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Abstract
The processing of Eucalyptus logs is a stage that follows the full tree system in mechanized forest harvesting, commonly performed by grapple saw. Therefore, this activity presents some associated uncertainties, especially regarding technical and silvicultural factors that can affect
productivity and production costs. To get around this problem, Monte Carlo simulation can be
applied, or rather a technique that allows to measure the probabilities of values from factors that
are under conditions of uncertainties, to which probability distributions are attributed. The objective of this study was to apply the Monte Carlo method for determining the probabilistic technical-economical coefficients of log processing using two different grapple saw models. Field data
were obtained from an area of forest planted with Eucalyptus, located in the State of São Paulo,
Brazil. For the technical analysis, the time study protocol was applied by the method of continuous reading of the operational cycle elements, which resulted in production. As for the estimated
cost of programmed hour, the applied methods were recommended by the Food and Agriculture
Organization of the United Nations. The incorporation of the uncertainties was carried out by
applying the Monte Carlo simulation method, by which 100,000 random values were generated.
The results showed that the crane empty movement is the operational element that most impacts
the total time for processing the logs; the variables that most influence the productivity are specific to each grapple saw model; the difference of USD 0.04 m3 in production costs was observed
between processors with gripping area of 0.58 m2 and 0.85 m2. The Monte Carlo method proved
to be an applicable tool for mechanized wood harvesting for presenting a range of probability of
occurrences for the operational elements and for the production cost.
Keywords: forest harvesting, Eucalyptus, production costs, Monte Carlo, productivity

1. Introduction
In Brazil, commercial planting of forest species,
mainly the genus Eucalyptus sp., is important from the
economic perspective (3.7 million of jobs). They covers
an area of 5.7 million hectares (BTI 2017), accounting
for about 1% of the country’s gross domestic product
(GDP). Under this perspective, the optimization of the
mechanized forest harvesting operation, commonly
used in Brazil, has paramount importance due to the
capital necessary for providing the machinery, required for each forestry activity.
According to Enache et al. (2015), Lindroos et al.
(2017), Norihiro et al. (2018), as a premise, it is important to understand the technical-economic factors,
considering adequate design of machines and forest
Croat. j. for. eng. 41(2020)2

implements, as well as the financial sustainability of
the entire forest production chain. In Brazil, the full
tree system stands out as one of the most used forest
harvesting systems (Malinovski et al. 2014).
Under this system, the processing of whole trees is
carried out after the extraction phase. Therefore, it
aims at log processing in lengths, which varies mainly
according to the transportation mode and to industrial processes. This operation can be performed by a
grapple saw, which has been already tested in other
experiments (Spinelli et al. 2014, Spinelli et al. 2019).
A grapple saw delimits the length and processes
tree bundles and typically is equipped with sensors, it
measures length and diameter (Kellogg and Bettinger
1994) and allows crosscutting as a separate task, or as
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part of another task, such as prebunching, loading or
stacking (Pottie and Guimier 1986).
Log processing is an essential part of the modal
mechanized forest harvesting. It should be evaluated
under the technical-economic aspect and above all, it
should consider the uncertainties associated with the
probability measurement of occurrence of variables of
interest. One of the possibilities is to use probabilistic
models, which according to Jastad et al. (2018), are the
most appropriate to reality as they take the uncertainty factor into account, as well as the relations among
the variables involved.
According to Raadgever et al. (2011) uncertainties
can be defined as a situation in which there is no a
unique and complete understanding of a particular
management system. It is essential to identify the risks,
and available methods and techniques applied in risk
analysis as tool of investment measurement and management (Merkova and Drábek 2015). One of the techniques related to these uncertainties (technical and silvicultural) is the application of Monte Carlo simulation,
which, according to Vajargah and Salimpour (2017), is
an applied method for calculating the expected value
of a random variable, flexible and simple tool that is
widely used in the evaluation of random paths, based
on the repetition of the same experiment and offering
a higher degree of reliability (Chiacchio et al. 2016).
It is worth noting that this method can be applied
in several areas, such as for a series of data, in order to
obtain productivity projections of a given mechanized
forest harvesting system (Robinson et al. 2016).
Given this context, it can be assumed that the logging activity has its associated uncertainties, and any
failure to consider them could lead forest managers to
wrong decisions, which justifies the development of
models for the stochastic approach. Thus, the hypothesis of the study was that grapple saw with gripping
area of 0.85 m2 compared to grapple saw with gripping
area of 0.58 m2 will present differences in productivity
and production cost.
Therefore, the objective of this study was to apply
the Monte Carlo method for determining the probabilistic technical-economical coefficients of Eucalyptus
logs processing using two grapple saw models with
different technical characteristics.

