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ABSTRACT

The applica� on of simula� on in organiza� ons brings several advantages, from an unders-
tanding of their systems and processes, to perspec� ves on strategies and next steps, as 
it allows designing scenarios and developing ac� on plans, at low cost. In this context, the 
opportunity was iden� fi ed to con� nue a study regarding the global equipment effi  ciency 
indicator, Overall Equipment Eff ec� veness (OEE), in a pulp and paper industry. Therefore, 
Monte Carlo simula� ons were carried out, based on historical data of a quan� ta� ve na-
ture, referring to the opera� on of a machine - which has a current average OEE of 65.08% 
and theore� cal capacity to produce 624 tons of cellulose in 24 hours of opera� on. The 
objec� ve was to verify the feasibility of this equipment reaching the level of 85% in the 
OEE index, considered World Class, and to understand which variables and parameters 
most impact the effi  ciency of this indicator, through Monte Carlo simula� ons, performed 
in the Crystal Ball so� ware . As a result, 50,000 itera� ons were performed and it was 
found that the probability of the equipment reaching a world-class OEE was only 0.009%. 
It was also verifi ed, from the sensi� vity graph, that the parameters that most interfere in 
the effi  ciency of this index are the Performance (54.7%) and the Availability (31.9%) of the 
machine. It is concluded that, from the genera� on of a robust volume of data, the simu-
la� on allowed to evaluate the interac� on of diff erent variables present in the produc� on 
line and their impacts on relevant company indicators, without the need to make any pre-
vious changes in the environment. job. Therefore, it can be applied as an important tool 
for feasibility studies, performance analysis and decision making in companies.
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1. INTRODUCTION

Over the past 30 years, competitive strategies adopted 
by industries and driven by globalization have promoted 
the creation of local and international labor networks. 
This has led to the outsourcing of services and the frag-
mentation of production to peripheral regions, especially 
to Southeast Asia (Sarti and Hiratuka, 2017). With the 
advent of industry 4.0, significant changes have been 
implemented in manufacturing environments, with the 
use of digital technologies for real-time data collection 
and analysis, which provide relevant information about 
the process, fundamental to the direction of companies 
(Frank et al., 2019).

In this context, in order to make effi  cient use of availa-
ble resources, focusing on the genera� on of high quality 
products with minimum rework and waste, produc� on per-
formance evalua� ons, which are the fi rst step for the appli-
ca� on of improvements and correc� ve and/or preven� ve 
ac� ons in the work environment, are performed (Roda and 
Macchi, 2019). This becomes even more relevant for com-
panies that work with a produc� vity of less than 50%, which 
reach this percentage because they do not have strategies 
and a minimum produc� on planning (Pinto et al., 2018).

One approach is related to the study of produc� ve capa-
city in industries, which is carried out mainly on the basis of 
the total quan� ty of goods produced versus the � me nee-
ded for execu� on (Tang, 2019). These ac� ons aim to iden� fy 
hidden losses related to the produc� on system, as well as to 
develop indicators and plans that can control their eff ects 
over � me (Roda and Macchi, 2019). This is because with 
good produc� vity results it is possible to increase customer 
sa� sfac� on, reduce the � me and cost to create, produce and 
deliver quality services (Plinere and Aleksejeva, 2019)

A survey conducted by the Na� onal Confedera� on of 
Industry (Confederação Nacional da Indústria - CNI), which 
covers 12 Brazilian states, with industrial ac� vity corres-
ponding to 93.9% of the industrial Gross Domes� c Product 
(GDP), shows that the average real income in the sector 
decreased 0.7% between January and February 2019 (CNI, 
2019).

The installed capacity of industries in February 2019 was 
78%, i.e. there was a drop of 0.3 percentage points compa-
red to the same period in 2018 (CNI, 2019). Regarding in-
vestments made by industries in 2017, 64% were directed 
to the purchase of equipment and machinery, followed by 
the acquisi� on of technologies with 24%, which encompass 
everything from automa� ons to digital solu� ons (CNI, 2018).

These data, referring to the Brazilian scenario, help in 
the understanding that there is still room for improve-

ment and that, therefore, it is necessary to deepen the 
studies on productivity in companies in order to antici-
pate the market, which is becoming more and more dy-
namic. In this conjuncture, one can point out the use of 
modeling methods as a support tool for scenario projec-
tion and development of several feasibility studies, car-
ried out at low cost as a means for knowledge of complex 
systems that depend on the analysis of different variables 
(Silva et al., 2018).

Therefore, this work aims to approach the use of Monte 
Carlo simula� on as a complementary tool to decision ma-
king and as a means for risk analysis, since it allows raising 
the current situa� on of the object under study, with infor-
ma� on and data that serve as support to make inferences 
about the future, from the determina� on of specifi c para-
meters and their respec� ve probability distribu� ons.

