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Abstract

In this study, an artificial neural network (ANN) model was developed to predict the gloss of thermally densified wood

veneers. A custom application created with MATLAB codes was employed for the development of the multilayer feed-forward
ANN model. The wood species, temperature, pressure, measurement direction, and angle of incidence were considered as the
model inputs, while the gloss was the output of the ANN model. Model performance was evaluated by using the mean absolute
percentage error (MAPE), the root mean square error (RMSE), and the coefficient of determination (R?). It was observed that
the ANN model yielded very satisfactory results with acceptable deviations. The MAPE, RMSE, and R? values of the testing
period of the ANN model were found as 8.556%, 1.245, and 0.9814, respectively. Consequently, this study could be useful for

the wood industry to predict the gloss with a smaller number of labour consuming experimental activities.
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Introduction

Wood has been widely used for exterior and interi-
or applications due to its availability, natural beauty, and
strength (Aydin and Colakoglu 2005, Akbiyik et al. 2007,
Scrinzi et al. 2011). However, wood is exposed to a num-
ber of detrimental factors such as humidity and ultraviolet
radiation in exterior and interior environments (Temiz et al.
2005). Several modification methods have been developed
to improve the various properties of wood and to extend
the service life of wood and wood-based products. Thermal
and thermo-mechanical treatments are some modification
methods (Herrera et al. 2015, Pelit et al. 2015, Percin et
al. 2015). Heating the wood at high temperatures reduces
shrinking-swelling characteristics and equilibrium mois-
ture content, and increases the weather resistance of the
final product (Yildiz et al. 2006, Kocaefe et al. 2008). Such
treatment also causes certain changes in the surface rough-
ness, colour, and gloss of wood.

Gloss is one of the most important criteria in de-
termining the quality of wood products (Slabejova et al.
2016). High gloss surfaces have gained importance in the
furniture industry. Due to the increasing demand for high
gloss surfaces, it is important to make reliable statements
about the gloss of wood (Ettwein et al. 2017). There are

many factors (such as temperature, grit size, pressure, and
varnish type) influencing the gloss of wood, and these fac-
tors interact with each other (Aksoy et al. 2011, Bekhta et
al. 2014, Pelit et al. 2015, Turkoglu et al. 2015, Gupta et al.
2016, Salca et al. 2016).

In recent years, some studies have focused on evaluat-
ing the influences of various factors on the gloss of wood.
Aksoy et al. (2011) investigated the effect of heat treatment
on gloss. They observed that heat treatment decreased the
gloss values of wood. This observation was also confirmed
by Gurleyen et al. (2017). Karamanoglu and Akyildiz (2013)
claimed that long-term weathering increased the gloss values
of heat-treated wood. Baysal et al. (2014) investigated the
effect of artificial weathering on the surface roughness, co-
lour, and gloss of heat-treated wood. They reported that
artificial weathering caused a decrease in gloss values. Bu-
dake¢1 and Karamanoglu (2014) noted that hardness, gloss,
and colour changes caused by weathering conditions can
be reduced by the bleaching procedure. Turkoglu et al.
(2015) studied the influence of natural weathering on the
surface hardness and gloss of wood. The results of their
study showed that natural weathering caused a decrease in
the gloss values of wood specimens. Salca et al. (2016)
found that finer grit sizes increased surface glossiness.


https://doi.org/10.46490/BF422
http://www.balticforestry.mi.lt
https://doi.org/10.46490/BF422

BALTIC FORESTRY 27(2)

The investigation of the influence of each factor on
gloss requires many experimental studies. However, extra
experiments cause high costs and the loss of much time
and energy. Various methods are available to predict the
gloss of wood without spending much time, costs, and en-
ergy. The artificial neural networks (ANNs), the response
surface methodology (RSM), the support vector machine
(SVM), and the multiple linear regression (MLR) are some
prediction methods. The ANN approach has become in-
creasingly popular over the past decade. It deals with com-
plex problems, which are difficult to solve by conventional
statistical techniques. Furthermore, ANNs can define com-
plicated and nonlinear relationships between inputs and
outputs without any prior assumptions (Sun et al. 2010,
Barelli et al. 2018). Therefore, we have used the ANN ap-
proach in our research.

The ANN approach has been widely employed in
wood science to model input-output relationships. ANN
applications to wood science include analyzing moisture in
wood (Avramidis and Wu 2007), predicting fracture tough-
ness (Samarasinghe et al. 2007), classifying wood veneer
defects (Castellani and Rowlands 2008), wood recognition
(Khalid et al. 2008), optimization of process parameters
in oriented strand board manufacturing (Ozsahin 2012,
Ozsahin 2013), predicting the bonding strength of wood
joints (Bardak et al. 2016), determination of optimum pow-
er consumption in wood machining (Tiryaki et al. 2016),
prediction of formaldehyde emission (Akyiiz et al. 2017),
and prediction of surface roughness and adhesion strength
of wood (Ozsahin and Singer 2019). These studies have
shown that the ANN approach produces highly successful
results.