2. Materials and Methods
2.1 Field Data
The study area was located in the geographical coordinates: 22º84’ south latitude and 48º34’ west longitude, in State of São Paulo, Brazil.
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For the study, a 6-year-old Eucalyptus plantation
was selected in a first rotation, initially planted in spacing 3×2 m. Based on pre-cut inventory data, the mean
height of the trees was on average 20.87±3.28 m, with
DBH of 14.95±3.62 cm and mean volume of 0.20 m3 per
tree (merchantable timber).

2.2 Operation Productivity
For developing this study, a single operator with
18 months of experience in log processing was considered. Thus, only one machine with two different grapple saw heads was analyzed.
The machine was a John Deere model 2154D, with
13,514 hours of accumulated use, 159 hp of nominal
power, with track and mass of 25,744 kg. At the front
end, the machine was equipped with a hydraulic crane
of 8.90 m, in which a J Souza grapple saw was attached, with the cutting speed of 4.55 m s-1. The grapple saw moved the tree bundles in the longitudinal
direction towards the transverse saw for processing
logs of 7.20 m in length along the forest roads.
Two operating conditions were evaluated, that is
the grapple saw that differed in relation to the maximum opening of the claws, characterized as: grapple
saw 1 (GS1) characterized by claws that allowed maximum opening of 2150 mm, with a gripping area of
0.58 m2, a 45” saw bar, total mass of 940 kg, purchased
for USD 30,858.26; and grapple saw 2 (GS2) characterized by claws that allowed maximum opening of
2400 mm, i.e., with a gripping area of 0.85 m2, with a
52”saw bar, total mass of 1150 kg, purchased for USD
40,167.21.
In order to investigate the productivity (P), the ratio
was determined of the volume of processed logs in cubic meters and the actual working time of the grapple
saw. Then the protocol of time study was applied, with
a digital timer by continuous reading of the operational cycle elements resulting in production, in accordance
with Strandgard et al. (2019), excluding delays.
Thus, elements of the operational cycle (EOC) were
divided into: picking up wood bundles (PWB), loading wood bundles (LWB), processing logs (PLO) and
crane empty movement (CEM).
According to Howard (1989), time studies are usually performed by using sampling techniques. For
calculating the minimum number of operating cycles,
60 operational cycles were used for a preliminary estimate of the sample size, therefore, 420 operational
cycles were considered in order to obtain a sample
with statistical validity, considering the mean EOC
times and the sample standard deviation, according
to Stevenson (2001), aiming at determining a 95% degree of accuracy and an error degree of 5%.
Croat. j. for. eng. 41(2020)2
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2.3 Operation Costs
Calculations of the estimated costs of the grapple saw
programmed hour (CPH), according to Vangansbeke
et al. (2015), Klepac and Mitchell (2016), based on the
number of hours a machine is programmed to operate
within a year, and on the utilization rate of the machine, were based on the cost control methods of the
mechanized forest harvest recommended by the Food
and Agriculture Organization of the United Nations
(FAO 1992).
Fixed costs included the following cost elements
(CE): depreciation, interest on the applied capital, labor, machine insurance and taxes. Variable costs included: fuel, maintenance and repairs, spare parts,
lubricating oils and greases.
The machine was purchased for USD 238,796 and
its expected economic life was five years, with a USD
47,759 residual value. In addition, the operator salary
was USD 3.06 per work hour, to which 134% was added related to social charges. As for interests representing the remuneration of the applied capital, the
Weighted Average Cost of Capital (WACC) was adopted, as the company owning the machine also owns
the participation of the capital of third parties, that is,
debt contraction. This, fundamentally, required the
calculation of the cost for capital estimate, obtained by
Capital Asset Pricing Model (CAPM).
Under this view, the machine production cost
(MPC) used for processing logs was estimated assuming the traditional perspective, which refers to the ratio between the costs of the grapple saw programmed
hour (CPH) and productivity (P).