2. THEORETICAL BASIS

2.1 Overall Equipment Effectiveness (OEE)

OEE is inserted in the context of Total Produc� ve Main-
tenance (TPM) and is used as an indicator to measure the 
overall effi  ciency of equipment, which uses informa� on col-
lected on the produc� on line for the calcula� on basis (Roda 
and Macchi, 2019). It was introduced in Japanese industries 
by Seiichi Nakajima, around 1970. Since then, it has become 
a quan� ta� ve tool to measure produc� vity, fundamental in 
the industries (Foulloy et al., 2019).

As a diff eren� al, this indicator involves the areas that act 
directly and indirectly in the produc� on; therefore, several 
sectors of the company are able to contribute to improve 
the effi  ciency of their equipment, with the fulfi llment of in-
dividual goals that impact the performance of the OEE (Al-
meida and Fabro, 2019). OEE is a metric that relates facility 
u� liza� on, � me and resources, and indicates possible gaps 
between actual and ideal performance. For this purpose, th-
ree parameters are evaluated, as described by Sitompul and 
Rinawa�  (2019): availability, performance and quality.

Availability

Availability refers to the machine’s opera� ng and down� -
me. Among the factors infl uencing this indicator are:

a)  Charging ti me: total � me of use of the equipment to 
produce, in one day;

b)  Planned producti on ti me: � me needed to meet the 
demand scheduled on the day;
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c)  Planned downti me: � me already predefi ned in 
which the machine will not operate, such as in em-
ployee meal breaks and preven� ve maintenance;

d)  Unplanned downti me: unspecifi ed down� me, such 
as lack of power and machine malfunc� on.

Therefore, the availability rate can be expressed accord-
ing to equa� on 1.

100PPT UDAvaliability
CT PD

−
= ×

−
(1)

Where:

PPT = Planned produc� on � me (hours)

UD = Unplanned down� me (hours)

CT = Charging � me (hours)

PD = Planned down� me (hours)

Performance

The performance indicator compares the quan� ty pro-
duced with the previously scheduled demand. The perfor-
mance rate is calculated according to equa� on 2 and the 
topics below:

a)  Operati on ti me: real � me required to meet produc-
� on demand;

b)  Produced quanti ty: total volume of material produ-
ced by the machine;

c)  Ideal cycle ti me: � me required to manufacture one 
unit of product.

100QP ICTPerformance
OT
−

= × (2)

Where:

QP = Quan� ty produced (pieces)

ICT = Ideal cycle � me (hours)

OT = Opera� ng � me (hours)

Quality

The quality indicator deals with the total quan� ty of 

goods produced, without defects. Two factors are used as 
reference for this:

a)  Quanti ty processed: the volume of all products ma-
nufactured in one day;

b)  Faults: quan� ty of defec� ve products produced in 
one day.

The quality rate is calculated according to equa� on 3

100PRQ FQuality
PRQ

−
= × (3)

Where:

PRQ = Processed quan� ty (pieces)

F = Faults (units)

All these parameters that are calculated in percentages 
point to diff erent points in the process, which can be im-
proved individually. Equa� on 4 lists these indicators and 
gives us the overall effi  ciency func� on of the equipment.

OEE Avaliability Performance Quality= × × (4)

The OEE that results in 100% is equivalent to a perfect 
produc� ve system, in an op� mum � me, without inac� vity 
and genera� on of defec� ve parts. The total of 85% is con-
sidered world class, and is a goal achieved by high perfor-
mance companies. The OEE in 60% indicates that there is 
room for improvement, and that of 40% (considered quite 
low), is typical in newly created companies that are s� ll ad-
jus� ng and trying to understand their processes (Plinere and 
Aleksejeva, 2019).

According to Sitompul and Rinawa�  (2019), for a world-
class OEE, which corresponds to 85%, the individual mini-
mum value of each parameter should be 90% for availability, 
95% for performance and 99.9% for quality.

For produc� ve systems that do not use � me metrics, such 
as galvaniza� on processes, the OEE can be calculated from 
a generic equa� on, represented in equa� on 5 (Almeida and 
Fabro, 2019).

global
Real productivity

Theoretical productivity 
m = (5)

These indicators can be compromised when: defec� ve 
parts are generated; there is a need for rework; stops occur 
because of machine confi gura� on and maintenance; there 
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is a transi� on between opera� ons or performance losses 
from equipment start-up to stabiliza� on (Sousa et al., 2018). 
However, in general, through periodic maintenance, for ex-
ample, it is expected that the reliability and capacity of the 
machines will be improved (Figueiredo and Oliveira, 2019).

Simulation

Simula� on is an opera� onal research tool and, in engi-
neering, it is commonly used to inves� gate characteris� cs of 
systems, in which the results can be applied to understand 
another process, which is similar (Silva et al., 2018). It also 
helps in the planning and direc� on of organiza� ons, allow-
ing valuing gains and losses based on the projected alter-
na� ves, without impact on the real system, considering the 
variability and uncertain� es of the environment (Lucena et 
al., 2019).

