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Abstract A very common problem in forestry is the

realization of the forest inventory. The forest inventory is

very important because it allows the trading of medium-

and long-term timber to be extracted. On completion , the

inventory is necessary to measure different diameters and

total height to calculate their volumes. However, due to the

high number of trees and their heights, these measurements

are an extremely time consuming and expensive. In this

work, a new approach to predict recursively diameters of

eucalyptus trees by means of Multilayer Perceptron artifi-

cial neural networks is presented. By taking only three

diameter measures at the base of the tree, diameters are

predicted recursively until they reach the value of 4 cm,

with no previous knowledge of total tree height. The

training was conducted with only 10% of the total trees

planted site, and the remaining 90% of total trees were used

for testing. The Smalian method was used with the pre-

dicted diameters to calculate merchantable tree volumes.

To check the performance of the model, all experiments

were compared with the least square polynomial approxi-

mator and the diameters and volumes estimates with both

methods were compared with the actual values measured.

The performance of the proposed model was satisfactory

when predicted diameters and volumes are compared to

actual ones.

Keywords Multilayer Perceptron � Recursive prediction �
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1 Introduction

Eucalyptus is a fast-growing, low-cost tree species that

produces more timber than other species. The yield of

timber in Brazil is 45–50 m3 ha-1 year-1. In Chile, USA,

Canada and Finland, the yield is 20, 10, 7 and 4 m3 ha-1

year-1, respectively [31].

Stand volume information is indispensable in guiding

rational and sustainable utilization of available forest

resources. Therefore, it is very important to quantify it as

precisely as possible. Thus, several representative samples

from the forests must be measured in order that the stand

dynamics is understood.

The main variables used in forest surveys are total tree

height and trunk diameter measured at various heights from

the ground. When conducting forest inventory for survey-

ing these data, various errors may occur. An error of 1

meter measuring total tree height (Ht) corresponds to

approximately 14% of the cylindrical tree volume, whereas

an error of 1 cm of diameter at breast height (DBH)

corresponds to an error of approximately 19% of total tree

volume. The diameter at breast height is the diameter at

1.30 m above ground.

Defective measuring instruments and mistakes made

by the professionals who operate them can lead to height

and diameter measuring errors. Diameter measures are

taken directly from the tree using a caliper or a similar
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Instituto de Ciências Agrárias, Universidade Federal de Minas

Gerais, Montes Claros, MG, Brazil

123

Neural Comput & Applic (2013) 22:1407–1418

DOI 10.1007/s00521-012-0823-7



instrument. Due to the size of the trees, total tree height is

indirectly measured with the tree standing. In indirect

measurements, instruments are used to view the bottom and

the top of the trees, and geometric or trigonometric prin-

ciples are applied to calculate the height.

In order for the operator to be able to measure the total

tree height, it is necessary that the top and the bottom are

visible. However, stand density, ground or tree angle and

branch movement caused by the wind can obstruct the

view.

Diameter measurements close to the DBH can be taken

with the tree standing. In order to take measurements above

the DBH, ladders or scaffolds may be necessary if the

heights are still in reach. However, for very large heights,

special climbing equipment and a skilled operator are

necessary.

To simplify the measurements above the DBH, the tree

can be felled so that diameters and the total height can be

scaled. However, this method is destructive because the

lumber must be sold in the near term. This prevents the

data collected from assisting in medium- and long-term

decision-making. For these reasons, diameter measures

above the DBH are estimated.

Once predicted or measured diameters and total height

are known, the Smalian, Huber and Newton formulas are

used to calculate total tree volume [9, 21, 27].

Other methods traditionally used to calculate timber

volume are volumetric equations. These equations are set

with tree scaling samples when conducting forest inven-

tory. The DBH and total height of the rest of the trees are

then applied to these equations to estimate tree volumes.

An example of such methods is the Schumacher and Hall

(log) model [4]. As the sampling process is time consuming

and costly, companies often overlook forest scaling data,

which compromises predictions generated by volumetric

equations [1].

From the 1990s onwards, many researchers have used

artificial neural networks (ANN) for approximating non-

linear functions. ANNs do not require any geometrical

assumption on the function to be approximated. ANNs

have been applied in many areas such as finance, time

series forecasting and pattern classification, among others.

Neural networks have been used in forest modeling to

estimate several parameters such as tree diameter, height,

volume and others.

