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ABSTRACT
In this study, it is aimed to use and compare Artificial Neural Network (ANN) models for predicting individual 
tree volumes for of Crimean Black Pine trees within the Cankiri Forests. The single and double entry-volume equa-
tions and the Fang et al. (2000)’s compatible volume equation based on the classical and traditional methods were 
used by 360 Crimean Black Pine trees to obtain these tree volume predictions. To determine the best predictive 
alternative for ANN models, a total of 320 trained networks in the Multilayer Perceptron (MLP) and a total of 20 
trained networks in the Radial Basis Function (RBF) architectures was trained and used to obtain the individual 
tree volume predictions. On the basis of the goodness-of-fit statistics, the ANN-based on MLP 1-9-1 including 
dbh as an input variable for single entry volume predictions showed a better fitting ability with SSE (2.7763),  
(0.9339), MSE (0.00910), RMSE (0.0954), AIC (-823.25) and SBC (-1421.81) than that by the other studied volume 
methods including dbh as an explanatory variable. For double entry volume predictions, including dbh and total 
height as input variables, ANN based on MLP 2-15-1 resulted in better fitting statistics with SSE (0.8354),  (0.9801), 
MSE (0.00274), RMSE (0.0523), AIC (–579.55) and SBC (–1788.11). 
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INTRODUCTION
UVOD
The individual tree volume predictions have been a princi-
pal objective of forest inventory studies and these predicti-
ons require both the sustainable planning of forest resour-

ces and for the estimations of the forest biomass and carbon 
stocks (Wiant et. al., 1992; Avery and Burkhart, 2002). Since 
foresters have a wide part of being aware of the primary im-
portance of volume predictions for forest practices such as 
sustainable resource management and timber harvesting 
operations, forest managers have spent many efforts for de-
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veloping the individual volume methods and models that 
could be combined with other forest simulators in forest 
operations (Clutter et al. 1983; van Laar and Akça 2007).      

As the individual trees have no recognizable geometric 
shape, such as a cylinder, paraboloid, cone, and neyloid, it 
is not possible to directly calculate tree volume using 
analytical methods without falling tree. The unique practi-
cal solution to this inventory procedure, including felling 
tree that can be a time consuming and costly operation is 
the use of allometric relationships between the individual 
tree volume and other tree attributes such as diameter at 
breast height, dbh, and height that could be easily and prac-
tically measured in forest inventory and could be dendro-
metrically correlated with the tree volume. These allometric 
models are statistical equations that can be used to estimate 
the stem volume or commercial volume of a tree from cer-
tain independent variables such as diameter at breast height 
(dbh) or total height. When included the dbh as indepen-
dent variables, these equations are called as “Single Entry 
Tree Volume Equations, while the equations comprised to-
gether the dbh and height are called as “Double Entry Tree 
Volume Equations”. In addition, the equations prepared ba-
sed on three or more variables such as dbh, tree height and 
stem diameter at a certain point on a tree (e.g. at 30% of the 
tree length) or trunk diameter at 7 meters above the ground 
is called as “Multiple Entry Tree Volume Equations”. 

Because of this practical usability of the volume equations 
in forest inventory, numerous volume equations have been 
presented and developed by using the statistical techniques 
in forestry literature over the past several decades. Howe-
ver, these single or double entry volume equations cannot 
predict the tree volume to any merchantable height or dia-
meter limits and become impracticable to produce the pre-
dictions for tree volume by assortments of tree log sizes if 
stem merchantable standard alter in the forest stand harve-
sting and yield operations (Reed and Green 1984; Gal and 
Bella 1995). Alternatively, the stem taper equations that can 
provide the predictions of diameter at any height of the 
stem, the height to any specific diameter, merchantable vo-
lume and merchantable height to any top diameter and ant 
stump diameter can be used to obtain the total individual 
tree volume predictions. Although there are two major ca-
tegories of taper equations, the segmented polynomial taper 
equations that were firstly represented by Max and Burhart 
(1976) has been regarded to most precise for predicting the 
individual tree volume to any merchantable limits (Jiang et 
al. 2005).  Max and Burhart (1976), Clark et al. (1991), Fang 
et al. (2000), Jiang et al. (2005) developed the segmented 
polynomial taper and compatible volume equations that 
predicted individual tree volume by basing on this compa-
tible taper equation.   