The simula� on is performed using an algorithm, known 
as a solver, which interprets the behavior of a real system 
and produces inferences about its future state (Thule et al., 
2019). Thus, it allows es� ma� ng scenarios of a model that 
can be experienced under diff erent condi� ons. The calcu-
la� on is carried out from an approxima� on between input 
variables, which must correspond to the current state of the 
object under study, and the output data created by the sim-
ula� on (Thule et al., 2019).

For Silva et al. (2018), the simula� on can branch into two 
types. First, in con� nuous models, which analyze systems 
whose characteris� cs change over � me when diff eren� al 
equa� ons are applied for variable analysis. Second, in dis-
crete models, which describe the evolu� on of a system as 
a reac� on to a series of events, such as queue problems, in 
which projec� ons based on new wai� ng � mes and queue 
composi� on are made. Thule et al. (2019) s� ll highlight the 
hybrid model, which combines characteris� cs of con� nuous 
and discrete models.

Lucena et al. (2019) presents four sequen� al procedures 
for developing a simula� on. First, one must plan, that is, un-
derstand the problem and list the resources necessary for 
data collec� on and execu� on of the experiments. In this 
stage, it is important to perform a bibliographic survey to 
contextualize the study and choose the best techniques and 
tools to be used in the research. Next, it is necessary to cre-
ate a mathema� cal model from the mapping of the fl ows 
linked to the system under study, complementary diagrams, 
data collec� on and itera� on.

At the verifi ca� on and valida� on stage, the generated 
model is tested and analyzed to verify that its characteris� cs 
match that of the actual system. Furthermore, a study is also 
performed on its accuracy to check how close the values of 

the generated data are to each other (Thule et al., 2019). 
Finally, experiments are performed with the projec� on of 
the model in diff erent environments and opera� onal con-
di� ons. The researcher will analyze the simulated results, 
linking important informa� on for decision making, such as 
model performance, costs and resource arrangement (Luce-
na et al., 2019).

In the industrial environment, simula� on as a business 
decision support tool is in parts limited because it does not 
adjust to complex and constantly changing environments 
in real � me, such as demand variability and introduc� on 
of new products and/or equipment, due to the diffi  culty in 
manually reconfi guring the model parameters (Goodall et 
al., 2019).

In this context, since the 1970s, studies and computa� on-
al techniques have been carried out to speed up the execu-
� on of simula� on so� ware, with the use, for example, of 
mul� ple parallel processors connected in a network. This 
approach is inves� gated by Computer Science and is called 
Distributed Simula� on.

Currently, as an alterna� ve to researchers who do not 
have the Informa� on Technology (IT) infrastructure to si-
mulate large models, cloud services off er storage space for 
crea� ng high-performance Big Data and Analy� cs applica-
� ons at low cost (Taylor, 2019).

In addi� on, with the produc� on of cyberne� c elements 
applied to simula� on environments, mul� ple components 
are coupled together to obtain the total behavior of se-
veral systems analyzed simultaneously. For this purpose, 
the outputs of a simulator are connected to the inputs of 
others, which generate a broad mapping of the system and 
adjacent environments (Thule et al., 2019). Thus, studies, 
theories and technologies, applied in the context of simu-
la� on, provide more and more inputs to explore and work 
on the limita� ons linked to the method, as well as pers-
pec� ves on its expansion and applicability to all areas of 
knowledge.

2.3 MONTE CARLO SIMULATION

Monte Carlo simula� on has been known for centuries; 
however, the fi rst ar� cle on the method was published in 
1949 by Metropolis and Ulam (Yoriyaz, 2009). It was du-
ring the World War II that it gained notoriety when it was 
applied by scien� sts John Von Neumann and Stanislaw 
Ulam in simula� ons to determine the probability of nu-
clear fi ssions, based on neutron diff usion coeffi  cients, in 
the development of an atomic bomb (Silva et al., 2019). 
The nomenclature derives from the popular gambling, per-
formed in casinos in the city of Monte Carlo, Monaco (Silva 
et al., 2018).
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Monte Carlo is defi ned as a stochas� c method, which is a 
set of parameterized random variables used to study a sys-
tem over � me (Giraldo et al., 2018). This method generates 
a massive amount of data for each variable of the system 
under analysis. The results will not be the same in each si-
mula� on, but tend to converge to close values (Amorim et 
al., 2018).

This approach requires the use of so� ware and can be 
applied to linear and nonlinear func� ons, since it does not 
depend on the nature of the model (Mar� n et al., 2018). 
The higher the number of simula� ons, the higher the accu-
racy of the method, but the greater will also be the � me and 
computa� onal capacity required to store the generated data 
(Nascimento et al., 2018).

This simula� on aims to reproduce an actual system for 
a certain period of � me, which provides ar� fi cial data used 
to make inferences related to the process under study. Fur-
thermore, it simulates any system that depends on random 
factors (Silva et al., 2017). With the results it is possible to 
perform descrip� ve calcula� ons, such as mean, standard 
devia� on, median, minimum and maximum values (Silva et 
al., 2018).

