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Abstract The objective of this study was to obtain neural
networks that would precisely estimate inside-bark diam-
eter (d;;) and heartwood diameter (d,) and compare to the
results obtained by the Taper models. The databank was
formed so as to eliminate inconsistent and biased data, and
stratified: minimum d;;, of 4, 6 and 8 cm and minimum d,
of 10, 15 and 20 cm. The adjusted Taper model used was
the Kozak model. For the fitting of artificial neural net-
works (ANN), tests were performed to identify the inde-
pendent variables and the database scope level, i.e., the
following input variables were tested: diameter at breast
height (dbh), total height (H), height at diameter d;, or d,
(h) and outside-bark diameter at & (d,;), bark thickness at
1.3 m and project, and the scope at database level or pro-
ject level. The estimates obtained by the neural networks
and Kozak model were evaluated by residual graphs in
function of the respective diameter observed and graph of
the observed versus estimated values. ANN were found to
be more efficient in estimating inside-bark and heartwood
diameters for Tectona grandis trees than the Kozak model.
The variables that must be used to fit the networks are dbh,
H, h and d,;,. Stratification by project results in precision
gain, with precision being higher for wider commercial
diameters. Thus, linear-type artificial neural networks can
be efficient in describing the taper of Tectona grandis trees.
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Introduction

The main elements in even-aged forest management are
land classification, silvicultural treatment prescription, and
growth and yield prediction. Prediction consists in pre-
dicting harvest and future growth stocks, which are
essential for forest management.

The variables inside-bark-diameter (d;;,) and heartwood
diameter (d,) are fundamental for the quantification of
forest growth yield, as they are independent variables of
volumetric models. Presently, these diameters are obtained
through rigorous cubing. This procedure is onerous in
terms of both operational costs and tree losses, besides
being periodically conducted (at intervals of 2 or 3 years)
to fit models, rendering them more precise.

Taper models allow inside-bark and heartwood diameter
estimation using diameter at breast height (dbh), total
height, commercial height and cubing-originated d;, or d,
data.

Teak wood (Tectona grandis Linn) is highly valued in
the international market for its beauty, stability, durability
and resistance. It is specially used in the production of
pieces of noble use and fine furniture as well as in ship
building, furniture, structures, floor tiles, chips, panels,
pillars and railroad crossties. There has been an increasing
demand for teak wood with international market price
estimates for 2,015 varying between US$ 1,480 and 1,850
per m*, depending upon diametrical class. Due to the high
value of teak wood, alternatives are chosen to avoid or at
least reduce cubing in forest management (Oliveira et al.
2007).
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Artificial neural networks (ANN) are mathematical—
computational models inspired in the functioning of the
biological network and their fundamental elements, the
neurons, present in the human brain. Their processing is
highly parallel, executed by units denominated artificial
neurons, “that have the natural tendency to store experi-
mental knowledge, making them available for use”
(Aleksander and Morton 1990).

Diamantopoulou (2005) demonstrated the superiority of
the ANN models to the regression models due to their
ability to overcome the problems in forest data. This
study used of artificial neural network (ANN) models for
accurate bark volume estimation of standing pine trees
(Pinus brutia) as an alternative to regression models.
Gorgens (2006), using data of different forestry compa-
nies, tested some forms of preprocessing of data and
architectures of ANN to estimate the volume of euca-
lyptus trees and teak.

ANN are capable of, through a small learned example,
generalizing the knowledge assimilated and applying it to a
set of unknown data. ANN also have the interesting ability
to extract nonexplicit characteristics from a set of infor-
mation supplied as examples. Thus, neural networks are an
alternative to estimate d;;, and d,.

This study is aiming at obtaining artificial networks that
precisely estimate the inside-bark and heartwood diameters
of Tectona grandis Linn (Teca) trees. Presently, these are
obtained through cubing and posterior fit of the Taper
models.

