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ABSTRACT

A common issue in forest management is related to yield projection for stands at young

ages. This study aimed to evaluate the Clutter model and artificial neural networks for

projecting eucalypt stands production from early ages, using different data arrangements.

In order to do this, the changes in the number of measurement intervals used as input in
the Clutter model and artificial neural networks (ANNSs) are tested. The Clutter model was
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fitted considering two sets of data: usual,
with inventory measurements (I) paired at
intervals each year (I,-L,, L1, ..., L=L.1);
and modified, with measurements paired
at all possible age intervals (I,—L, [,—1;,
ooy LIy, L1, ..., I-1,,,). The ANN was
trained with the modified dataset plus soil
type and geographic coordinates as input
variables. The yield projections were made
up to the final ages of 6 and 7 years from all
possible initial ages (2, 3, 4, 5, or 6 years).
The methods are evaluated using the relative
error (RE%), bias, correlation coefficient
("), and relative root mean square error
(RMSE%). The ANN was accurate in all
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cases, with RMSE% from 8.07 to 14.29%, while the Clutter model with the modified dataset
had values from 7.95 to 23.61%. Furthermore, with ANN, the errors were evenly distributed
over the initial projection ages. This study found that ANN had the best performance for
stand volume projection surpassing the Clutter model regardless of the initial or final age
of projection.

Keywords: Artificial intelligence, data structure, forest growth and yield, forest management, regression

INTRODUCTION

Eucalypt is one of the most planted forest species in the world. There are over 9.6 million
hectares of even-aged stands only in Brazil supplying pulp and paper, wood panels,
charcoal, and steel industries (IBGE, 2021). Managing these stands demands knowledge
of the elements involved in the system, such as the forest growth and yield that can be
obtained by fitting predictive models. These models can provide quantitative information
on the dynamics and development of commercial forest stands (Scolforo et al., 2019a).
They can be classified into three types: individual tree, diameter distribution, and whole-
stand models (Castro et al., 2016; Sharma et al., 2019). The latter is the most common
type used by forest managers due to its simplicity and effectiveness (de Azevedo et al.,
2016; Campos & Leite, 2017).

The model proposed by Clutter (1963) features prominently among the whole-stand
models. It is a system of two interdependent models fitted with a two-stage least square
regression analysis (Gujarati & Porter, 2011) characterized by density variables (de Abreu
Demolinari et al., 2007; Burkhart & Tomé, 2012) which allow, for example, thinning
simulations by basal area. Using the Clutter model is widespread in Brazilian forestry
companies, mainly because of its characteristics of compatibility and consistency that
make feasible production estimates by year or irregular intervals (Vescovi et al., 2020;
Penido et al., 2020).

The Clutter model is traditionally fitted using paired data from two consecutive
measurements, which for eucalypt stands occurs annually (Campos & Leite, 2017). That
might yield greater errors when projections are done for intervals longer than a year (Salles
et al., 2012). This study hypothesized that using more measurement intervals to fit the
Clutter model could generate more consistent projections considering all age variations.
The use of pairs of consecutive measurements to model eucalypt stands volume is an
adequate alternative to represent the growth of even-aged stands over time, as it allows
greater coverage of the states of each plot (Stankova, 2016; de Alcantra et al., 2018).

Another issue of using the Clutter model is that regression analysis requires statistical
assumptions, such as statistical independence, homoscedasticity, normal distribution of
errors, and no multicollinearity and autocorrelation (Gujarati & Porter, 2011; Bayat et at.,
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2019). Some databases might violate one or all these assumptions, particularly when dealing
with biological assets. Thus, it is interesting to implement non-parametric methods, such
as machine learning tools, which emerge as an alternative for bypassing such limitations
(Mongus et al., 2018; Vieira et al., 2018). Several machine learning algorithms have been
applied to problems in the forest area with relatively good results, especially using random
forest algorithms (Pereira et al., 2021; de Oliveira et al., 2021), neuro-fuzzy (Silva et al.,
2021), support vector machines (Nieto et al., 2012; Liu et al., 2020). However, the most
used algorithm has been artificial neural networks.