For Osaki et al. (2019), there are two signifi cant limita-
� ons a� ached to the Monte Carlo method that should be 
considered when applying it in a study. The fi rst one would 
be the diffi  culty in algebraically determining the probability 
distribu� on of the analyzed variables, when there is not 
enough previous knowledge about the database. The se-
cond problem is in iden� fying whether there is in fact an 
interdependence rela� onship between the random num-
bers generated by the model, considering that they follow a 
predetermined distribu� on.

Monte Carlo is a method that can be applied in diverse 
areas, from project management to physical-chemical analy-
sis, for example, within the sports context, where the results 
of the games are quite uncertain and depend on dynamic 
variables. Nascimento et al. (2018) applied Monte Carlo si-
mula� on, via Markov chains, to predict the classifi ca� on of 
soccer teams in the 2017 Brazilian championship, using the 
average goals of past matches of each round as a basis. The 
odds of teams winning, drawing or losing were calculated.

Aiming to meet a need in the fi eld of Quality Engineering, 
Otsuka and Nagata (2018) studied the applica� on of Monte 
Carlo to determine the tolerance rates of parts s� ll in the 
design phase, with the objec� ve of reducing the process va-
ria� on and the consequent increase in manufacturing costs. 
This is because the actual dimensions of the parts do not 
correspond to the specifi ca� ons defi ned during the project, 
due to machining procedures, which aff ects the fi nal perfor-
mance that depends on a good fi t of all parts of the product. 

The method was used to project the tolerance limit values 
of each part, from the mean and standard devia� on, so that 
a� er the assembly procedure, the performance of the fi nal 
product would not be compromised.

In the urban mobility scenario, Goes et al. (2018) verifi ed 
the risks linked to the occurrence of accidents in a road net-
work in the city of Fortaleza, Ceará, using as variables the 
average daily volume of vehicles and the average speed in 
the stretch that has intense traffi  c loads. For the applica� on 
of Monte Carlo, 1,000 itera� ons were performed and it was 
concluded that the amount of simula� ons generated was 
eff ec� ve to evaluate the impact of each parameter in the 
study.

3. METHOD

Monte Carlo simula� on was used to forecast the OEE in-
dexes, based on a descrip� ve survey, which aims to analyze 
the rela� onship between the variables under study, with the 
need to describe, classify and interpret them.

The quan� ta� ve approach that applies sta� s� cal tech-
niques to both the collec� on and treatment of objec� vely 
measurable data was employed. This method aims to dis-
cover the rela� onship between variables, and to represent 
this informa� on, graphs and tables are usually used. Finally, 
it is possible to generalize the results obtained from a sam-
ple study to the en� re research popula� on (Fernandes et 
al., 2018).

The procedures adopted for applying the Monte Carlo si-
mula� on followed the topics listed below, as adapted from 
Pérez et al. (2019):

a) Defi ne the input variables of the analyzed system;

b) Model these variables;

c) Iden� fy the probabilis� c distribu� ons of each of them;

d) Confi gure and run Monte Carlo simula� on in so� ware;

e) Analyze the generated results.

In addi� on, Crystal Ball so� ware was used to perform the 
simula� ons.

3.1 CRYSTAL BALL

The Crystal Ball tool, version 11.1.4716.0, created by the 
American company Oracle Corpora� on, was used for data 
treatment, simula� on and analysis. It works as an extension 
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of MS Excel spreadsheets and it is also used for Monte Carlo 
applica� on, developed for simula� on, modeling and op� -
miza� on projects, where, at each itera� on, the generated 
data are stored. For the fi nal result, it is possible to perform 
sta� s� cal calcula� ons of a descrip� ve nature, which allows 
the researcher to project diff erent scenarios also in future 
studies (Amorim et al., 2018).

The meta-heuris� c method is used, since it explores a se-
ries of possible values for the variables of the problem un-
der analysis, in the search for an op� mal solu� on, instead 
of mathema� cal diff eren� a� on, calcula� on basis of classic 
op� miza� on so� ware (Mantzaras and Voudrias, 2017).

To use the Crystal Ball as an adjunct tool in Monte Carlo 
simula� ons, one must fi rst defi ne the probability distribu-
� ons of the input variables and then make some se�  ngs in 
the so� ware, which impact on the expected results, such as 
number of itera� ons desired, simula� on speed and confi -
dence interval. A� er the simula� on, a report is generated, 
including graphs of frequency, sensi� vity and correla� on, ta-
bles with descrip� ve sta� s� cs and informa� on on the most 
likely distribu� ons for the response variable, among other 
data.

3.2 SUBJECT OF STUDY

As a database for the development of this work, a case 
study directed by Sitompul and Rinawa�  (2019) was used in 
a pulp industry, where the OEE index for the Digester machi-
ne, which has the theore� cal capacity to produce 624 tons 
of pulp in a 24-hour opera� ng � me, was calculated. In view 
of this, it was observed the opportunity to expand the study 
of overall effi  ciency of the equipment in a simula� on, as a 
forecas� ng mechanism for early decision making, conside-
ring the historical data of machine opera� on and theore� cal 
references of the indicator raised in the literature.