Materials and methods

The data used in this study originate from a stand of the
exotic species Tectona grandis, located in the central
southern region of the state of Mato Grosso, Brazil. A total
of 583 trees, 2 to 14 years old, were measured through a
forest inventory comprising 17 projects. The variables used
were diameter at breast height (dbh), total height (H),
inside-bark (d;;,) and outside-bark diameters (d,,), and
heartwood diameter (d;,) along the stem obtained by scal-
ing. The variable bark thickness at 1.3 m was obtained
through the following expression:

(dbh — dip1.3m)

biam = (1)

where b;; , = bark thickness at 1.3 m and dj13 m =
inside-bark diameter at 1.3 m.

The data were evaluated regarding consistency, through
d;y, = f(h) and d;, = f(h) graphs, where 4 is the height along
the stem, and incompatible or discrepant data were elimi-
nated. The estimates of heartwood diameter of trees with
d, = 0.0 cm were eliminated from the database.
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Inside-bark diameter estimate consisted of three strata
based on a d;;, minimum of 4, 6 and 8 cm, since, after
reaching these dimensions, logs not sent to the saw mill
could still be used as firewood, coal, fences, etc. To
obtain estimated heartwood diameter, the data were
stratified based on d;, minimum of 10, 15 and 20 cm,
which are the minimum diameters for wood mill
machinery.

The taper model selected, which is the most used in
Brazil, was developed by Kozak et al. (1969). The Kozak
model was fit per project and database to estimate d;, and
d;, using regression analysis (Statistica 7.0).

G noal)enle o

where d = diameter at height h: d;;, or d;,; dbh = diameter
at breast height (1.3 m); 4 = distance from the soil until
the point diameter d is considered; H = total height;
f; = regression parameters (i = 0, 1, 2); and ¢ = random
error, with ¢ ~ N (0, ).

To fit Kozak’s equation to estimate inside-bark and
heartwood diameters, d was substituted by d;, and d,
respectively.

The software Statistica 7.0 was used to estimate the
parameters of the adjusted equations for each test. To fit the
artificial neural networks, tests were carried out in each
stratum to estimate d;;, and d,:

e Input variables: dbh, H, h and d,,;,. Scope level: project;

e Input variables: dbh, H, h and d,,;. Scope level: all the
database;

e Input variables: dbh, H, h, d,,, bark thickness at 1.3 m.
Scope level: project;

e Input variables: dbh, H, h, d,;,, bark thickness at 1.3 m.
Scope level: all the database;

e Input variables: dbh, H, h, d,;,, project. Scope level: all
the database.

An artificial neural network may consist of one or
more layers. Each layer may contain one or more neurons
(simple processing units). The input layer only receives
the (quantitative or qualitative) values of the input vari-
ables and transmits them to the next layer, with their
neurons being called source nodes. The intermediate or
hidden layers and the output layer map knowledge, pro-
cessing information, with their neurons also being
called computation nodes. A compute node k receives
the input signals (x;) and ponders them with weights (wy;);
a sum is obtained by adding the inputs multiplied by
their respective weights and adding a bias sign (by). The
result of this sum (v;) acts through an activation function
(f (vp)) and provides the neuron output (y;). An example
of a neural network and a compute node is shown in
Fig. 1.
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The application of this paper to the ANN fits into the
learning task function approximation, that is it consists in
the design of a neural network that approximates the
unknown function f{x), which describes the mapping of the
input—output pairs {(x1, y1), (X2, ¥2),..., (x,, ¥,)} of a set of
n training patterns. The ANN types apt for this task are
radial basis function (RBF), multilayer perceptron (MLP)
and linear (Perceptron). A RBF neural network consists of
three layers, an input layer of source nodes, a hidden layer
that applies a nonlinear transformation in the input space
for a hidden space of high dimensionality, i.e., with a large
number of neurons, and an output layer that is linear and
supplies the network answer. A MLP contains an input
layer, one or more hidden layers and an output layer,
usually trained by error backpropagation algorithm.
A Perceptron is the simplest form of neural network,
consisting of an input layer and an output layer.