2.4 Simulating Uncertainty
The protocol of the time study applied to forest
harvest is a premise for sizing the modals; therefore,
for determining the production costs, this protocol
does not allow weighing the uncertainties associated
to the parameters involved, mainly due to the fact that
the time estimates are calculated for specific conditions. Besides, the machine programmed hourly cost
was estimated in a direct and, therefore, in a deterministic manner, characterizing it under uncertainty conditions.
Thus, the following variables were defined as input
parameters (inputs): cost elements, to which triangular probability distributions were attributed according to Stein and Keblis (2009), Simões et al. (2018),
Fazlollahtabar (2019), based on the calculation of the
base values, considering a variation of ±15.0%.
For the EOC field data and for the volume of processed wood (VPW) per cycle, the probability distribuCroat. j. for. eng. 41(2020)2
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tions were adjusted and, the Spearman’s rank was
calculated among EOCs due to the assumption of influence on the total time of the operational cycle.
Consequently, the Monte Carlo simulation method
was applied by generating 100,000 random numbers,
performed under @Risk software Copyright© 2018
Palisade Corporation (2018). The number generator
was the Mersenne Twister, setting the initial parameter
for the mathematical models. From continuous sample
data obtained from simulated results, the analysis of
the output variables (outputs) was carried out, namely the P, for CPH and MPC.
Under this perspective, the contributions of the
variance of each input (EOC and VPW) were calculated for the P, that is, how much each input accounted for the output variance. For the CPH and MPC,
Spearman’s rank (Zhang et al. 2016, Kumar and
Abirami 2018, Wang et al. 2019) was used to identify
the monotonic relationship strength among the dependent and independent variables.
Finally, considering both inputs and outputs, probability distributions selection was performed via Bayes
Information Criterium (BIC) (Burnham et al. 2011,
Mehrjou et al. 2016, Campos et al. 2018) and for the
normality assumption, the Kolmogorov-Smirnov (KS)
test was applied at 1% level of significance (Xiao 2017,
Baselice et al. 2019, Fang and Chen 2019).

3. Results and Discussion
3.1 Analysis of Operating Cycle Times
of Grapple Saw
Once considering sampling adequacy, 134 and 286
operating cycles were analyzed, respectively, for grapple saw 1 (GS1) and grapple saw 2 (GS2). Concomitantly, the precision of the sample was 3.87% and
3.11%, based on the minimum sample size, which was
60 operating cycles. The total duration of the study
was 13 hours and 20 minutes, which allowed the processing of 1466.80 cubic meters of wood.
When weighing the GS1, it was verified that the
operational cycle average time was 96.94 seconds, due
to 5.3 seconds demanded for PWB, 26.3 seconds consumed for LWB, 15.6 seconds for PLO and 39 seconds
required for CEM. Therefore, the CEM was the EOC
that explained most of the log processing time, corroborating with Minette et al. (2008) and Ghaffariyan
et al. (2012) in studies on the P of the grapple saw.
Thus, Table 1 shows information on the probability distributions for the four EOCs that composed
the GS1 operation, generated from real conditions,
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 erifying that the field data of each element followed
v
probability distributions, meaning that they have specific behaviors.
In the analysis of PWB, the best adjustment was
through the distribution of exponential probability,
which, according to Balakrishnan and Basu (1996), is
one of the most significant and widely used distributions in the statistics area, and according to Lemonte
(2013), it is a popular statistical model and probably
one of the parametric models allowing application in
several areas of knowledge.
As for LWB and PLO, the best adjustments obtained were the distribution of the Inverse Gaussian
probability which, according to Lin and Wu (2011) and
Wu and Li (2012), refers to an applied distribution, as
a useful modeling tool in order to adjust data with
asymmetry to the right and positive. Thus, these EOCs
have an asymmetric and leptokurtic distribution and
tend to approximate a normal distribution, which according to Ming et al. (2019) and Guan et al. (2019), can
represent the uncertainties by obtaining a small standard deviation. With reference to CEM, the best probability was the gamma distribution that, according to
Saitou (2013) and Tarbush (2018), is defined by the
parameters of form (α>0) and scale (β>0), and has a fine
right tail. Thus, the behavior of CEM was described by
means of two parameters, based on a set of data with
a known range of values.
For analyzing the time of the elements of the operational cycle referring to GS2, it was verified that the
average time of the operational cycle was 110.70
seconds; this way, the average time of the elements
were: 6.7 seconds for PWB, 30.6 seconds for LWB, 19.5
seconds for PLO, and 49.4 seconds for CEM. This was
an analogous condition to GS1, that is, the CEM element required the longest operating cycle, which was
also confirmed by Fernandes et al. (2009) when analyzing grapple saws.
This way, analyzing the EOCs of the operational
cycle for GS2 (Table 2), it was recognized that, for PWB,
the best distribution adjustment was through the exponential distribution, and according to Balakrishnan

