly the
reliability of the second way is determined by the accuracy of the assumptions.
The presented decision-making approach, taking into account real conditions and risks, is
applicable not only to production planning but also to any decision-making tasks. In practice,
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the usual simplification of the decision-making process, by not considering actual
developments or changing variables, leads to incorrect decisions and, in the case of
investment projects, to high losses of the enterprise. Improving the reliability of forecasts and
the quality of management decisions requires incorporating dynamics into the decision
making process as well. This is a great help for science and practice using simulation
techniques, the use of which becomes more accessible through the increasing possibilities of
information-communication technology.
The limits of the presented work consist of some simplifications in defining the problem
and creating a mathematical NPV model. Input uncertainties were determined only by
estimation based on experience and also did not consider the uncertainty of demand, which in
real terms is a stochastic variable similarly like a price. In order to increase the reliability of
the forecast, it is appropriate that, in the case of available historical data, uncertainties are also
defined using quantitative forecasting methods. Therefore, the next research on this issue will
be directed to the possibilities of using simulations and quantitative forecasting methods in
addressing optimization tasks towards enterprise management.
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