Guan and Gertner [12] used ANNs to model growth and

mortality of trees. In Leduc et al. [18], ANNs were used to

generate a probability distribution of DBH to classify the

trees. Age, average height of dominant trees, trees per acre

and site identifier were used as input data. Huang et al. [16]

used ANNs to find a frequency distribution of stem

diameter classes based on the upper relative diameter, the

average diameter and the diameter variation coefficient.

Brandão [3, 25, 29, 32] predicted tree height based on the

DBH, age and other statistical information using artificial

neural networks. Diamantopoulou [5] predicted the diam-

eter of fir trees using artificial neural networks. Bole

diameter, the diameter at breast height and total tree height

were used as input. The output of the network was all

diameters between 5.3 and 33.3 at intervals of 4 m. The

results were satisfactory, because fir trees are fairly regular.

Nevertheless, around 90% of the samples had to be used for

training, leaving only 10% for testing. Moreover, as the

prediction was made directly, the number of outputs of

MLPs has been established according to the height of the

tree. This is a problem for the eucalyptus, which has a very

large range of heights. This would require the creation of

many groups of trees by height and an MLP for each group.

In Baleeiro [2, 6–8, 10, 11, 23, 28], neural networks were

used to estimate tree volume. In these studies, DBH and

total height were used as input. A drawback of these studies

is that trees with the same DBH and total height, but with

different taper characteristics, resulted in equal volumes.

Soares et al. [30] developed a model to estimate diameters

of eucalyptus trees recursively, but his method depended

on the knowledge of the total height of the trees. Although

their results were very interesting, the height is a measure

that is made indirectly in the tree, takes time and is very

subject to human error.

This work proposes a new approach to the use of

Multilayer Perceptron (MLP) artificial neural networks for

predicting tree diameters recursively. Then, the predicted

diameters are used with the Smalian method to calculate

the volume of trees on a planted site. This model uses as

input three diameters measured at the base of the tree and

recursively tracks its tapering to predict other diameters.

The contribution of this paper is the prediction of these

diameters using with only three actual measurements taken

at the base of the tree, with no previous knowledge of the

total tree height. Moreover, the proposed model requires

only 10% of the sampled trees for the training stage.

This article is organized as follows: recursive prediction

model, MLP network architecture, volumetric equations

and validation methods are explained in Sect. 2. Section 3

presents details on the performance of the proposed model

and that of traditional methods. Finally, the conclusions are

presented in Sect. 4.

2 Prediction methods and artificial neural networks

2.1 Prediction

Series prediction is basically a modeling problem. In this

prediction, a model is established between inputs and

outputs. This model uses previous values in the series to
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predict the next values. Direct and recursive predictions are

some of the methods used in the prediction of very long

series [17].

2.1.1 Direct prediction

To predict the values of a series, M ? 1 different models

are set, according to (1).

d̂iþm ¼ fmðdi�1; di�2; . . .; di�nÞ; ð1Þ

where m ¼ 0; 1; . . .;M; M is the maximum horizon of

prediction, d and d̂ are the input and the predicted

parameters, respectively, i is the parameter index and n is

the size of the regressor. Input variables on the right side of

(1) define the regressor.

2.1.2 Recursive prediction

Recursive prediction models are defined using previous

values of parameters to estimate the parameter one step

forward. Equation (2) shows this model.

d̂i ¼ f ðdi�1; di�2; . . .; di�nÞ; ð2Þ

where d and d̂ are the input and predicted parameters,

respectively, i is the parameter index and n is the size of the

regressor. Input variables on the right side of (2) define the

regressor.

To predict the next parameter, recursive prediction again

uses (2), but the first input parameter is the result predicted

in the previous step. The other parameters are shifted one

entry to the right and the last parameter used in the pre-

diction is discarded, thus preserving the number of entries.

This model is shown in (3).

d̂iþ1 ¼ f ðd̂i; di�1; di�2; . . .; di�nþ1Þ: ð3Þ

where d and d̂ are the input and the predicted parameters,

respectively, i is the parameter index and n is the size of the

regressor.

In this work, diameters of trees of genus Eucalyptus are

recursively predicted using artificial neural networks. Thus,

for the prediction, diameters d1.3, d0.7 and d0.3 are used as

input, and the network output is the predicted diameter d̂2:0:

In the next step, the inputs are d̂2:0; d1:3 and d0.7 and the

network output yields the predicted diameter d̂3:0: These

steps are repeated at intervals of one meter along the stem

until the predicted diameter is less than or equal to 4 cm.