Table 2 Parameters distributions of inputs of grapple saw 2

Table 1 Parameters distributions of inputs of grapple saw 1

Under this view, as a premise, it was found that the
productivity data for GS1 do not follow a normal distribution (KS=0.0061). Thus, the P had the best adjustment (BIC=1,090,122.11) by the gamma probability
distribution, with shape parameter α=4.30 and scale
parameter β=29.29, with strong and positive asymmetry (0.96) and degree of platykurtic kurtosis (4.39). In
accordance with Timpson et al. (2018) and Bobotas
(2019), this probability distribution is an important

EOC

Distributions

α

β

µ

λ

PWB

Exponential

–

2.29

–

–

LWB

Inverse Gaussian

–

–

13.85

19.40

PLO

Inverse Gaussian

–

–

9.87

15.80

CEM

Gamma

1.28

17.30

–

–
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EOC

Distributions

Minimum

Mean

Maximum

α

β

PWB

Exponential

–

–

–

–

3.68

LWB

Triangular

15.34

19.57

57.39

–

–

PLO

Triangular

6.21

11.00

41.12

–

–

CEM

Gamma

–

–

–

1.25 25.05

and Davies (2013) and Ristic and Kundu (2015), one of
the characteristics of this distribution is its application
in several areas of study.
In addition, for LWB and PLO, the best adjustments were obtained for triangular probability distributions, which are a well-known class and often used
in situations when the random variable cannot be determined (Glickman and Xu 2008, Nguyen and
Mclachlan 2016). Regarding CEM, the best adjustment
of probability was through the gamma distribution,
which according to Gomes et al. (2008) and Boecket al.
(2011), is often used to model data with right asymmetry, being a popular distribution.
By exploring the average EOC times, it was possible to verify that the technical characteristics of the
machines influenced the total time of the operation,
considering that other variables that could affect the
time of the operating cycles were kept constant.
The difference in the mass of the forest implements,
(210 kg) due to the gripping area and, consequently,
the number of trees per cycle, required the intensification of mechanical force in the hydraulic arm of machine, requiring longer time for the elements, mainly
by CEM, since it was the EOC that demanded greater
movement of the forestry implement.

3.2 Stochastic Analysis of Productivity
The productivity with the grapple saw can be considered one of the most important cost drivers of the
harvesting activity. In other words, from this technical
coefficient, it is possible to establish the production
cost of the operation.

Croat. j. for. eng. 41(2020)2

Technical-Economic Analysis of Grapple Saw: A Stochastic Approach (219–229)

R.H. Miyajima et al.