Artificial neural networks (ANN) algorithm has been used in forestry to solve diverse
problems such as estimating eucalypt tree heights (Campos et al., 2017), volume (da Silva
Binoti et al., 2014; da Silva Tavares Junior et al., 2019), stem taper (da Cunha Neto et
al., 2019), survival (da Rocha et al., 2018), and yield (da Silva Binoti et al., 2015). This
method often replaces regression models with more accurate estimates without increasing
the number of samples used (da Rocha et al., 2018; da Silva Tavares Junior et al., 2019).
ANN are computational models inspired by the nervous system of living beings. They
have the ability to acquire and maintain knowledge based on the information and can
be defined as a set of processing units, which are interconnected by a large number of
interconnections (Silva et al., 2016).

ANN is superior to regression methods for its ability to learn, generalize, and model
categorical (i.e., qualitative) and continuous (i.e., quantitative) variables. This method
can be used as an alternative for solving complex problems when data do not meet the
assumptions for regression analysis.

This study evaluates using the Clutter model artificial neural networks for projecting
eucalypt stands production from early ages, using different data interval structures by
analyzing i) whether the accuracy of the Clutter model is independent of the measurement
intervals used as input and the range of projection; and ii) whether ANN is more efficient
at projecting forest growth and yield.

MATERIAL AND METHODS
Study Area and Database

This study used data from a Continuous Forest Inventory (CFI) of three eucalypt stands
(Eucalyptus urophylla x Eucalyptus grandis) planted in 3 x 3 m tree spacings located in
the northeastern region of the State of Bahia (BA), Brazil. The sampling consisted of 375
permanent plots with an average area of 400 m? measured in different years with ages
(I) ranging from 2 to 8 years. For each plot, the variable diameter at breast height (Dbh),
basal area (B), outside bark volume (V), total height (HT), and dominant height (Hd) were
obtained. This study shows their statistical description for each project in Figure 1.
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Figure 1. Location of the study area, statistical description, and distribution of the sample plots of the continuous
inventory used for the adjustment of the models and the performance of the volume of the project stand

The stands are in the municipalities of Alagoinhas, Aramari and Inhambupe (BA,
Brazil) in the Mata Atlantica and Caatinga biomes. The soils in the study area belong to
the large PV group (Argisols) (IBGE, 2018). The predominant soil type is Yellow Argisol,
characterized by the accumulation of clay on the B horizon. The other soils are oxisol and
entisols (quartzipsamments) (dos Santos et al., 2018). The climate of the region is tropical
rainforest (Af), according to the Képpen-Geiger classification. The annual rainfall is over
1,500 mm, and in the coldest month, the average minimum and maximum temperatures
are 18 and 22°C, respectively.

Site Index Curves

This study classifies the productivity capacity (S) of each project (i.e., group of plots) using
dominant height and a base age of 6 years. The Gompertz (1825) equation was applied
to projects 1, 2, and 3, respectively (Equations 1-3). In order to determine the productive
capacity (S) of each project, the guide curve method (Clutter, 1963) was used, establishing
site index equations (Equations 4-6). The site index curves are shown in Figure 2.
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where: Hd = dominant height (meters); / = stand age (months); S = productivity capacity.
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Figure 2. Site index curves for Eucalyptus urophylla X Eucalytus grandis clone stands located in the northeastern
region of Bahia (BA), Brazil, for an index age of 72 months

Growth and Yield Modeling

The Clutter model is a system of equations (Equations 7 & 8). This study used the two-stage
ordinary least squares method to fit the model in its reduced form (without considering the
interactions between the variables).

11 Il
LnB, =LnB | — |+o,| 1-— |+q,
12 12
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where: V,= future volume (m*ha™); [, and 1, = current and future age (years); S= site index
(m); B, and B,= current and future basal area (m?ha'); L,= Naperian logarithm, 8, =
model parameters; & =random error.

This study set the database to fit the Clutter model in two ways, denoted as usual and
modified datasets. The first is the most used structure, with field measurements paired only
in consecutive ages (I,-L, I,-1, ..., [,-1,.,). The second uses all possible combinations of
age pairs (I,-L, [,-1s, ..., LL-1s, I, 1, ..., .-1.,) (Table 1).