2.2 Multilayer Perceptron (MLP) artificial neural

network

A Multilayer Perceptron (MLP) neural network is com-

posed of an input layer, one or more hidden layers and an

output layer. Its layers comprise neurons with multiple

inputs and one output. Each input has an associated weight,

and each output has an activation function. The input sig-

nals are propagated feedforward through the network, layer

after layer [15]. Figure 1 shows the MLP used in this work.

Each neuron has a set of inputs. The purpose of the input

layer is to pass on the values received to the neurons in the

hidden layer. The neurons in the hidden layers have the

number of inputs equal to the number of outputs from

the previous layer. The number of output neurons of the

network is the number of parameters that the ANN will

estimate.

The output value of each neuron is calculated according

to (4).

aj ¼ w0 þ
Xn

i¼1

xiwi ð4Þ

where aj is the output of neuron j, n is the number of

inputs, xi and wi are the value and weight of input i and w0

is the neuron bias.

Several activation functions can be used on MLP net-

works [15]. The activation function used in this work for

the hidden layer neurons and for the output layer neuron

was the hyperbolic tangent, also known as the tan-sigmoid

or tansig. Equation (5) shows the calculation of this

function.

ujðajÞ ¼ tanhðajÞ ¼
2

ð1þ expð�2ajÞÞ
� 1 ð5Þ

where aj is the output value of neuron j.
The MLP training is divided in three stages: the prop-

agation of input training patterns, error calculation and

back-propagation of this error to adjust the weights of the

neurons. This work used 10% of the trees for training the

network and the remaining 90% were used for testing.

Fig. 1 Three-layer MLP architecture
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Several algorithms can be used to train the MLPs.

Among them, we can highlight the gradient descent, gra-

dient descent with momentum and the conjugate gradient

[13], the quasi-Newton [20], the Levenberg–Marquardt

[14] and others. In this paper, we use the Levenberg–

Marquardt training algorithm.

The Levenberg–Marquardt technique is known to be

more efficient than the gradient descent [14]. The gradient

descent technique is a steepest descent algorithm and

involves small enough steps on the local gradient of the

scalar field. One disadvantage of this method is the possi-

bility that the gradient descent finds a local minimum

before the global minimum is reached. The Levenberg–

Marquardt algorithm is a refinement of the Gauss-Newton

method, which is a variant of Newton’s method [19, 22].

Newton’s method uses information from the second-order

partial derivative of the performance index used to adjust

the weights. Thus, gradient information is used in con-

junction with error surface curvature information.

In this study, experiments were performed using Matlab

with Neural Networks Toolbox.

2.3 Error calculation of diameters predicted

by the MLP

In order to investigate the behavior of MLPs in the pre-

diction of all diameters of each tree, percent root mean

squared error (RMSE%) and linear correlation (R) were

used, as shown in (6) and (7), respectively.

RMSE% ¼
1
�Y

Xn

i¼1

ðYi � ŶiÞ2
 !

1

n

 !1=2

�100 ð6Þ

R ¼
n
Pn

i¼1 ŶiYi

� �
�
Pn

i¼1 Ŷi

� � Pn
i¼1 Yi

� �

n
Pn

i¼1 Y2
� �

�
Pn

i¼1 Y
� �2

� �1=2
ð7Þ

where �Y is the mean of diameters, Ŷi and Yi are the pre-

dicted and measured diameters, respectively, and n is the

number of diameter measures between input measures and

the total height.

2.4 Tree volume calculation using actual and predicted

diameters

In order to verify the efficiency of the model proposed in

this paper which uses MLP networks, volumes of all trees

were calculated using the Smalian method, according to (8)

and (9).

gi ¼
di=2ð Þ2p
10; 000

ð8Þ

v ¼
Xn�1

i¼1

gi þ giþ1

2
li þ

gnln
3

ð9Þ

where v is the total tree volume, gi is the basal area of the

ith position, li is the section length of the ith position, gn is

the basal area of the cone (tree tip), ln is the length of the

cone and di is the diameter of the ith position. The value

used for p was 3.14159265. In (8) the area of each, gi is

divided by 10,000 to convert from cm2 to m2.