While developing these single or double entry volume equa-
tions and taper-based equations, the tree data that collected 
through individual tree measurements are fitted by using 
the Linear Regression Analysis or Nonlinear Regression 
Analysis, which are subject to statistical methods. However, 
these linear or nonlinear equations developed through re-
gression analysis methods can provide accurate and reliable 
estimations only if certain statistical fundamental assump-
tions have been assured, which can be listed as a normal 
distribution of model errors, homogeneity of error vari-
ances, no correlation between errors (autocorrelation), and 
no correlation between independent variables (multicol-
linearity). Recently, Artificial Neural Networks (ANNs) 
have gained prominence in the area of forest biometricians, 
since such networks are able to provide successful predic-
tions without any requirement for the assumptions of sta-
tistical assumptions. Artificial Neural Networks (ANNs) are 
widely used in the estimation-based processes of several 
fields of engineering, such as aircraft, automobiles, electron-
ics, production, robotics, communications, and civil engi-
neering. ANNs can be a very useful tool in engineering 
practices and can be a strong tool in data modeling (Este-
ban et al. 2009; Atkinson and Tatnall 1997; Ashraf et al. 
2013; Buğday 2018; Doğan and Buğday 2018). However, 
there are only a limited number of studies on the use of 
ANN in the forest applications about modeling individual 
tree volume predictions. Diamantopolou et al. (2005), Dia-
mantopolou (2006), Özçelik et al.  (2010), Soares et. al. 
(2011), Görgens et al. (2009), Silva et al. (2009), Binoti et 
al., (2014), Bhering et al. (2015), Miguel et al. (2016) and 
Sanquetta et al. (2018) found the best predictive volume by 
using ANN with respect to other prediction methods. In 
addition to these studies, it is particularly necessary to con-
duct more studies on artificial neural networks that can be 
defined as a member of artificial intelligence and ANN as 
the new technique may probably provide an opportunity to 
obtain more accurate and predictive volume predictions in 
the field of forestry beyond classical regression models. 
Thus, the objectives of the present study are (1) to develop 
Artificial Neural Network Models for predicting of indi-
vidual tree volumes of Crimean Black Pine trees within the 
Çankırı Forests and (2) to evaluate various ANN having 
different neuron contents and transfer functions for the vol-
ume predictions with the single and double entry volume 
equations and Fang et al. (2000)’s compatible volume equa-
tion.

MATERIAL AND METHOD
MATERIJAL I METODA
In this study, 360 tree samples that were selected from diffe-
rent diameters and heights to reflect the variability in vo-
lume were used to model the individual tree volume of 
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Crimean Black Pine trees of Cankiri Forests located in 
Cankiri and Sarıkaya Planning Units, Cankiri Forest En-
terprise, Ankara Forest District Directorate. Sample trees 
were cut at the bottom log height (0.3 m), and the stump 
diameter was measured at 0.3 meters, then other measure-
ments were made as precisely as possible at 1-meter inter-
vals (1.3 m, 2.3 m, 3.3 m etc.) using a steel measuring tape. 
Furthermore, the total heights of the trees were also mea-
sured with a steel measuring tape. During these measure-
ments, in cases where the tree trunks were oddly shaped, 
not cylindrical, two vertical cross-sectional diameters were 
measured, and their average was taken into consideration. 
The sample trees were randomly split into two data sets, 
the modeling and the validation data sets, using the ran-
dom number function RANUNI implemented in the SAS 
statistical package (Statistical Analysis System [SAS Insti-
tute], 2009). Of those, about 85 % (306 sample trees) were 
used to train ANN models and fit the single and double 
entry volume equations and Fang et al. (2000)’s compatible 
volume equation, and the remaining 54 sample trees were 
reserved for the evaluation of the validation and testing. 
The summary statistics, such as the mean, standard devia-
tions, minimum and maximum for dbh, height, and vo-
lume attributes used for modeling and validation data set, 
are given in Table 1. Figure 1 illustrates the diameter at 
breast height - volume relations of the sample trees for mo-
del fitting and validation data set. 