Table 1
Demonstration of datasets used to fit the Clutter model for a plot

Database

structure Survey I  Survey2 I I, B, B, Vi V,
1 2 2 3 31445 84812 95583  47.2634
2 3 34 84812 11.6959  47.2634  78.0712
Usual 3 4 4 5 116959 141544 780712  121.4490
4 5 S 6 141544 148039 121449  140.0660
1 2 2 3 31445 84812 955831  47.2634
1 3 2 4 31445 116959 9.55831  78.0712
1 4 25 31445 141544 955831  121.4490
1 5 2 6 31445 148039  9.55831  140.0660
Vodified 2 3 34 84812 11.6959 472634  78.0712
2 4 35 84812 141544  78.0712  121.4490
2 5 36 84812 148039  121.449  140.0660
3 4 4 5 116959 141544 780712  121.4490
3 5 4 6 116959 148039 780712  140.0660
4 5 S 6 141544 148039 121.4490 140.0660

Note. I, and I, = current and future age (years); B, and B, = current and future basal area; V; and V,= current
and future volume (m*ha)

The modified data set was also used to train the ANN. This study used Multilayer
Perceptron neural networks (MLP) with three layers (input, hidden, and output). The
variables in the input layer are chosen based on the recommendations of Martins et al.
(2015) and Freitas et al. (2020). The variables were current age (I1), future age (12),
current basal area (B1), Dbh, current volume (V1), Hd, type of soil, and geographic area
coordinates. The output layer was the future volume (V2).

The ANNs were trained and validated in the Neuro software (version 4.0) (Binoti,
2012). The maximum-minimum normalization was applied to the data. The Resilient
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Propagation (RPROP +) training algorithm uses the sigmoid activation function. The
stopping criteria achieved a mean error of 0.0001 or 3000 cycles. The number of neurons in
the hidden layer was 8, calculated based on variables (Campos & Leite, 2017) (Equation 9).

n n
Z I/continu(ms + z I/categoricul
— | =1 i=1

Nhidden - 2 (9)

where N, ;... is number of neurons in the hidden layer, V. rimons 1S the number of
continuous input variables, and V... 15 the number of categorical input variables.

The projections were made for 6 and 7 years, as they are the usual ages for cutting
eucalypt plantations in Brazil. The initial ages of the projection were all the possible
previous ages before the final age, from two years of age onwards. For both methods (i.e.,
Clutter and ANN), the data was split into 70% for model fitting or training and 30% for
validation. The model bias (Equation 10) is used to evaluate the methods, relative root
means square error (RSME%) (Equation 11), the correlation coefficient between estimated
and observed volume (7,; ) (Equation 12), relative error (RE.,) (Equation 13), and mean
absolute deviations (MAD) (Equation 14). The error frequency histograms and the relative
error charts by age and volume are also analyzed. The Bartlett test was performed with a
significance level of 1% to observe the existence of heterogeneity.

Bias:;T (10)
\/z::Y;Y"]
RMSE%:mxIOO (11)
[n"i(?,-—m(x—?)} 12
[\/n‘i(i—ym)zn‘Z(Y Y)Z}
Y-y,
RE, =| 5 JxlOO (13)
MADz(n‘ilK—ﬁU (14)
i=1

where: n=number of observations, = estimated values, ¥; = observed values, Y = observed
mean values, Y, = arithmetic means of estimated values.
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RESULTS AND DISCUSSION

The parameters of the Clutter model were significant (p < 0.01) for the usual (Equations
15 & 16) and modified (Equations 17 & 18) models. When adjusting this model, attention
should be paid to the signs of the coefficients, which must be negative and positive. These
conditions were also met for both datasets.

B, = 1nB | L | 2.5148) 1=20 | 400054 1- L |5
2 | Iz . 12 : [2 1 (15)
LnV, =0.6833 —10.6582[%)+ 0.0164S, +1.4261LnB, (16)
2
I, I I
LnB, = LnB,| - [+23239] 1--L [+0.0331| 1- =L |, (17)
12 ]2 ]2
1
LnV, =1.0793-17. 1921(—) +0.02958, +1.2070LnB, (18)
2

In addition, heterogeneity (p < 0.01) in the variances for basal area per hectare and
volume per hectare over the ages of each project tested are observed. Only project 1
did not show heterogeneity (p > 0.01) of the variances for basal area per hectare. It was
observed using the Barlett statistical test at a significance level of 1%. The performance
of the Clutter and Clutter-modified models were similar, with bias ranging from -11.3 to
17.33 m*ha’!, RMSE% from 8.93 to 23.61%, MAD from 5.31 to 29.85 m*ha!, and 73
from 0.64 to 0.97 (Table 2).