The volumes found with the predicted diameters are

compared with their actual volumes also calculated by the

Smalian method from diameters measured directly from

the trees.

2.5 Error calculation of predicted volumes

The percent root mean square error (RMSE%), the linear

correlation coefficient (R), the percent absolute deviation

(MAE%) and the percent bias (Bias%) are calculated from

(6, 7, 10) and (11), respectively. The purpose of these cal-

culations is to verify the accuracy of the volumes calculated

using the diameters predicted by the MLP networks.

MAE% ¼
1

n

Xn

i¼1

Ŷi � Yi

Yi

� �
� 100 ð10Þ

Bias% ¼
Pn

i¼1 Ŷi �
Pn

i¼1 Yi

� �
Pn

i¼1 Yi
� 100 ð11Þ

2.6 Comparison between the performance of MLP

and least squares polynomial approximation (LSP)

In order to verify the efficiency of the model proposed in

this paper which uses MLP networks, tests were carried out

with a simpler method and with a lower computational cost.

To adjust the b’s coefficients of the polynomials, we

used the diameters of the same trees that were used in the

MLPs training. With the adjusted polynomials, the diam-

eters of the trees were estimated. Then, we calculated the

volumes of trees with the Smalian equation. The approxi-

mator of least squares was used from the functions and

polyfit polyval Matlab.

3 Results and discussion

Several tests were carried out to determine which MLP

structure was the most adequate for predicting tree

diameters.

Initially, five neurons were used. This figure was raised

at increments of one for each class until no improvements

were observed in RMSE% and R values. We encountered a

number of 8 neurons for the hidden layer.

1410 Neural Comput & Applic (2013) 22:1407–1418
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The chosen MLP network structure, as illustrated in

Fig. 1, has an input layer with three variables that represent

diameters measured successive heights, a hidden layer with

8 neurons and an output layer with one neuron which is the

diameter value to be predicted.

All experiments in this study were repeated using the

least squares approximator (LSP). Order polynomials were

tested from 1 to 5. The first-order polynomial did not

provide minimal results that can be analyzed. The poly-

nomials 2–5 had very similar values and are presented in

this paper only the values for the polynomial of order 5.

3.1 Data

The data used in this study were acquired from a stand in

the city of Aracruz, in the state of Espı́rito Santo, Brazil. A

total of 615 trees of the genus Eucalyptus were used,

obtained from the same clonal genetic material. All the

trees were the same age (6 years and 6 months old), planted

with spacing 3 9 3 m and distributed in 16 circular plots

of 360 m2.

These trees were felled and scaled rigorously by the

Smalian method [4]. Diameters were measured with a

caliper, at heights 0.10, 0.30, 0.50, 0.70, 0.90, 1.10, 1.30,

and 2.00 m from the ground, then at regular intervals of one

meter. The diameter at the top of the tree is considered to

be 0 cm. The diameters at heights h0.3 and h1.3 are known

as the stump diameter and the diameter at breast height

(DBH), respectively. Figure 2 illustrates how the trees

were scaled.

Several studies claim that the characteristics of the trees

vary according to the DBH. Because of this, several papers

have proposed grouping the trees in diameter classes based

on the DBH, in amplitudes of 4 and 5 cm [24, 26]. In this

study, trees were grouped based on the DBH in classes of

amplitudes of 3 by 3 cm. Since only a single tree belonged

to class 6, that tree was placed into class 5. Hence, the total

number of classes used in the experiments of the proposed

algorithm was 5 classes.

Table 1 shows the number of trees, their DBH statistics

and heights for classes 1 through 5 used in this paper.

For each of these classes (1 through 5), an MLP network

was used for training and prediction. The MLP model

proposed in this paper was based on the relationship

between the three neighboring diameters used as input, and

the next diameter that is predicted as the output of the

network. In order to verify the relationship of one diameter

measure with their neighboring diameters, the autocorre-

lation coefficient was calculated using same equation of

correlation (Eq. 7). Autocorrelation coefficients were cal-

culated for each tree with 1 to 3 shifts. Table 1 shows the

lowest and highest autocorrelation coefficients for one shift

in each class.

Results from autocorrelation tests with one shift showed

large values, as shown in Table 1. It can be observed in this

table that the lowest and highest autocorrelation were 0.63

and 0.90, respectively. Whereas for tests with 3 shifts, the

lowest and the highest autocorrelation values were 0.55 and

0.81, respectively. These results show that the diameters of

each tree are strongly correlated.