The pulp and paper produc� on chain involves at least fi ve 
major stages: the produc� on of wood (predominantly eu-
calyptus), energy, pulp, paper and its subsequent recycling 
(Oliveira et al., 2018). Despite the expansion of technologi-
cal resources, paper produc� on has been growing and its 
worldwide consump� on has already exceeded 400 million 
tons, with a global average of 55 kg per person (Sanque� a 
et al., 2019). In Brazil, of the 7.84 million hectares of trees 
planted for industrial purposes, 35% are des� ned for paper 
and pulp produc� on (IBA, 2019).

3.3 DATABASE

To survey the data collected in August 2016, Sitompul 
and Rinawa�  (2019) conducted studies on the produc� on 

line, through direct observa� on and interviews with plant 
operators, obtaining informa� on regarding working hours, 
quan� ty of material produced, down� me and waste gene-
rated in the Digester machine. From this informa� on, it was 
possible to calculate the equipment availability, performan-
ce and quality indicators, as well as the OEE index, presented 
in Table 1.

The input variables presented are quan� ta� ve and con-
� nuous data. Two of them have fi xed values, produc� on 
capacity and target opera� ng � me, respec� vely 624 tons 
and 24 hours. The other variables (actual opera� ng � me, 
failure volume, and total produc� on) behave in accordance 
with the condi� ons of the environment and the equipment 
itself.

According to the mapping previously carried out in the 
aforemen� oned study, the informa� on was extracted from 
two work lines at the mill, which have a direct impact on 
the func� oning of the Digester machine: the energy sec� on, 
which manages the energy sources used in the processes, 
and the fi ber line sec� on, which performs from the cu�  ng 
of the wood to the packaging of the pulp sheets (Sitompul 
and Rinawa� , 2019).

Although the machine was running 24 hours a day, there 
were several stops throughout the measurements, as ad-
justments had to be made to the boiler engine when energy 
performance decreased. Produc� on was also interrupted to 
carry out repairs and supply the machine with raw materials.

As an ini� al analysis, it can be seen that the average ove-
rall effi  ciency indicators of the Digester machine are 84.58% 
for availability, 83.62% for performance, 91.05% for quality 
and 65.08% for OEE. These are low percentages and s� ll 
far from what is today classifi ed as world class (Plinere and 
Aleksejeva, 2019).

3.4 CONFIGURATION OF THE SIMULATION DATA IN 
CRYSTAL BALL

3.4.1. Availability, performance and quality

As a star� ng point, simula� ons were performed to verify 
the probability of the Digester machine’s availability, perfor-
mance and quality percentages reaching the levels conside-
red world class which, according to Sitompul and Rinawa�  
(2019), are 90%, 95% and 99.9%, respec� vely. For this pur-
pose, the equipment’s historical data were used to defi ne 
the sta� s� cal distribu� ons of the input variables.

According to Table 2, the triangular distribu� on of a con� -
nuous nature was adopted, as it best fi ts the database.
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Table 2. Sta� s� cal distribu� on of input variables

Variable
Distribu-

tion
Parame-

ters
Parameter 

values

Real Produc� on 
(ton) Triangular

Minimum
Fashion

Maximum

347.13
521.77
598.18

Faults (ton) Triangular
Minimum
Fashion

Maximum

0
46.93
73.08

Real Produc� on 
Time (h) Triangular

Minimum
Fashion

Maximum

14.55
20.30
22.00

The units of measurement for the input variables were 
tons and hours, and for the output variable, percentage. For 
each round, 50,000 itera� ons were performed in the Crys-
tal Ball so� ware, together with MS Excel, with a 95% con-
fi dence interval. Also in the so� ware were confi gured the 
distribu� ons and parameters for each input variable, as pre-
viously defi ned in Table 2.

3.4.2. Overall Equipment Effectiveness

In order to determine which of the parameters has the 
greatest impact on the OEE result, a second step was carried 
out. From the informa� on in Table 1, the sta� s� cal distribu-
� ons of the availability, performance and quality variables 

Table 1. Digester machine database

Measurement Expected Time 
(h)

Producti on 
(ton)

Failures 
(ton) Availability Performance Quality OEE (%)

1 22.00 560.39 70.97 0.917 0.898 0.873 71.90
2 21.85 517.53 24.292 0.910 0.829 0.953 71.96
3 21.55 539.8 36.202 0.898 0.865 0.933 72.47
4 21.00 548.93 70.681 0.875 0.880 0.871 67.06
5 21.40 548.53 72.622 0.892 0.879 0.868 68.01
6 19.75 535.22 70.796 0.823 0.858 0.868 61.25
7 18.70 506.16 70.738 0.779 0.811 0.860 54.37
8 19.80 524.66 70.721 0.825 0.841 0.865 60.02
9 14.85 362.69 70.683 0.619 0.581 0.805 28.96