Table 2

Volumetric projection statistics for the proposed methodologies using 6 and 7 years as final projection ages

Clutter Clutter—modified
Final Initial
age age
bias RMSE% MAD v g bias RMSE% MAD I"yj
2 12.27 23.05 26.48 0.72 10.99 23.61 27.03 0.70
3 -1.56 15.42 14.94 0.92 0.21 14.90 14.20 0.91
¢ 4 0.50 10.95 11.47 0.95 0.32 11.28 11.19 0.94
5 1.58 9.49 9.08 0.97 1.89 9.98 9.26 0.97
2 17.33 21.88 29.24 0.65 12.77 21.21 29.85 0.64
3 -11.30 18.29 15.66 0.85 -5.04 14.51 11.60 0.87
7 4 2.33 14.03 12.68 0.90 2.06 13.56 11.83 0.89
5 -2.46 11.55 9.93 0.97 -2.06 11.99 9.55 0.95
6 -2.03 8.93 6.66 0.97 -0.58 7.95 5.31 0.97
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Table 2 (Continue)

ANN
Final age Initial age

bias RMSE% MAD T

2 -3.40 14.29 15.27 0.90

3 2.82 13.08 11.81 0.94

6 4 2.44 11.18 10.55 0.95
5 0.001 9.72 8.13 0.97

2 4.70 13.26 15.86 0.91

3 -0.68 10.08 7.52 0.92

7 4 2.95 12.45 9.79 0.92
5 -2.91 10.92 9.04 0.96

6 -0.99 8.07 6.62 0.97

These models had a relatively good fit to the data (Figures 3g & 3h—Plot 1), and more
pairs of measures did not significantly improve the model performance. In addition, for
both Clutter models, errors had a wider range (-48 to 100%) when projections were made
from earlier ages (Figures 3a & 3b—Plot 1) and tended to overestimate stands with lower
yields (Figures 3d & 3e—Plot 1).

This study formulated the hypothesis that the number of sequential measures used as
input to the models could overcome yield projection errors, especially from the early ages.
Although they had similar statistics, the Clutter model fitted with the modified database was
more accurate than the usual database, as the relative errors were closer to zero. However,
the error becomes significantly greater when projected from younger ages. The two forms
of adjustment proposed for the Clutter model were biased, overestimating production at
younger ages and underestimating at older ages. The difficulty in estimating production from
young ages is commonly observed when using the clutter model, as shown by de Abreu
Demolinari et al. (2007) and Dias et al. (2005). The ANN also showed this tendency, but
the projection errors were more uniform over the ages. Forest stands yield modeling helps
forest managers plan forest activities, so the over or underestimation of stand’s production
can negatively affect the decision-making process (Salles et al., 2012). Therefore, there is
a great concern about obtaining reliable and accurate estimates.

The projections with the ANN were accurate from all initial and final ages of projection.
The bias ranged from -0.99 to 4.7, RMSE% from 8.07 to 14.29, MAD from 6.62 to 15.27,
and 7,; from 0.91 to 0.97 (Table 2). The model’s performance improves as close to the final
age of projection as expected. This study observed that the difference was much smaller
with the projections with ANN indicating its superiority (Figure 3—Plot 2). The ANN
adjusted better to the data, and the error range was relatively narrower in the early ages
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(Figure 3c—Plot 2). Although the study can observe a trend to underestimate volume in
stands with a lower yield, the bias is less pronounced than with the Clutter models (Figure
3f —Plot 2).
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Figure 3. Plot 1 - Relative errors of stand yield estimates by age, stand volume (m?* ha'), and the relationship
between observed and estimated volume for Clutter (usual) (a, d, g), Clutter (modified) (b, e, h) and ANN (c,
f, 1). Plot 2—Statistics for stand yield projections with the methods Clutter, Clutter modified and Artificial
Neural Networks (ANN) to 6 (upper-charts—a, b and c¢) and 7 years (lower-charts — d, e and f)