Fig. 1 Spearman´s rank of five dependent variables with the highest impact on productivity
model in statistical theory and practice, for considering parameters such as form and dispersion of data
around the average. The average productivity was
144.33 m3h-1 and the standard deviation ±61.17 m3h-1.
As for GS2, the productivity data did not follow a
normal distribution (KS=0.0098) either, and similarly
to GS1, the best adjustment (BIC=1,122,784.92) was
obtained by the gamma probability distribution model (α=2.85 and β=44.61). By observing the asymmetry
and kurtosis coefficients, which according to Zhou
(2002), aid in the quantification of distribution deviations, a strong and positive asymmetry (1.18) was measured, with a (5, 10) degree of kurtosis.
Thus, the mean productivity was 147.04 m3h-1 and
standard deviation ±75.36 m3h-1, that is, higher values
than those determined by Fiedler et al. (2008), who had
found an average productivity of 84 m3h-1. However,
this difference can be attributed to the gripping area
of the grapple saw, followed by VPW, as reported by
these authors.
Characterizing the association of EOC and VPW
with P, it is observed in Fig. 1 that, for the GS1, VPW
has a moderate positive nonlinear correlation (ρs=0.73),
this is, the increase in VPW tends to increase the productivity.
This condition is corroborated by the studies carried out by Lopes et al. (2008) and Strandgard et al.
(2014), who pointed out that the volume of trees was
the most influential factor on the productivity of grapple saws.
Croat. j. for. eng. 41(2020)2

In relation to CEM and PWB, the nonlinear correlation can be considered as moderate negative
(0.50<|ρs|<0.51), and a weak nonlinear negative correlation can be detected for LWB and PLO
(0.31<|ρs|<0.34).
Regarding GS2, correlations that can be considered
as strong negative (0.80<|ρs|<0.82) between P and EOC
have been verified, as well as a moderate positive correlation (ρs=0.56) between VPW and P; thus, there is a
direct correlation. Therefore, the higher VPW per operating cycle, the higher is the increase in productivity.

3.3 Stochastic Analysis of Operating Costs
It is not easy to make estimates of the programmed
hourly cost of machines and it has been a controversial
issue both in the scientific community and in forest
companies, especially due to the accuracy of the information from machine owners. Justifying this condition, it was possible to verify that the CPH data of GS1
does not follow a normal distribution (KS=0.0028) by
applying the generation of random values, and under
this situation, the best adjustment (BIC=374,640.72)
was obtained by the beta distribution model with continuous shape parameters (α1, α2 > 0) α1 = 13.53 and
α2 = 10.20.
Jung et al. (2019) and Du et al. (2019) point out that
beta distribution allows for flexibility to model different dispersion environments. As for the asymmetry
(–0.11), which can be considered weak and negative,
according to Milanesi (2013), this value confirms that
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Fig. 2 Contribution of cost elements (USD h-1) to CPH variance
the probability does not follow a normal distribution,
especially with a (2.79) degree of Platykurtic kurtosis.
It is worth noting that kurtosis refers to the degree
of flattening or relative elevation of a distribution
(Muzuel et al. 2014). Considering this, the average
CPH of the GS1 was USD 67.11 h-1 and the standard
deviation ±USD 1.58 h-1, considering the minimum
value of USD 58.07 h-1. These monetary values were
higher than the calculation estimates by Rocha et al.
(2009), who obtained the value of USD 58.47 h-1 for
similar forest conditions.
It should be highlighted that the differences in
CPH calculation estimates can be explained by the calculations adopted, by means of direct methodologies,
with different technical factors or yet, determined by
the consumption of resources.
Among the CEs composing the CPH in the operation of GS1 (Fig. 2), the expenses related to fuel contributed the most (55.60%) to the variance of the mean
value of CPH, meaning that the average CPH ranged
between USD 65.01 h-1 and USD 69.04 h-1. Another
CE assumed to be determinant was the labor, accounting for 20.15% of CPH variance; namely between
USD 65.83 h-1 and USD 68.26 h-1.
When analyzing the CPH of GS2, it was found that
the data did not follow a normal distribution
(KS=0.0026), and the best adjustment (BIC=376,302.95)
was obtained by the beta distribution model, with continuous shape parameters α1=13.90 and α2=10.47. This
way, the average CPH was USD 68.11 h-1 and standard
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deviation ± USD 1.59 h-1, considering the minimum
value of USD 58.87 h-1. The mean CPH was $ 15.25
lower than the CPH obtained by Magagnotti et al.
(2013), who applied methods proposed by Miyata
(1980). The difference between the CPH of GS1 and
GS2 can be attributed due to the difference in the acquisition value of the grapple saw head, which was
USD 9308.95. Moreover, this difference was still due
to PHM, therefore, it was 1.87% higher for GS2. These
were the main factors that influenced the difference
between the CPH.
Observing the CE, respectively, it was verified that
the monetary expenditure related to fuel was the most
impacting over the value of the CPH variance, representing 54.69% of the variance of the CPH average
value, this is, the average value ranged between
USD 66.01 h-1 and USD 70.03 h-1. Shortly thereafter,
labor accounted for 19.82% of the CPH variance, revealing a CPH variation between USD 66.83 h-1 and
USD 69.25 h-1. Thus, the monetary expenditure related
to fuel for both grapple saws is what impacted the
CPH the most, as confirmed by Simões et al. (2014),
who analyzed the production costs of a grapple saw
while processing logs of Eucalyptus grandis Hill ex
Maiden of 6 meters in length.
When considering the MPC with GS1, it was verified that it does not follow a normal distribution
(KS=0.0027). Thus, the best adjustment (BIC=–21,888.61)
was obtained by the inverse Gaussian distribution
model. According to Ye and Chen (2014) and Lu (2016),
Croat. j. for. eng. 41(2020)2
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Fig. 3 Probability Density Function (PDF) of the production costs of log processing operation for grapple saw 1
this type of distribution is based on two parameters of
continuous probability distributions, and being flexible to incorporate random effects and explanatory