For greater reliability and speed when training the

MLPs, tree diameter data were normalized within the range

�1; 1½ �; using (12) [33]. In this range, -1 indicates diam-

eters equal to 0. The value 1 represents the largest diameter

measured for all trees. And between these values are the

other diameters. Normalization is done for all trees

regardless of their class.

XNORMi
¼ ðb� aÞ � Xi �minðXÞ

maxðXÞ �minðXÞ

� �
þ a ð12Þ

where X are the diameters of all trees, min(X) and max(X)

are the smallest and largest diameter of the trees,

respectively, Xi are the diameter values of tree i, XNORM_i

are the normalized diameter values of tree i, and a and b

are the normalization ranges with values -1 and 1,

respectively.

After the MLP networks yield the diameters of the trees,

these diameters are denormalized using values min(X) and

max(X) that were previously used for normalization.

The algorithm used for training MLPs was the Leven-

berg–Marquardt [22] with 1.000 epochs, initially. Training

of all the MLPs was performed with random initial

weights, and no adaptive learning rate or momentum

parameters were used. The adopted heuristics for this

adaptation was to establish the mean square error (MSE) as

1 9 10-10 and train the MLPs until no significant reduc-

tion or increase is observed for 5 consecutive epochs forFig. 2 Measured tree heights and their diameters
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the MSE of each MLP. In the tests, MLPs converged

before 150 epochs. Table 2 shows the values of MSE and

the average number of epochs until convergence for each

tree class (1 through 5).

For training the MLPs, 10% of the trees or at least 10

trees were randomly selected from each class, to collect

input and output sample sets. The 90% remaining trees

were used for testing. Each of the selected trees produces

input samples di�2; di�1; di½ � and output sample diþ1½ �: For

example, for training the network, the input–output pair

was d0:3; d0:7; d1:3½ � and d2:0½ �; respectively, where

d0.3, d0.7, d1.3 and d2.0 represent distances 0.3, 0.7, 1.3

and 2.0, measured from the ground up, in meters. The next

input–output pair was d0:7; d1:3; d2:0½ � and d3:0½ �; respec-

tively, where d3.0 is the distance of 3.0 meters measured

from the ground up, and so on.

In the testing stage of the MLPs, only initial diameter

measures d0.3, d0.7 and d1.3 are used to predict the

remaining diameter measures of each tree. This stage is

performed for each tree individually, according to the

recursive prediction procedure described in (3). There-

fore, these initial measures are used to predict diameter

d̂2:0: Then, measures d0.7, d1.3 and the predicted measure

d̂2:0 are used to predict measure d̂3:0; and so on until the

predicted diameter is less than or equal to 4 cm. The

total tree height is assumed to be the height of the last

predicted diameter. Tables 3 and 4 show the definitions

and the prediction algorithm used, based on (3),

respectively.

3.2 Prediction of tree diameters

Table 5a, b show a summary for the MLPs and LSP,

respectively, of the values of RMSE% and R for the tree

diameter prediction tests, for trees from classes 1 through 5.

As shown in Table 5a, for tree classes 1 and 5, which

contain a small number of trees, the largest value of RMSE%

for the MLPs is approximately 21 and 2%, respectively. The

table also shows that for those classes the average values of

RMSE% were around 7.17% for class 1 and 1.74% for class

5. Standard deviations of classes 1 and 5 were 9.1% and

0.29%, respectively. Importantly, in class 5, although the

number of trees is as small as in class 1, values of RMSE%

were much smaller. As observed in Table 2, this occurs

because trees in Class 5 are much taller than those in class 1

and thus provide more samples for training the MLPs.

Table 5a also shows that for classes 2, 3 and 4, which

contain a much larger number of trees than classes 1 and 5,

the highest value of RMSE% is approximately 7.8%. For

classes 2, 3 and 4, the mean values of RMSE% were

between 1.87 and 2.73% and standard deviations were

between 0.87 and 1.53%. These figures shown that the

prediction errors of the MLPs for classes 2–5 were sig-

nificantly smaller than for class 1, which indicates that the

MLPs for these classes were more accurate.

Table 5a shows that R was in the range of 0.96 and 0.99,

indicating that there is a very strong linear correlation

between the actual measured diameters and the ones pre-

dicted by the MLPs.