Based on these data, three-segment volumes (bottom log, 
sections, and top) were calculated for each sample tree, and 
the sum of these values provided the total stem volume. The 
bottom log was assumed to be cylindrical, while the top se-
gment was accepted to have a cone-shape. As the section 
lengths were the same, Huber’s equation was used to define 
the volume of each section. The equations used to calculate 
tree volumes are given below. 

Bottom log volume; Vbottom = p
4

0 30 3
2× ×d . .  (1)

Huber formula for sections;  

 Vsection = p
4

21 3
2 2× + ×××+ ×( )d dn.  (2)

Top segment; Vtop = 1
3 4

2× × ×
p d htop top  (3)

Table 1. Summary statistics for sample trees
Tabela 1. Ukupna	statistika	za	uzorke	drveća

 Number of trees
Broj stabala

Min.
Min

Max.
Max

Mean
Aritmetička sredina

Std. Deviation
Standardna 
devijacija

Modeling Data
Modeliranje 

podataka

dbh (cm) 
Prsni promjer (cm) 4.0 50.3 24.6 10.0

Height (m)
Visina (m) 306 3.8 18.7 11.7 2.6

Volume (m3)
Volumen (m3) 0.0046 2.0203 0.4077 0.3717

Validation Data
Podaci o provjeri 

valjanosti

dbh (cm)
Prsni promjer (cm) 54 5.0 52.1 29.0 13.6

Height (m)
Visina (m) 5.7 18.7 12.1 2.9

Volume (m3)
Svezak (m3) 0.0065 1.8343 0.6414 0.5539

Figure 1. The relationships between individual tree volume and dbh for 
modeling (a) and validation data set (b).  
Slika 1. Odnos	između	pojedinih	drvnih	volumena	i	dbh	za	set	modela	(a)	i	
podataka	za	vrednovanje	(b)
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Single and Double Entry Volume Equations – 
Jenoulazne i dvoulazne volumne jednadžbe

To develop single and double entry volume equations pre-
dicting the relationships between individual tree volume 
and dbh and total height, some nonlinear regression models 
were used in this study. These single and double entry vo-
lume equations were developed by using the nonlinear re-
gression analysis, including the total tree volume as the de-
pendent variable and dbh for single entry equation and dbh 
and total height for the double entry equation as the inde-
pendent variables. This linear regression analysis was per-
formed by using PROC MODEL procedure of the SAS/ETS 
V9 software. In regression analyses, these nonlinear models 
that provided better predictive volume values than other 
equations were used to obtain the individual tree volume 
predictions: 

The single-entry volume equation: V = b0 . dbhb1 (4)

The double-entry volume equation: V = b0 . (dbh2 . h) (5)

Taper-based volume predictions – Volumna 
predviđanja temeljena na konusu (taper-based) 

From various taper equations, Fang et al. (2000)’s 
equation  presented  better  predictive  results  for 
modeling individual tree taper and compatible vol-
ume in many studies (Diéguez Aranda et al. 2006; 
Corral-Rivas  et  al.  2007; Crecente-Campo et  al. 
2009; Pompa et al. 2009; Li and Weiskittel 2010; 
Tang et al. 2016). In this study, the taper equation of 
Fang et al. (2000) was fitted to obtain the individual 
taper-based tree volume predictions and compared 
with  the predictions obtained  from  the volume 
equations and ANN models. Fang et al. (2000) pre-
sented the segmented taper equation that assumes 
three sections with a variable-form factor (Corral-
Rivas et al. 2007). Fang et al. (2000)’s stem taper 
equation is as follows:

 d = c1[H(k–b1)/b1(1 – g)(k–b)/ba1
l1+l2a2

l2]0.5 (6)

Where       k = p
40000
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                  p1 = h1/H    p2 = h2/H

                  b = b1
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l1b3
l2         a1 = (1–p1)(b2–b1)k/b1b2 

                  a2 = (1–p2)(b3–b2)k/b2b3
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Where, d: stem diameter over bark (cm) at a height h (m), 
D: diameter at breast height over bark (cm), h: measuring 
the height (m), H: total height (m), p1 and p2 are relative 
heights from ground level in the two inflection points, a1, 
a2, a3, b1, b2, b3, c1 are the equation parameters to be predicted 
by nonlinear regression. Fang et al. (2000) integrated its se-
gmented taper equation to obtain compatible total volume 
equation. This compatible volume equation is as follows:

 V = a0dbha1ha2  (7)

The prediction of the parameters of this segmented taper 
equation of Fang et al. (2000) was obtained by using the 
PROC MODEL.