10 16.90 415.58 70.607 0.704 0.666 0.830 38.93
11 21.35 571.23 72.444 0.890 0.915 0.873 71.11
12 21.85 551.26 72.629 0.910 0.883 0.868 69.83
13 21.45 598.18 72.575 0.894 0.959 0.879 75.28
14 21.55 577.18 48.546 0.898 0.925 0.916 76.07
15 21.95 527.11 0.000 0.915 0.845 1.000 77.26
16 18.25 428.53 0.000 0.760 0.687 1.000 52.22
17 21.65 556.51 52.018 0.902 0.892 0.907 72.93
18 21.30 527.47 48.337 0.888 0.845 0.908 68.15
19 20.95 505.54 34.480 0.873 0.810 0.932 65.90
20 21.95 546.98 65.765 0.915 0.877 0.880 70.53
21 21.15 549.99 73.075 0.881 0.881 0.867 67.35
22 18.50 492.55 11.995 0.771 0.789 0.976 59.36
23 14.55 347.13 0.000 0.606 0.556 1.000 33.73
24 21.35 551.21 0.000 0.890 0.883 1.000 78.58
25 21.65 528.06 41.383 0.902 0.846 0.922 70.36
26 21.55 572.72 41.692 0.898 0.918 0.927 76.41
27 21.25 549.17 41.483 0.885 0.880 0.924 72.04
28 20.75 570.09 41.445 0.865 0.914 0.927 73.25
29 20.55 570.16 41.476 0.856 0.914 0.927 72.55
30 21.95 561.96 41.408 0.915 0.901 0.926 76.30
31 16.00 432.28 25.878 0.667 0.693 0.940 43.42

Source: Adapted from Sitompul and Rinawa�  (2019).
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were verifi ed, as shown in Table 3. It was verifi ed that the 
triangular distribu� on best fi � ed the availability and perfor-
mance data. The distribu� on data lognormal to the quality 
data.

Table 3. Sta� s� cal distribu� on of OEE parameters

Variable Distributi on Parameters Parameter 
values

Availability Triangular
Minimum
Fashion

Maximum

0.6063
0.8458
0.9167

Performance Triangular
Minimum
Fashion

Maximum

0.5563
0.8362
0.9586

Quality Lognormal

Local
Mean

Standard 
Devia� on

0.4210
0.9106
0.0508

In the same way, 50,000 itera� ons were performed in 
the Crystal Ball so� ware, with the help of MS Excel spread-
sheets. The confi dence interval was defi ned in 95% and the 
distribu� ons and parameters of the input variables previ-
ously presented in Table 3 were confi gured.

4. RESULTS AND DISCUSSIONS

At fi rst, availability, performance and quality parame-
ters were simulated individually to check the probability of 
reaching world-class levels, as well as to iden� fy which of 
the input variables signifi cantly impact each of these indica-
tors. In a second step, it was es� mated the probability of the 
OEE of the equipment being equal to or higher than 85%, 
a worldwide benchmark, and what parameters most aff ect 
the fi nal result of this indicator in the Digester machine.

4.1. Availability

The simula� on of the availability parameter lasted 89.84 
seconds and, according to Table 4, it is possible to observe 
the descrip� ve sta� s� cs of the data generated in the fore-
cast. A low standard devia� on (0.07) is observed, which is 
a good indicator that the simulated values presented low 
variability (coeffi  cient of varia� on of 8.41%). The maximum 
value was 0.92, a li� le beyond the thseore� cal value of 0.90, 
considered of world class; however, the amplitude of the 
forecast data was signifi cant, of 0.31.

It can also be seen that the distribu� on is not symmet-
rical, as the mean, median and fashion values diff er from 
each other. To be� er understand the format of the distri-
bu� on, one can analyze kurtosis, which indicates the dis-
persion of data in the frequency graph. For this case the 

kurtosis was posi� ve (2.40), i.e. broths with higher concen-
tra� on of values, and therefore, a fl a� er distribu� on. For 
comparison purposes, a normal distribu� on has kurtosis 
equal to zero.

Table 4. Descrip� ve simula� on sta� s� cs: Availability

Sta� s� cs Forecast Value

Mean 0.79

Median 0.80

Fashion 0

Standard Devia� on 0.07

Variance 0

Obliquity -0.4442

Kurtosis 2.40

Coeffi  cient of Varia� on 0.0841

Maximum Value 0.92

Minimum Value 0.61

With respect to the probability of the percentage of avail-
ability being equal to or greater than 90%, according to Fig-
ure 1, it was only 1.77%.

Figure 1. Availability simula� on frequency graph

Regarding the variable with the greatest impact, it can 
be observed in the sensi� vity graph, according to Figure 2 
that, for this study, the � me of opera� on (100%) is the only 
factor that infl uences the availability parameter. Therefore, 
it is necessary to evaluate the need of investments for the 
implementa� on of improvements that aim at the reduc� on 
of lead � me, revisions in the procedures that involve the use 
of the equipment and changes in the layout of the plant that 
can help to be� er use the � me available for the u� liza� on 
of the machine.