Table 1 Descriptive statistics of Eucalyptus trees

Class n Autocorrelation (di) Diameter at the breast height—dbh (cm) Total height (H) (m)

Min Max Mean Var SD Min Max Mean Var SD Min Max

1 14 0.63 0.84 8.68 0.95 0.97 7.15 10.10 17.60 3.49 1.87 14.20 19.70

2 106 0.77 0.87 12.01 0.54 0.73 10.32 13.14 22.83 2.75 1.66 18.00 26.70

3 302 0.78 0.89 14.62 0.68 0.82 13.15 16.14 25.74 1.57 1.25 18.40 29.40

4 178 0.83 0.90 17.23 0.64 0.80 16.15 19.14 27.52 1.39 1.18 24.20 30.10

5 15 0.82 0.90 20.21 1.7 1.31 19.31 24.55 29.23 1.06 1.03 27.20 30.60

Table 2 Training stage

samples
Class Total Samples Train

Trees Sets Trees Sets Epochs MSE

1 14 231 10 155 35 3.0 9 10-4

2 106 2,405 11 239 45 3.0 9 10-4

3 302 8,025 31 792 120 3.5 9 10-4

4 178 5,105 18 498 110 3.5 9 10-4

5 15 462 10 298 130 5.0 9 10-4

Total 615 16,228 80 1,982 – –
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Table 5b shows that the values of RMSE% were high for

the LSP, with values between 9 and 16%, respectively, and

that R was in the range of 0.83 and 0.96.

Figure 3a through f and g through l illustrate some

examples of values of actual diameters and diameters

predicted by the MLPs and LSP, respectively.

Figure 4a through f show the histograms of values of

RMSE% for MLP and LSP for the exemplified classes,

calculated for each tree.

Figure 3a–c show for MLP for classes 2, 3 and 4, trees

with a very regular diameter variation. It can be observed

in these figures that the values of the actual diameters and

those predicted by the MLPs are considerably coincident

with each other, hence their values of RMSE% were very

small.

Trees in classes 2, 3 and 4 with a very irregular diameter

variation are shown in Fig. 3d–f. It can be observed in

these figures that the diameters predicted by the MLPs

overestimated the actual ones, and consequently their val-

ues of RMSE% were greater.

Figure 3h through l show for classes 2, 3 and 4, the

diameters predicted by the LSP overestimate too much the

actual ones. The exception was Fig. 3g that shows a better

sample for class 2.

Figure 4a through c show the histograms of RMSE%

between predicted and actual diameters for classes 2–4 for

MLPs. It is observed in these figures that most of the values

of RMSE% in class 2 are below 5% and in classes 3 and 4

most of the values of RMSE% are below 3% for the MLPs.

These values of RMSE% for these classes show that the

proposed model satisfactorily predicted the tree diameters.

As the number of test trees in classes 1 and 5 is very small,

there is no accumulation of RMSE% around the mean, and

therefore their histograms were not show.

Table 3 Formal statement of the prediction algorithm

X Vector of inputs of MLP

X1 Input 1 of MLP

X2 Input 2 of MLP

X3 Input 3 of MLP

i The height that is being predicted

d0.3 Diameter at height 0:3 m (stump diameter)

d0.7 Diameter at height 0:7 m

d1.3 Diameter at height 1:3 m (diameter at breast height—dbh)

D Set of predicted diameters

The diameter at the tip of the tree is considered to be zero

Di Diameter at height i

Dmin Minimum merchantable diameter, 4.0 cm

Ĥt Estimated total tree height

Table 4 Tree diameter prediction algorithm

function PredictTreeðd0:3; d0:7; d1:3;DminÞ
X  ½d0:3; d0:7; d1:3�
D ½ �
i 1:0

repeat

i iþ 1:0

Di  Net:PredictDiameterðXÞ
X1  X2

X2  X3

X3  Di

until (Di B Dmin)

Ĥt  i

DĤt  0

return ½D; Ĥt�
end function

Table 5 Diameter prediction

error per class—RMSE%

(largest, smallest, average and

standard deviation) and

correlation (smallest, largest)

Class Trees RMSE% Correlation (R)