Artificial Neural Network Models – Modeli umjetne 
neuronske mreže

Within the scope of this study, the predictions of individual 
tree volumes were obtained by using Artificial Neural Net-
work (ANN) models. ANN is a mathematical modeling 
method inspired by biological neural systems, such as the 
human brain, and the estimations of ANN is created using 
computer software, developed according to the physiology 
of the human brain (Gurney 1999; Demuth and Beale 
2001). The artificial neural network model comprises lay-
ers with structurally connected nerves. Essentially, these 
layers are classified as the input layer, the hidden layer and 
the output layer (Kurup and Dudani 2002). These layers 
cover artificial neurons called process elements. As a result 
of their structure, composed of multiple non-linear artifi-
cial neurons that can be organized as several layers and 
work coordinately, they are very successful in solving non-
linear complex problems and creating estimations (Nasr et 
al. 2003). For ANN, miscellaneous neural structures, input, 
and output (target) variables in the system to be estimated 
are defined; then, using these definitions, ANN analyses the 
data and presents weight values to provide the best possible 
estimations with minimum error (Fausett 1994). In ANN 
literature, this process is called network training. ANN is 
used to provide several different weight values and using 
these values the output estimations are obtained through 
the addition and activation functions. Using the estimation 
values obtained through ANN, the change of errors calcu-
lated are analyzed, based on the observation values of the 
output variable defined in the first place, and the process is 
complete when the errors reach a minimum level and the 
error-related changes have reached a fixed point (Fausett 
1994; Demuth and Beale 2001).
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In this study, Artificial Neural Network models were evalu-
ated as an alternative method to predict the individual tree 
volume by using diameter at breast height and a total height 
of trees as explanatory variables. This neural network model 
building involved some training, verification and testing 
process by randomly total sample plots partitioning into 
training (75% of all data), verification (15% of all data) and 
test (the remaining 10% of all data) data. Various computer 
software applications have been developed to operate the 
ANN process and present estimations, the STATISTICA® 
software was selected to train the ANN models because this 
software provides multiple comparisons for different ANN 
structures, including various network architectures, a num-
ber of neurons and activation function in the input, hidden 
and output layers. When developing these network models, 
a total of 320 trained networks in the Multilayer Perceptron 
(MLP) and a total of 20 trained networks in the Radial Ba-
sis Function (RBF) architectures were trained and used to 
obtain the individual tree volume predictions. For those 
aiming, in ANNs training process with MLP, the number 
of neurons of the input layer ranged from 1 to 20 neurons 
options, four activation functions, e.g. identity, logistic, tan-
sig, and exponential functions, in the hidden layer, corre-
spondingly four activation functions in output layer were 
used (20X4X4=320 alternatives; 20: number of neurons, 4: 
number of transfer functions in the hidden layer and 4: 
number of transfer functions in the output layer). In RBF, 
the number of neurons of the input layer ranged from 1 to 
20 neurons options, the hidden layer has the activation 
function as being on the isotropic Gaussian basis and iden-
tity function was used in the output layer. MLP includes a 
feedforward neural network architecture based on the in-
put, hidden and output layers with a bias term. In MLP, the 
training algorithm is Broyden-Fletcher-Goldfarb-Shanno 
(BFGS), which is a robust training algorithm with very fast 
convergence with the Hessian matrix.