To fit the ANN, the Intelligent Problem Solver of soft-
ware Statistica 7.0° was used. This software normalizes the
data at the interval of 0—1, tests different architectures and
network models and selects networks that best represent
the data. This software groups the training data into three
parts: 50% for network training, 25% to train and compare
it with the first part to obtain the moment to stop training
and 25% to verify the generalization of the trained net-
work. Thus, a trained network has already had its capacity
of generalization evaluated.

Thirty ANN were fit for each test, and the three best
ones were selected based on the best accuracy. The net-
work models tested were radial basis function (RBF),
multilayer perceptron (MLP) and linear (Perceptron), with
different architectures, i.e., number of neurons per layer.

The estimates obtained by the Kozak models and by the
ANN were evaluated for precision and ease of fit using

percentage residual graphs in relation to the observed
versus estimated d;;, and d;,. The best alternative was also
evaluated in terms of database stratification and input
variables.

The estimates obtained by the Kozak model and by the
ANN were evaluated for precision and ease of fit through
graphs of observed versus estimated d;;, and d,, coefficient
of determination (R2) and relative root mean squared error
(RMSE%) cited by Mehtitalo et al. (2006), in which the
estimators are presented in formulas (3) and (4). The best
alternative was also evaluated in terms of database strati-
fication and input variables.

Z:‘l:l (Yi — Yz)z
er'l:l (Yi - Y)Z

n py2
RMSE (%) = g\/@

where Y; is the diameter observed i (d;, or d,), f, is the
diameter estimated i (dj;, or dj), Y is the arithmetic mean of
the diameters observed (d;;, or d;,) and n is the total number
of observations.

RP=1-

(3)

(4)

Results and discussion

The coefficient of determination (Rz) and the relative root
mean squared error (RMSE%) for each test and stratum by
fitting the model of Kozak and by training of artificial
neural networks are presented in Tables 1 and 2, respec-
tively. The ANN fit better to the data, i.e., they were more
precise. This fact can be verified by the dispersion of the
observed versus estimated values, higher R? values and
lower RMSE% values, compared to the fit by the Kozak
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Table 1 Coefficients, R and RMSE% to the Kozak model adjusted for different strata and scope level

Input variables Scope level Estimated d Minimum d (cm) by by by R? RMSE%
dbh, H, h, d,;, All the database dy 4 1.1405 —2.8230 1.9745 0.865 14.3
dbh, H, h, d,;, Project dy, 4 1.1003 —2.5715 1.7060 0.856 13.8
dbh, H, h, d,;, All the database dy, 6 1.1594 —-3.1176 24915 0.848 12.9
dbh, H, h, d,;, Project dy, 6 1.1192 —2.8436 2.1778 0.837 12.4
dbh, H, h, d,;, All the database dy, 8 1.1783 —3.4468 3.1146 0.834 12.0
dbh, H, h, d,, Project dy 8 1.1344 —3.0957 2.6387 0.822 11.9
dbh, H, h, d,, All the database dy 10 0.6219 —2.5490 3.4362 0.698 14.1
dbh, H, h, d,;, All the database dy 15 0.7405 —3.6882 7.0711 0.553 10.3
dbh, H, h, d,;, All the database d;, 20 - - - - -
Table 2 R> and RMSE% for the three best neural networks of each test and stratum
Input variables Scope level Estimated d Minimum d (cm) R? RMSE %