Min Max Mean SD Min Max

(a) MLP

1 4 0.99 20.57 6.17 4.78 0.96 0.99

2 95 0.52 7.80 2.73 1.53 0.96 0.99

3 271 0.41 6.14 2.20 1.07 0.98 0.99

4 160 0.42 6.01 1.87 0.87 0.98 0.99

5 5 0.76 3.91 1.57 0.77 0.99 0.99

(b) LSP

1 4 11.46 15.49 12.81 1.82 0.88 0.91

2 95 9.23 11.43 10.18 0.40 0.83 0.93

3 271 9.08 11.01 9.74 0.28 0.86 0.95

4 160 9.07 10.77 9.68 0.29 0.89 0.96

5 5 9.26 9.93 9.57 0.19 0.93 0.96
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Fig. 3 Prediction examples for trees with regular and irregular diameters
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Figure 4d through f show the histograms of RMSE%

between predicted and actual diameters for classes 2–4 for

LSP. It is observed that the greatest amount of the values of

RMSE% is between 9 and 11%.

Table 6 shows the smallest, largest and average differ-

ence between the heights of the minimum diameter adopted

(4 cm) and the smallest diameter predicted for each tree. It

can be observed that for the MLPs, the smallest and the

largest differences are less than 0.0 and 7.6 cm, respectively.

It can also be seen that the averages are below 2.82, for the

class 1 and 1.9 for the other classes. Although in some classes

the difference was large, these values are very small and they

represent a very small portion of trees; therefore, they did not

influence the calculation of the final volume of each tree.

It can be seen in Table 6 that the differences in heights

for the LSP were very large. The smallest difference was

11.40 cm, and the largest was 34 cm. The averages were

between 20 and 29 cm. These values were very large and

show that the use of LSP cannot find an acceptable value of

the commercial height of the trees.

3.3 Comparison between tree volumes calculated

using actual diameters and diameters predicted

by the MLP networks and LSP

Tree volumes calculated using actual diameters and

diameters predicted by the MLPs and LSP are found using

the Smalian Equation (9).

Table 7 shows the merchantable tree volume aggregated

in classes using the actual diameters and those predicted by

the MLPs and LSP.

Table 6 Difference between

the heights of the minimum

diameter adopted (4 cm) and the

smallest predicted diameter

Class MLP LSP

Min Max Mean Min Max Mean

1 0.00 7.60 2.82 11.40 31.00 20.04

2 0.00 5.00 1.97 25.30 34.00 29.13

3 0.00 5.70 1.37 22.60 33.60 26.26

4 0.00 4.30 1.18 21.90 27.80 24.48

5 0.00 6.20 1.30 21.40 24.80 22.76
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Fig. 4 Histogram of RMSE% between predicted and actual diameters
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Merchantable volumes were calculated for the trees used

in the training stage (10%), as well as for the ones used in

the testing stage of the MLPs.

Classes 1 and 5 have few trees, and a minimum value of

10 trees was adopted. Therefore, we used more than 10%

of the samples for training these classes.

It can be observed in Table 7 that there is a very small

difference between the volumes calculated using actual

diameters and the volumes calculated using diameters

predicted by the MLPs. In some cases, these differences are

in the first and second decimal places. In a few cases, these

differences were within the integer part of the volume

value, and when these occured, the difference was no

greater than one.

In the columns regarding the sum of training and testing,

the percentage difference between the total volumes of the

trees calculated using actual diameters and those calculated

using volumes predicted by the MLPs was -0.08%.

It can be seen in Table 7 that the volumes calculated

using diameters predicted with the LSP were much larger

than those calculated with the actual diameters. This was

expected, since the diameters predicted with LSP have

overestimated a lot the actual diameters and the heights of

the trees were very different. In the columns regarding the

sum of training and testing, the percentage difference

between the total volumes of the trees calculated using

actual diameters and those calculated using volumes pre-

dicted by the LSP was 163.45%.

Table 8 shows the volume estimation error statistics of

classes 1–5. Table 8a, b show the error statistics for the

MLPs and LSP models, respectively.

It can be observed in Table 9a that the values of MAE%

and RMSE% for classes 2–5 for MLPs were small. These

values are within 5–7% and 5–9%, respectively. Only for

class 1, values of MAE% and RMSE% for the model were

greater than 10%. However, this class has many trees that

are small and very irregular in shape.