variables, it is still widely applied with strong and po
sitive asymmetry (1.64) and degree of Platykurtic kurto
sis (7.46). This way, the mean MPC was USD 0.56 m-3

Fig. 4 Probability Density Function (PDF) of production costs of log processing operation of grapple saw 2
Croat. j. for. eng. 41(2020)2

225

R.H. Miyajima et al.

Technical-Economic Analysis of Grapple Saw: A Stochastic Approach (219–229)

and standard deviation ± USD 0.26 m-3, with the 5 and
95 percentiles (Fig. 3), meaning that 95% of the random
values generated by the MPC are between USD 0.26 m-3
and USD 1.07 m-3.

lower than the production cost of the grapple saw with
a gripping area of 0.85 m2.

For the analysis of the inputs that influenced the
MPC the most, i.e. the Spearman’s rank of GS1 in relation to the variable of interest, it was found that the
VPW was the factor that most negatively influenced
the MPC, due to the strong correlation (ρs=–0.72), followed by CEM and PWB, which presented moderate
positive coefficients (ρs=0.50). Although these classifications may have an ambiguous character, the interpretations were ruled according to Daniel (1978).

The present work has been carried out with the
support of the Coordination of Improvement of Higher Education Personnel – Brazil (CAPES) – Financing
Code 001.

For the analysis of MPC with GS2, the data do not
follow a normal distribution (KS=0.0068). Thus, the
best adjustment (BIC=22,139.23) was obtained by the
inverse Gaussian distribution model, with strong and
positive asymmetry (1.87) and (8.80) degree of
Platykurtic kurtosis. According to Hou and Wentzell
(2011) and Liu et al. (2018), a Platykurtic kurtosis is
characterized by wide and flat distributions.
This way, it resulted in a production cost of
USD 0.60 m-3, and a standard deviation of USD 0.35 m-3,
and yet with the percentiles 5 and 95 (Fig. 4), meaning
that 5% of the random values generated by MPC are
lower than USD 0.23 m-3 or higher than USD 1.27 m-3.
When considering the most significant inputs for
the CPM with GS2, a Spearman correlation coefficient
for the positive CEM, LWB, PLO and PWB elements
(ρs=0.80) was found. The analysis of the MPC for GS1
and for GS2 showed that the values were lower than
those reported in the study by Bolding et al. (2009) for
the operation of a grapple saw in coniferous forest.

4. Conclusion
The Monte Carlo method was an applicable tool to
compare the productivity and costs of timber processing by different grapple saws. The crane empty movement represented, on average, 48.86% of the total time
of the operational cycle, or rather, it is the operational
element with the highest impact on the total time of
log processing. The difference in mass between the
forest implements influences the time of empty crane
movement during Eucalyptus log processing with
grapple saw. The most relevant variable for determining the productivity of grapple saw with a gripping
area of 0.58 m2 is the volume of processed wood, while
the empty crane movement is the most relevant variable for the grapple saw with a gripping area of
0.85 m2. The production cost of the machine with
grapple saw with a gripping area of 0.58 m2 was 6.67%
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