Comparison Criteria – Kriteriji za usporedbu

After the individual tree volume predictions were obtained 
by these three methods, including the single and double 
volume equations, the Fang et al. (2000)’s compatible vo-
lume equation and ANN models, these three volume pre-
diction methods were compared by using some evaluation 
criteria based on the magnitudes and distributions of pre-
dictions’ residual. These evaluation criteria are some good-
ness-of-fit statistics including the sum of squared errors 
(SSE), Akaike’s information criterion (AIC), Schwarz Baye-
sian criterion (SBC), Root Mean Square Error (RMSE), 
Mean Squared Error (MSE) and Adjusted Coefficient of 
Determination (R2

adj). In these criteria, it is desirable for the 
SSE, MSE, RMSE, AIC, and SBC to have a small value as 
possible, while the R2

adj is expected as close as possible to 1. 
The formulae for these statistical values are provided below:

Mean squared errors (MSE) = 
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Root mean squared error (RMSE) = 
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In these formulae listed above;  represents the calculated 
volume;  represents the estimated volume,  represents ave-
rage volume, n represents the number of data and p repre-
sents the number of parameters within the model.
To further evaluate these network models, the independent 
data, including 54 sample trees were used in predicting the 
tree volume values that were not included in training neu-
ral networks. These evaluations were performed by analysis 
of the difference (residual values) between observed and 
predicted values for validation data set, 54 sample trees. The 
t-paired test was used to evaluate the null hypothesis of 
mean prediction residuals equal to zero. If the null hypothe-
sis tested by t-paired test revealed that the null hypothesis 
could not be rejected and mean residuals statistically not 
significantly different from zero, these ANN models were 
applicable for predicting tree volume values based on the 
dbh and height variables in studied forest stands. 

RESULTS 
REZULTATI
 In this study, the prediction methods including single and 
double entry volume equations, the Fang (2000)’s compa-
tible volume equation and artificial neural network models 
were used to obtain the individual tree volume predictions. 
The parameter estimates with probability levels for the sin-
gle and double volume equations and the segmented taper 
equation of Fang et al. (2000) are given in Table 2. All pa-
rameters of estimates for these nonlinear models were fo-
und to be significant at the 0.05 level (p<0.05). The predic-
ted single and double-entry volume equations and Fang et 
al. (2000)’s volume equations are as follow:
The single-entry volume equation:
 V = 0.000203 . dbh2.2985 (14)
The double-entry volume equation:
 V = 0.000448 . (dbh2 . h) (15)
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Fang (2000)’s compatible volume equation:

 V = 0.0004 . (dbh1.922847 . h1.097805) (16)

Various artificial neural network structures based on the 
MLP, 320 of alternatives, and BRF, 20 of alternatives, inclu-
ding different alternatives for the numbers of neuron and 
activation functions were evaluated to determine the best 
predictive ANN structures predicting the individual tree 
volume. In MLP for single entry volume predictions, inclu-

ding dbh as an input variable, the best predictive results 
were obtained by the neural network architectures, inclu-
ding 9 neurons in hidden layer with the tan-sig activation 
function in both input layer and output layer. The best pre-
dictive finding in RBF including dbh as input variable was 
obtained by the neural network architectures, including 7 
neurons in hidden layer with Gaussian activation function 
and identity activation function in the output layer. In do-
uble volume predictions with dbh and total height as input 

Table 2. The parameter estimates with probability levels and the goodness-of-fit statistics for the single and double volume equations and the 
segmented taper equation of Fang et al. (2000)
Tabela 2. Parametarske	procjene	s	razinama	vjerojatnosti	i	goodness-of-fit	statistikom	za	jenoulazne	i	dvoulazne	volumne	jednadžbe	i	segmentiranu	ko-
nusnu	jednadžbu	(Fang	et al.	2000).

Model
Model

Parameters
parametri

Estimate
Procjena

Standard error
Standardna pogreška

t value
t vrijednost Pr > |t|

Single entry volume equation
Jednoulazna volumna jednadžba

b0 0.000203 0.0000164 12.34 <0.0001

b1 2.2985 0.02582 0.98 <0.0001

Double entry volume equation
Dvoulazna volumna jednadžba b0 0.0000448 0.00000038 116.54 <0.0001

The segmented taper equation 
of Fang et al. (2000)

Segmentirana konusna jednadžba 
(Fang et al. 2000).