Growth and yield models must be reliable enough to describe the growth dynamics
of a forest stand (Burkhart & Tomé, 2012), and the model’s accuracy is a factor that can
influence future yield estimates (Campos & Leite, 2017). Modifying the input dataset
was proposed in this study to bypass projection errors, mainly from early ages. One of the
drawbacks of using regression models is that data from forest plantations has characteristics
that violate some statistical assumptions, such as homogeneity of variances (Garcia, 1988;
Gujarati & Porter, 2011). This study also observed this issue in modeling growth and
yielded with the Clutter model. ANN for modeling does not require data to meet these
principles (Braga et al., 2007) and is also more effective when dealing with dispersed data
(Reis et al., 2018). Another ANN characteristic is tolerating data noise and easily modeling
nonlinear problems (Binoti et al., 2013; Chiarello et al., 2019). For these reasons, the ANN
may have resulted in better performances over the Clutter model in estimating the volume
yield of eucalypt stands. Bayat et al. (2021), when estimating the increase in volume using
MLP ANN—the same type of network used in this study—and multiple linear regression,
reported the superiority of ANN, especially when working with heterogeneous data and
complex nonlinear relationships.
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The second hypothesis of this study was that projection range affects the accuracy of
the estimates, which was also verified. The dispersion of errors is greater when projections
are made from younger stands, which is aggravated when using regression models (Castro
etal., 2016). The findings are confirmed by running an additional test projecting the volume
with the modified database and different numbers of ANN configurations (Figure 4). The
early age projections had RMSE% and MAD similar to the other ages regardless of the
architecture and input variables tested on the ANN. Particularly, the RMSE% decreases
slightly in the upper ages of projection (Figures 4a & 4c). However, the best performing
ANN showed an RMSE% equal to 6% and MAD equal to 6 m* ha-1, while Clutter-usual and
Clutter-modified had 10% and 9 m* ha™', respectively. In this study, categorical variables are
used and found that such variables increased the accuracy of the estimates. ANN benefits
from using categorical variables, which can be useful when field measurement data is
scarce (de Alcantra et al., 2018). It is noteworthy that the projections in this study were
for ages that represent the point of maximum forest production considering the ecological
characteristics of the ecosystem within an economic context; that is, in Brazil, it is common
to find eucalypt trees with growth curves showing the maximum annual average increment
around 6 and 7 years (Rodriguez et al., 1997; Campos & Leite, 2017).

14 | a 14 | b
12 | =12
10 £10
ust- E 8
=6r S 6
4t =4
2t 2
0 0
0 2 3 4 5 0 2 3 4 5 6
14 | c 14 d
12 _12
<10 | gm-
ES- ES-
26— 56
x4 t s 4
2 2
0 . . . ] 0 . . . . !
0 2 3 4 5 0 2 3 4 5 6

Initial age of projection (years)
—— ANN1 N=7 Var=I1,12, B1, V1, Hd, dbh, coordinates, soil type
------ ANN 2 N =77 Var =11, 12, B1, V1, S, dbh, stand
--- ANN3 N=26 Var =11, 12, B1, V1, S, Ht, dbh
Figure 4. Statistics of yield projection for year 6 (upper plots) and 7 (lower plots), with initial ages of 2, 3, 4,
5 and 6 years (x-axis) for the three ANN that were evaluated (y-axis). A = root mean square error (RMSE);
B = mean absolute deviations (MAD). N = number of neurons; Var = input variables in the ANN, namely: I1

= age at time 1; 12 = age at time 2; B1 = basal area at time 1; Hd = dominant height; dbh = diameter at 1.3
meters above ground; and S = Site index
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This validation confirms the efficiency of an ANN for yield projection even from early
ages, which represents a problem for the Clutter model. Regression models are subject
to estimation errors that can significantly affect decision-making by the forest manager
(Scolforo et al., 2019b). The ANN can therefore be an important tool for growth and yield
modeling for its characteristics can overcome some of the limitations found in regression
modeling.

CONCLUSION

Accurate yield projections from early ages are a common issue in eucalypt plantations
management. This study found that using a larger number of measurement intervals as input
variables in a growth and yield model can improve the projection estimates. The Clutter
model with more measurement pairs (i.e., Clutter with the modified dataset) had lower
errors than usual data inputs. Despite this, the accuracy became lower when projections
were made from young age stands. The Clutter model limitations were solved using artificial
neural networks (ANNs). This method was accurate in all cases with similar errors when
projecting volume from early or later ages. Future work should investigate ANN structures
and the number of observations in training models for forest planning and reduce fieldwork
measurement costs.
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