1 2 3 1 2 3
dbh, H, h, d,;, All the database dy, 4 0.992 0.995 0.995 4.36 3.61 3.57
dbh, H, h, d,,, bark All the database dy 4 0.993 0.995 0.995 4.20 3.44 3.52
dbh, H, h, d,;,, project All the database dy, 4 0.988 0.995 0.994 5.38 3.56 3.96
dbh, H, h, d,;, Project dy, 4 0.991 0.993 0.992 4.50 4.10 4.19
dbh, H, h, d,;, bark Project dy, 4 0.991 0.994 0.993 4.53 3.65 4.11
dbh, H, h, d,;, All the database dy, 6 0.993 0.993 0.993 3.54 3.39 3.46
dbh, H, h, d,;, bark All the database dy, 6 0.988 0.994 0.994 4.59 322 3.27
dbh, H, h, d,,, project All the database dy, 6 0.987 0.994 0.993 4.79 3.34 3.40
dbh, H, h, d,;, Project dy, 6 0.991 0.989 0.990 3.94 4.26 4.08
dbh, H, h, d,,, bark Project dy 6 0.990 0.993 0.992 4.16 3.52 3.58
dbh, H, h, d,, All the database dy 8 0.991 0.992 0.992 3.36 3.21 3.20
dbh, H, h, d,,, bark All the database dy, 8 0.991 0.993 0.992 3.36 3.04 3.20
dbh, H, h, d,;,, project All the database dy, 8 0.988 0.992 0.992 3.92 3.13 3.15
dbh, H, h, d,;, Project dy, 8 0.988 0.989 0.988 3.86 3.81 3.95
dbh, H, h, d,;,, bark Project dy, 8 0.991 0.991 0.991 343 345 342
dbh, H, h, d,;, All the database dy 10 0.991 0.991 0.991 9.58 10.08 9.77
dbh, H, h, d,,, bark All the database dy 10 0.991 0.991 0.991 9.84 10.02 9.68
dbh, H, h, d,, All the database dy 15 0.806 0.802 0.805 8.27 8.34 8.28
dbh, H, h, d,;, All the database dy 20 0.443 0.647 0.610 9.00 7.16 7.53

model. RMSE% analysis also allows to verify the effect of
stratification according to the minimum diameter, and
again it can be confirmed that the higher the minimum
diameter, the better the fit. In terms of project, the ANN
were found to be better than the ANN in terms of the entire
database. In general, the linear-type nets (Perceptron) were
superior to the MLP and RBF types.

The Kozak model fittings presented a determination
coefficient (RZ) between 0.5530 and 0.8649, i.e., from
55.30 to 86.49% of the dependent variable (d;, and d,,), are
explained by the independent variables (dbh, H, h, d,;).
Only the dj, minimum of 20 cm was not fit due to the fact
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that all the d;, measurements in this condition were in
h = 0 m, i.e., at ground level and without fitting condition.
For inside-bark diameter estimation, the Kozak model
presented the same behavior for all the strata (minimum d;;,
of 4, 6 and 8 cm), overestimating the smallest diameters.
The heartwood diameter for d;;, minimum of 10 cm had
values overestimated up to 67% for diameters between 10
and 12 cm. The d;;, and d), estimates presented residuals of
around 20% for most the data (Fig. 2).

The three best networks trained to estimate d;;, and dj, for
each test (number of input variables) and stratum (d min)
are presented in Table 3. The number sequence that



Eur J Forest Res (2011) 130:263-269 267

2 40 E S 40
2 a0 2 2 2
] (0] [0)
T 20 © T 20
S IS 1S
210 E 210
() (0] (0]

0 0+

observed dj,

D 40 £
© ©
- 30 o
L g
T 20 ©
= £
@ 10 @
(] (0]

0

o
e
o
n
o
W
o
Py
o

observed d,

observed dy,

Fig. 2 Estimated x observed d;;, for (a) dj; minimum of 4 cm, (b) d;;, minimum of 6 cm and (c) d;;, minimum of 8 cm, and estimated x observed