a0 0.00004 0.0000024 16.42 <0.0001

a1 1.922847 0.0153 125.85 <0.0001

a2 1.097805 0.0284 38.70 <0.0001

b0 0.000018 0.000029 5.94 <0.0001

b1 0.000036 0.00000032 109.10 <0.0001

b2 0.00003 0.00000069 43.75 <0.0001

p1 0.137606 0.0354 3.89 0.0001

p2 0.713357 0.0212 33.63 <0.0001

Table 3. The goodness-of-fit statistics for three methods including the single and double entry volume equations, the taper equation of Fang et 
al. (2000) and best predictive artificial neural network models
Tabela 3. Statistika	goodness-of-fit za	tri	metode	uključujući	jednoulazne	i	dvoulazne	volumne	jednadžbe,	konusnu	jednadžbu	Fang	et al.	(2000)	i	najbolje	
predvidive	modele	umjetne	neuralne	mreže

Technique/ Tehnika Input variable
Ulazna varijabla SSE MSE RMSE AIC SBC

ANN based on MLP 1-9-1
ANN temeljen na MLP 1-9-1

dbh
Prsni promjer 2.7763 0.9339 0.00910 0.0954 -823.25 -1421.81

ANN based on RBF 1-7-1
ANN temeljen na RBF 1-9-1

dbh
Prsni promjer 3.5419 0.9157 0.01161 0.1078 -748.97 -1353.25

Single volume equation
Jednoulazna volumna jednadžba

dbh
Prsni promjer 3.8539 0.9082 0.01264 0.1124 -723.23 -1327.51

ANN based on MLP 2-15-1
ANN temeljen na MLP 2-15-1

dbh
total height

Prsni promjer
Ukupna visina

0.8354 0.9801 0.00274 0.0523 -579.55 -1788.11

ANN based on RBF 2-9-1
ANN temeljen na RBF 2-9-1

dbh
total height

Prsni promjer
Ukupna visina

2.6344 0.9373 0.00864 0.0929 -229.26 -1437.82

Double volume equation
Dvoulazna volumna jednadžba

dbh
total height

Prsni promjer
Ukupna visina

2.0293 0.9517 0.00665 0.0816 -918.85 -1523.13

Taper equation 
of Fang et al. (2000)
Taperova jednadžba

od Fang (Fang et al. 2000)

dbh
total height

Prsni promjer
Ukupna visina

3.4715 0.9173 0.01138 0.1067 -755.10 -1359.38
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variables, the neural network architecture of MLP with 15 
neurons in hidden layer with the exponential activation 
function in both input layer and output layer resulted in 
best predictive volume values. The best satisfactory results 
in RBF including dbh and total height as input variables 
were obtained by the neural network architectures, inclu-
ding 9 neurons in hidden layer with Gaussian activation 
function and identity activation function in the output layer. 
Table 3 presented the comparative results for prediction 
methods, including the single and double entry volume 
equations, the Fang (2000)’s compatible volume equation 
and best predictive artificial neural network models based 
on the values of goodness-of-fit statistics such as SSE, AIC, 
SBC, RMSE, MSE and . From these fitting statistics, SSE was 
2.7763 and 3.8539 for single entry volume predictions and 
0.8354 and 3.4715 for double entry volume predictions;  was 
0.9082 and 0.9339 for single entry volume predictions and 
0.9173 and 0.9801 for double entry volume predictions; 
MSE was 0.00910 and 0.01264 for single entry volume pre-
dictions and 0.00274 and 0.01138 for double entry volume 
predictions; RMSE was 0.0954 and 0.1124 for single entry 
volume predictions and 0.0523 and 0.1067 for double entry 
volume predictions; AIC was -823.25 and -723.23 for single 
entry volume predictions and -918.85 and -229.26 for do-
uble  entry  volume predictions:  SBC was  -1421.81  and 
-1327.51 for single entry volume predictions and -1788.11 
and -1359.38 for double entry volume predictions. On the 
basis of the goodness-of-fit statistics, the ANN-based on 
MLP 1-9-1 including dbh as an input variable for single en-
try volume predictions showed better fitting ability with 
SSE (2.7763),  (0.9339), MSE (0.00910), RMSE (0.0954), 
AIC (-823.25) and SBC (-1421.81) than that by the other 
studied volume methods including dbh as an explanatory 
variable. For double entry volume predictions including 
dbh and total height as input variables, ANN based on MLP 
2-15-1 resulted in better fitting statistics with SSE (0.8354),  
(0.9801), MSE (0.00274), RMSE (0.0523), AIC (-579.55) 
and SBC (-1788.11).