In addi� on, to increase the reliability of the equipment, 
a schedule should be drawn up to defi ne the periodicity at 
which preven� ve and predic� ve maintenance will be carried 
out on the machine, since unplanned down� me currently 
occurs due to breakdowns. A maintenance schedule can also 
help in the diffi  culty that the equipment has in stabilizing 
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its opera� on at the moment it is started, as pointed out by 
Sitompul and Rinawa�  (2019).

Figure 2. Availability simula� on sensi� vity graph.

The distribu� on that best suited the response variable 
was the triangular one (maximum: 0.92, minimum: 0.61, 
most likely: 0.85).

4.2. Performance

This simula� on lasted 97.59 seconds and it is observed 
that the average of the simulated data (0.78) was slightly 
lower than the average of the historical data (0.83), accor-
ding to Table 5. The standard devia� on and variance of this 
parameter were also low, 0.08 and 0.01, respec� vely.  These 
facts indicate low data dispersion, referring to the expected 
value (coeffi  cient of varia� on of 10.72%). The amplitude was 
signifi cant, 0.40, since the minimum value was only 0.56. 
The obliquity, which refers to the asymmetry of the distri-
bu� on, was nega� ve. This indicates a larger volume of data 
in the le�  region of the graphic, where the values are below 
the mean.

Table 5. Descrip� ve sta� s� cs of the simula� on: Performance

Stati sti cs Forecast Value
Mean 0.78

Median 0.79

Fashion 0

Standard Devia� on 0.08

Variance 0.01

Obliquity -0.3491

Kurtosis 2.41

Coeffi  cient of Varia� on 0.1072

Maximum Value 0.96

Minimum Value 0.56

On the other hand, the probability of the performance 
percentage being equal to or greater than 95%, considered 
as world class, was only 0.088%, as shown in Figure 3.

Figure 3. Performance simula� on frequency graph.

The sensi� vity graph, presented in Figure 4, indicates that 
the only variable that impacts the performance parameter 
in this study is the actual produc� on (100%). Therefore, the 
amount of pulp processed by the equipment is directly re-
lated to the percentage of performance, which according 
to historical data presented in Table 1, at no � me was the 
equipment able to produce the expected op� mal volume of 
624 tons per day.

Figure 4. Performance simula� on sensi� vity graph. 

This parameter can be improved, in general, with the de-
crease of rework and defec� ve produc� ons. In addi� on, the 
speed at which the equipment executes its commands must 
be evaluated, for example, by means of a chrono-analysis, 
which will s� ll highlight the main bo� lenecks in the process, 
from the mapping of each stage of the process. The indica-
tor is also related to the moments in which produc� on was 
interrupted, due to the execu� on of repairs on the machine.

The distribu� on that best suited the response variable 
was the triangular one (maximum: 0.96, minimum: 0.56, 
most likely: 0.83).

4.3. Quality

The simula� on of this indicator lasted 83.65 seconds 
and, according to Table 6, generated descrip� ve sta� s� cs 
that stood out. For instance, among the simula� ons of the 
three pairs: smallest standard devia� on (0.03), coeffi  cient 
of varia� on (0.036) and the largest maximum value (1.00). 
In addi� on, the data generated in the simula� on obtained 
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an average of 0.92, prac� cally equal to the average of the 
equipment’s historical data quality, which was 0.9106. The 
obliquity of this indicator was posi� ve, which indicates that 
there was a concentra� on of data in the right region of the 
broth in the frequency graph, related to values above the 
average.

Table 6. Descrip� ve sta� s� cs of the simula� on: Quality

Stati sti cs Forecast Value
Mean 0.92

Median 0.92

Fashion 0

Standard Devia� on 0.03

Variance 0

Obliquity 0.0342

Kurtosis 2.62

Coeffi  cient of Varia� on 0.0360

Maximum Value 1.00

Minimum Value 0.80

Regarding the probability of the equipment reaching a 
percentage equal or superior to 99.9% in the quality indi-
cator, the simula� on provided us that this chance was only 
0.196%, according to Figure 5.

Figure 5. Quality simula� on frequency graph.

The variable that caused the greatest eff ect on this 
parameter was the number of failures (92.6%), as shown 
in Figure 6. At fi rst, it can be evaluated whether the fail-
ure peaks are correlated with certain shi� s (because the 
plant operates 24 hours a day) and with the operators, at 
� mes when the machine is started up or shut down, and 
seasonality at � mes of the year (due to the temperature/
moisture/pressure of the environment that can impact the 
opera� on of the machine), among other relevant environ-
mental factors.

Figure 6. Performance simula� on sensi� vity graph.

Moreover, the quality tools used, such as the Ishikawa 
diagram, assist in mapping the root cause of the problems 
aff ec� ng this indicator, which include the points men� oned 
above, as well as the evalua� on of which stages of the pro-
cess generate the most failures, from the analysis of inputs 
and outputs, procedures, resources, and tools used.