d;, for (d) d;, minimum of 10 cm and (e) 15 cm by Kozak model

Table 3 Architecture and type of ANN selected for each test and stratum

Input variables Estimated d Minimum d (cm) Scope level ANNI1 ANN2 ANN3

dbh, H, h, d,,, d; 4 All the database RBF 4-123-1 Linear 4-1 MLP 4-5-1
dbh, H, h, d,,, bark d; 4 All the database RBF 5-195-1 Linear 5-1 MLP 5-4-1
dbh, H, h, d,;,, project dy, 4 All the database RBF 21-90-1 Linear 21-1 MLP 21-4-1
dbh, H, h, d,;, dy, 4 Project RBF 4-39-1 Linear 4-1 MLP 4-2-1
dbh, H, h, d,;, bark d; 4 Project RBF 5-37-1 Linear 5-1 MLP 5-4-1
dbh, H, h, d,;, d; 6 All the database RBF 4-252-1 Linear 4-1 MLP 4-4-1
dbh, H, h, d,;,, bark dy, 6 All the database RBF 5-72-1 Linear 5-1 MLP 5-3-1
dbh, H, h, d,,, project dy, 6 All the database RBF 21-70-1 Linear 21-1 MLP 21-4-1
dbh, H, h, d,, d; 6 Project Linear 4-1 RBF 4-34-1 MLP 4-7-1
dbh, H, h, d,;,, bark dip 6 Project RBF 5-56-1 Linear 5-1 MLP 5-2-1
dbh, H, h, d,, dy 8 All the database Linear 4-1 MLP 4-4-1 RBF 4-46-1
dbh, H, h, d,;, bark d; 8 All the database RBF 5-138-1 Linear 5-1 MLP 5-8-1
dbh, H, h, d,,, project d; 8 All the database RBF 21-93-1 Linear 21-1 MLP 21-5-1
dbh, H, h, d,;, dy, 8 Project RBF 4-16-1 Linear 4-1 MLP 4-3-1
dbh, H, h, d,;,, bark d; 8 Project RBF 5-39-1 Linear 5-1 MLP 5-3-1
dbh, H, h, d,,, dy 10 All the database RBF 4-43-1 Linear 4-1 MLP 4-4-1
dbh, H, h, d,;,, bark dy, 10 All the database RBF 5-33-1 Linear 5-1 MLP 5-7-1
dbh, H, h, d,, d, 15 All the database RBF 4-12-1 Linear 4-1 MLP 4-10-1
dbh, H, h, d,;, d;, 20 All the database Linear 4-1 RBF 4-6-1 MLP 4-10-1

follows the type of network describes the number of neu-
rons by layer, for example RBF 4-123-1 reports that the
RBF network has 4 neurons in input layer, 123 neurons in
hidden layer and 1 in layer output.

The artificial neural networks presented difficulties in
estimating the smallest diameters, located on the tree tops,
verified by the higher extent of the residuals, which later
concentrate in a constant range. Thus, stratification proved
that the higher the minimum diameter, the higher the

precision estimates, a fact observed for both d;;, and d,
(Fig. 3).

For the d;, estimate, the percentage residuals concen-
trated mostly in the range +10%, at database level. How-
ever, for the project tests, the range was +5%. The d;, had
estimates between +20 and —10% for all the strata (10, 15
and 20 cm), with the tendency to overestimate the smallest
diameters being more pronounced in the stratum with dj,
minimum of 10 cm (Fig. 4).
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Bark thickness at 1.3 m did not contribute significantly
to network training. The inclusion of the input variable
project resulted in longer training, without significant gains
in diameter estimation. The other variables, d,;,, dbh, H and
h, were important and indispensable for network fitting.

Of the types of network training, RBF, MLP and linear,
the linear network presented the best estimates for both d;;,
and d,,.

Conclusions
The ANN have several benefits, such as input—output

mapping, adaptability, tolerance to fault and noise,
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neurobiological analogy, are able to learn from training
data and provide adequate responses to data not used in
training (generalization), as well as some limitations: they
can be seen as “black boxes”, as it is not known why the
network generates a certain result and the models do not
justify their answers, it is difficult to define the ideal
architecture of the network, there are no rules to define the
number of neurons in each layer or the number of layers,
and there is no guarantee of algorithm convergence for an
optimal solution. However, such limitations do not pre-
clude the use of the technique.

ANN were found to be more efficient in estimating
inside-bark and heartwood diameters for Tectona grandis
trees than the Kozak model. The variables that must be
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used to fit the networks are dbh (diameter at breast height),
H (total height), h (height at diameter d;;, or d;) and d,,;,
(outside-bark diameter at /). Stratification by project
results in precision gain, with precision being higher for
wider commercial diameters. Thus, linear-type artificial
neural networks can be efficient in describing the taper of
Tectona grandis trees.
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