In figure 2, the residuals against predicted volume obtained 
by single entry volume equation (a), ANN based on MLP 
1-9-1 (b) and ANN based on RBF 1-7-1 (c) were presented. 
In figure 3, it was showed that the residuals against predic-
ted volume obtained by double entry volume equation (a), 
Fang (2000)’s compatible volume equation (b), ANN based 
on MLP 2-15-1 (c) and ANN based on RBF 2-9-1 (d). It is 
seen that ANN based on MLP 1-9-1 (Fig. 2b) and ANN ba-
sed on MLP 2-15-1 (Fig. 3c) presented better predictive re-
sults than others and there are no serious failure of homos-
cedasticity, violations of the assumption of the constant 
variance in predictions obtained by the ANN based on the 
MLP.

Further, analyze were performed to evaluate the best pre-
dictive ANN based on MLP 1-9-1 for single-entry volume 

predictions and ANN based on MLP 2-15-1 for double-en-
try volume predictions. These validation processes were re-
alized with the analysis of the difference between observed 
and predicted tree volume values (residual values) based on 

Figure 2. The residuals against predicted volume obtained by single 
entry volume equation (a), ANN based on MLP 1-9-1 (b) and ANN based 
on RBF 1-7-1 (c)
Slika 2. Razlika	od	predviđenog	volumena	dobivenog	jednoulaznom	volum-
nom	jednadžbom	(a),	ANN	temeljen	na	MLP	1-9-1	(b)	i	ANN	temeljen	na	
RBF	1-7-1	(c)
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the t-paired test evaluating null hypothesis of a mean pre-
diction residual equal to zero including validation data set, 
54 sample trees. The results for t-paired test show that the 
mean residuals predicted from ANN based on MLP 1-9-1 
for single-entry volume predictions are not significantly 
different from zero, t value=-0.364, p=0.718>0.05. Also, the 
mean residuals predicted from ANN MLP 2-15-1 for dou-
ble-entry volume predictions are not significantly different 
from zero, t value=0.559, p=0.578>0.05

DISCUSSION
RASPRAVA
In this study, it was aimed to obtain the individual volume 
predictions of Crimean Black Pine in Çankırı Forests by 
using Artificial Neural Network Models. Also, the single 
and double entry-volume equations and the Fang et al. 
(2000)’s compatible volume equation based on the classical 

and traditional methods were used to acquire these tree vo-
lume predictions. The single-entry volume equation acco-
unted for about 90.82 % of the total variance in volume pre-
dictions, however, the best predictive ANN based on MLP 
1-9-1 and ANN based on RBF 1-7-1 presented about 93.37 
% and 91.57 % of explanatory at the total variance of vo-
lume predictions, respectively. To include dbh and height 
as independent in tree volume predictions, the double-en-
try volume equations and the Fang (2000)’s compatible vo-
lume equation accounted for about 95.17 % and 91.73 % of 
the total variance in volume predictions, respectively.  The 
ANN-based on MLP 2-15-1 and ANN based on RBF 2-9-1 
including dbh and height as input variables presented the 
best predictive results including about 98.01 % and 93.73 
% of the total variance in volume predictions, respectively. 

The principal purpose of this study was to reveal the usabi-
lity of prediction methods based on the Artificial Neural 

Figure 3. The residuals against predicted volume obtained by double entry volume equation (a), Fang (2000)’s compatible volume equation (b), 
ANN based on MLP 2-15-1 (c) and ANN based on RBF 2-9-1 (d) 
Slika 3. Razlika	od	predviđenog	volumena	dobivenog	dvoulaznom	volumnom	jednadžbom	(a),	kompatibilna	volumna	jednadžba	-	Fang	(2000)	(b)	temeljena	
na	MLP	2-15-1	(c)	i	ANN	temeljena	na	RBF	2-9-1	(d).
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Network models in individual tree volume predictions. As 
evaluated some goodness-of-fit statistics including SSE, 
AIC, SBC, RMSE, MSE and R2