Table 8a shows that for classes 2–4 for MLPs the value

of Bias% for the model was less than 1%. Only for classes 1

and 5, the values of Bias% were approximately 7 and 3%,

respectively. The amount of training samples used for

training these classes far exceeds the amount of test sam-

ples, and thus this created a trend in the results.

It can also be observed in Table 9a that the correlation

coefficients (R) were approximately between 0.81 and 0.99.

It can be noticed that the higher the diameter class the

smaller the value of R. This shows that the larger the size of

the tree, the more errors may occur in estimating the

volume.

It can be seen in Table 9b for the LSP that all values of

MAE%, Bias% and RMSE% in all classes were very large.

Figure 5 illustrates the scatter plots by class between

actual volumes and volumes estimated. Figure 5a, b

illustrate the scatter plots for all classes between actual

volumes and volumes estimated by the MLP model and

LSP, respectively. It can be seen from the chart that the

MLP estimation model has a small scattering. However,

this scattering was not significant when observing the

total volumes of forest inventory in Table 7. It can also

be seen in Fig. 5b that the LSP has a large scattering.

This chart shows clearly how much the LSP has overes-

timated the diameters and consequently the volumes of

the tree.

Table 7 Merchantable volumes (m3) calculated using actual diameters and diameters predicted by the MLPs

Class Training (10%) Testing (90%) Training ? testing

Actual MLP LSP Actual MLP LSP Actual MLP LSP

1 0.4864 0.5120 1.3150 0.1697 0.1696 0.4545 0.6561 0.6816 1.7695

2 1.3869 1.3816 3.6905 11.4026 11.3201 30.4052 12.7896 12.7018 34.0957

3 6.2894 6.4110 16.6583 55.5769 55.3233 143.8437 61.8663 61.7343 160.5020

4 5.4008 5.3519 14.1175 47.7023 47.8619 127.3252 53.1030 53.2139 141.4427

5 4.2948 4.3444 11.7894 2.1519 2.0820 5.6902 6.4466 6.4264 17.4796

Total 17.8583 18.0009 47.5707 117.0034 116.7569 307.7188 134.8616 134.7580 355.2895

Table 8 Comparison between actual and estimated tree volumes

Class MAE% Bias% R RMSE%

(a) MLP

1 10.40 0.07 0.99 9.88

2 6.93 0.72 0.90 8.59

3 6.90 0.46 0.86 8.78

4 6.41 0.33 0.81 7.59

5 4.86 3.25 0.87 5.67

(b) LSP

1 168.72 167.85 0.98 172.49

2 169.77 166.65 0.91 168.64

3 160.63 158.82 0.87 160.59

4 168.20 166.92 0.80 168.31

5 164.89 164.43 0.84 165.05
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4 Conclusions

In all tests it was observed that regardless of the diameter

variation being regular or not, the diameter values pre-

dicted by the MLPs were quite satisfactory when compared

to the values of the actual diameters. However, it was

difficult for the MLPs to predict the diameter closer to the

treetops. This was expected because the proposed model

performs recursive predictions and the error in a given

predicted diameter will be passed on to the next ones.

However, this difference had a very small influence on the

calculation of each tree volume.

Tests conducted with the least square polynomial ap-

proximator showed no satisfactory results. Although it is a

low-computational cost, we determined that it would not be

the ideal approach to this problem.

The tests showed that with of only three measures in

base of trees, it is possible to predict recursively the

diameters. The difference between the diameters predicted

by the MLPs and the actual diameters was very small, and

the volumes calculated with the predicted diameters are

very close to actual ones.

The results obtained with MLP method were quite sat-

isfactory. This method also reduces significantly the cost

and time for completing the inventory and is less suscep-

tible to human error. This demonstrates that neural net-

works can be used to aid forest surveys.

5 Future works

Future work includes the following research lines:

• Researching methods for the selection of trees on site

that will be used for training the models for forest

inventories.

• Creation and testing a model for predicting the heights

of trees, especially the total height and height of the

minimum commercial diameter.

• Testing the models with different eucalyptus plantations

to verify its ability of generalization.

• Testing other methods of classification of the trees to

verify the need for creating or reducing the number of

classes.
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FAEPE, Lavras

28. Silva MLM, Binoti DHB, Gleriani JM, Leite HG (2009) Ajuste

do modelo de schumacher e hall e aplicação de redes neurais

artificiais para estimar volume de árvores de eucaplito. Revista
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