The distribu� on that best suited the response variable 
was beta (maximum: 1.04, minimum: 0.80, alpha: 6.06234, 
beta: 6.48598).

4.4 Overall Equipment Effectiveness

For the OEE indicator the simula� on � me was 70.34 seconds 
and, according to Table 7 with the descrip� ve sta� s� cs of the 
forecast database, the average was only 0.56, lower than the 
historical OEE average of the Digester machine of 0.6508. This 
indicator presented the highest range (0.60) among the simula-
� ons performed in this study, which shows the variability of the 
process (higher coeffi  cient of varia� on among the simula� ons, 
0.1476). In addi� on, the distribu� on presented a slight concen-
tra� on of data in the right region, where the values are above 
the average, since its obliquity was low and posi� ve (0.0546).

Table 7. Descrip� ve sta� s� cs of the simula� on: OEE

Stati sti cs Forecast Value
Mean 0.56

Median 0.56

Fashion 0

Standard Devia� on 0.08

Variance 0.01

Obliquity 0.0546

Kurtosis 2.67

Coeffi  cient of Varia� on 0.1476

Maximum Value 0.90

Minimum Value 0.30

The frequency graph (Figure 7), which demonstrates the 
probability of the indicator reaching a percentage equal to 
or higher than 85% for this equipment, was 0.009%, accord-
ing to the world class OEE index.
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Figure 7. OEE simula� on frequency graph.

The sensi� vity graph (Figure 8) showed which parame-
ters most impact the OEE. For the Digester machine, per-
formance (54.7%) and availability (31.9%) together add up 
to 87%. This percentage brings important informa� on on 
which stages of the process the company’s management 
should priori� ze ac� ons to improve the indicator and, con-
sequently, its produc� vity. Almeida and Fabro (2019) warn 
that analyses and decisions that interfere with OEE need to 
be carried out carefully, since the importance of equipment 
reaching levels of excellence is a factor that compromises 
the sustainability of a company within the market.

The distribu� on that best suited the response variable 
was beta (maximum: 0.91, minimum: 0.25, alpha: 6.84837, 
beta: 7.60708).

Figure 8. OEE simula� on sensi� vity graph

Finally, from the results discussed in this chapter, it is pos-
sible to state that the simula� on provides greater inputs for 
the company, in terms of understanding its processes and 
bo� lenecks, from a broader perspec� ve. As the historical 
variables are limited to a specifi c period and to the size of 
the measurements, Monte Carlo simula� on was able to 
generate a very relevant amount of informa� on (50,000 it-
era� ons), based on the actual behavior of the equipment, 
which helps the researcher to inves� gate correla� ons that 
might not be possible with a reduced volume of data.

For this study, it was found that the opera� ng � me and 
produc� on variables were the most relevant, and that they 
should be priori� zed by the company in a decision making 
aimed at investments in improvements, for example. These 

changes are directly linked to the three parameters, but per-
formance and availability indicators stand out as the factors 
with the greatest impact on the fi nal OEE result of the Di-
gester machine.

Not coincidentally, referring to the equipment’s historical 
data, the performance and availability are far from what is 
now classifi ed as world class and in the simula� on they pre-
sented a higher coeffi  cient of varia� on (0.1072 and 0.0841), 
i.e. greater variability in the data generated, when com-
pared to the quality parameter, a median evalua� on when 
it comes to produc� on planning and control.

In addi� on, it is noted that the machine was able to 
achieve the maximum percentage in the quality indicator 
(100%), in the simula� on and in the actual opera� on of the 
equipment. As a consequence, it directs the company in 
the understanding that it is also interes� ng to invest in the 
improvement of this indicator, with interven� ons perhaps 
more accessible on a daily basis, because this parameter 
presented be� er sta� s� cs and results than the others.

As for the use of Crystal Ball as so� ware for data simu-
la� on, the simplicity to use and interpret the informa� on 
generated (from sta� s� cal tables to frequency and sensi-
� vity graphs) stands out, which facilitates its applica� on to 
researchers/analysts of companies that have no previous 
knowledge about the tool and Monte Carlo simula� on.

5. CONCLUSION

Monte Carlo simula� on is an aff ordable and uncompli-
cated op� on to be applied in diff erent situa� ons, given its 
universality. In the scenario analyzed in this paper, the speed 
at which the simula� ons occurred was highlighted, with an 
average � me of 85 seconds. In addi� on, the main objec� ve 
of this study was achieved, as it was possible to iden� fy the 
main factors and parameters that signifi cantly impact the 
OEE index of the Digester machine.

It is also concluded that the probabili� es of the equip-
ment reaching the world benchmarks for performance 
(0.088%), availability (1.77%), duality (0.196%) and OEE 
(0.009%) have been quite low. However, this scenario only 
reinforces the need to analyze the produc� on line from a 
perspec� ve that encompasses micro to macro, since both 
the parameters directly linked to the equipment’s effi  ciency 
and the company’s environment can impact the result.
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