adj based on the amounts and 
distributions of predictions’ residual, it can be concluded 
that the ANNs can be utilized for the prediction of indivi-
dual tree volumes. Furthermore, better predictive indivi-
dual volume predictions can be achieved by the use of ANN 
models with respect to single and double entry volume equ-
ations and compatible volume equation classical analysis. 
However, not being able to supply adequate samples for 
certain data ranges in the training of ANNs may cause ad-
verse results, such as failing to ensure expected volume 
growth laws. For example, sampling large-diameter trees 
from low site quality will provide short tree samples, as a 
result of which increasing diameters could represent vo-
lume reduction in the samples. As the ANN structure pro-
vides flexible estimations, in parallel with this change in the 
data, it may indicate a decreasing volume trend with single 
input volume estimations based on dbh upon afterward a 
certain diameter level. Estimations provided by ANN 
structures depend, to a great extent, on the data structures 
used to train the network. If adequate and balanced sam-
pling cannot be provided, these estimations will be negati-
vely affected in terms of ensuring growth legalities.

Successful volume predictions of the ANN models for Cri-
mean Black Pine trees may be attributed to ANN’s success 
in modeling non-linear trend development. While develo-
ping regression models, it is checked whether they meet 
certain basic statistical assumptions (standard distribution 
and homogeneity of error variances, no correlation between 
errors, autocorrelation, no correlation between indepen-
dent variables), which is not the case for ANN. It is because 
regression models are able to provide successful estimations 
in which such statistical assumptions have been realized, 
while the estimations provided by ANNs do not depend on 
the realization of those assumptions. In this sense, as well 
as their success in volume estimations, ANNs also have the 
advantages owing to the fact that they do not depend on 
statistical assumptions. 

However, a significant issue that must be addressed, based 
on the results of the estimations for the studies to be con-
ducted with ANNs, is the determination of a successful 
ANN structure among the various ANN structures that 
have different network algorithm and numbers of neurons. 
Providing certain estimations on trees and stands using 
ANN, an artificial intelligence application is a new method, 
and studies are required to determine which ANN structu-
res will be able to provide successful estimations. In this 
study, ANN based on MLP 1-9-1 for single entry volume 
predictions including dbh as an input variable and ANN 
based on MLP 2-15-1 for double entry volume predictions 
including dbh and height as input variable provided more 
predictive results than other ANN structures. Nevertheless, 

the successes of prediction for different ANN structures 
should be analyzed and prominence should be given to stu-
dies conducted to determine ANN structures providing the 
best estimations. Conformity of the estimations provided 
by ANN structures with growth laws, regarding the growth 
trends of trees, should be assessed, which is another issue 
that must be approached with caution.
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SAŽETAK
Cilj ovog rada je usporediti modele umjetne neuralne mreže (ANN) za predviđanje pojedinih drvnih 
volumena krimskih borova u šumama Çankirija. Jednoulazne i dvoulazne jednadžbe i kompatibilna 
volumna jednadžba Fang et al. (2000) temeljena na klasičnim i tradicionalnim metodama primijen-
jena je na 360 krimskih borova u cilju dobivanja ovih drvnih volumena. Kako bi se odredila najbolja 
alternativna metoda  za predviđanje ANN modela,  ukupno  je  obučeno 320  treniranih mreža u 
višeslojnom perceptronu (MLP) i ukupno 20 treniranih mreža u arhitekturi Radial Basis Function 
(RBF). Na temelju statistike goodness-of-fit, ANN u smislu MLP 1-9-1 uključujući dbh kao input vari-
jablu za jednoulazna volumna predviđanja pokazao je bolju fitting sposobnost sa  SSE (2.7763), Radj2 
(0.9339), MSE  (0.00910), RMSE  (0.0954), AIC  (-823.25)  i  SBC  (-1421.81) nego onaj u ostalim 
proučavanim volumnim metodama koje uključuju dbh kao eksplanatornu varijablu. Za dvoulazna vo-
lumna predviđanja, što uključuju dbh i ukupnu visinu kao input varijable, ANN temeljen na MLP 
2-15-1 rezultirao je boljom fitting statistikom sa SSE (0.8354), Radj2 (0.9801), MSE (0.00274), RMSE 
(0.0523), AIC (-579.55) and SBC (-1788.11). 

KLJUČNE RIJEČI: Predviđanje drvnog volumena, umjetna neuralna mreža, krimski bor, linearna anal-
iza regresije, šume Cankiri