However, the current literature has a gap in predict-
ing the gloss of wood by the ANN approach. Therefore,
the objectives of our study are to develop an ANN mod-
el for modelling the effects of wood species, temperature,
pressure, measurement direction, and angle of incidence
on gloss and to present a road map for the wood industry
seeking to enhance the quality of products.

Materials and methods

Data set

The data used in this study were taken from Bekhta
et al. (2014). Some experimental details about their study
can be briefly explained as follows. Alder (4/nus glutinosa
Goertn.), beech (Fagus sylvatica L.), birch (Betula verru-
cosa Ehrh.), and pine (Pinus sylvestris L.) were selected as
the materials of the experiments. Rotary cut veneer sheets
were logged at the Sklejka-Multi S.A. plywood company
in Bydgoszcz, Poland. Defect-free veneer sheets with di-
mensions of 300x300x1.5 mm?® were then transported to
the laboratory. Tangential sheets of veneer were cut into
140x100 mm? rectangular pieces. The whole test speci-
mens were conditioned at 20°C and 65% relative humid-
ity. Thermo-mechanical densification was applied to the
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wood specimens for nine combinations of three different
temperatures (100, 150, and 200°C) and three different
pressures (4, 8, and 12 MPa). The densification time was
4 min. The gloss of each veneer surface was measured at
three different angles (20°, 60°, and 85°) and two different
directions (across (L) the grain and along (I) the grain).
The gloss values were obtained using a PICO GLOSS 503
photoelectric apparatus. The measurements were carried
out according to DIN 67530 (1982) and ISO 2813 (1994).

Artificial neural network approach

ANN is a data modelling tool that offers effective
solutions to deal with complex problems. The ANN ap-
proach has been widely employed in many applications
such as prediction, data sorting, pattern detection, optimi-
zation, clustering, and simulation due to its ability in learn-
ing complex and nonlinear relationships among variables
(Yadav and Chandel 2014). The ANN approach learns
these relationships from the previously recorded data (Bar-
dak et al. 2016).

The most widely used ANN type for process model-
ling and prediction purposes is the multilayer perceptron
(MLP). The MLP structure consists of three different lay-
ers: the input layer, where the data are introduced to the
network, the hidden layer(s), where the information com-
ing from the input layer is processed, and the output layer,
where the results of the network are produced. Figure 1
depicts a typical example of the MLP structure (Ozsahin
2013).

Data processing is performed with neurons, which are
placed in the layers of the MLP network. Input neurons and
output neurons represent inputs and outputs, respectively.
However, hidden neurons vary depending on the complex-
ity level of the handled problem (Nastos et al. 2013). Too
few hidden neurons may hinder the learning process. On
the other hand, a large number of hidden neurons can lead
to overfitting (Quintana et al. 2011). It is very difficult to
detect the most suitable neural network, even for an expe-
rienced user (Ma et al. 2012).

Each neuron is connected to other neurons by commu-
nication links (connections) (Ozsahin 2012). An artificial
neuron sums the bias and weighted inputs, processes the
sum with an activation function, and transmits the result

input layer

f———\

\
YA H\\\" A

hidden layer output layer

—bias

input 2 — -‘ l vig — output 1
. f"r ‘ b/ .
/ g8
input i — . ‘\.-l ‘\\ — output n

A

Figure 1. A typical multi-layered ANN structure
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Figure 2. General functioning of an artificial neuron

to the next layer (Yalgin et al. 2015). Figure 2 illustrates
the process described above. This process is summarized
in Equations (1) and (2) (Ozsahin 2013).

netj=2xl«wij+()j , (1)
i=1
y; = f(net) )
where, x; is the input signal, w; is the weight between the
i"™ neuron and the ;" neuron, 6; is the bias (threshold), net;
is the net input of the j* neuron, £{.) is one of the activation
functions, and y; is the output of the j™ neuron.

Neural networks must be trained with known in-
put-output data. During the training process, the values of
weights and biases are changed to obtain the best predic-
tion results (Haghdadi et al. 2013). When the error reached
a determined value or the specified number of iterations
is reached, the training of ANNS is finished (Ertunc et al.
2013). If the model responds correctly to input values that
are not employed in training, the weights and biases of the
trained network are saved. These weights and biases can
be used to predict outputs for new input vectors (Yildirim
etal. 2011).

Artificial neural network analysis

The gloss of thermally densified wood veneers was
modelled using the ANN approach. For this, the wood
species, temperature, pressure, measurement direction,
and angle of incidence were considered as the model in-
puts, while the gloss was the output of the ANN model.
The training and testing procedures were performed using
MATLAB® (MathWorks 2015a). Figure 3 shows the steps
of this study based on the ANN approach (Canakci et al.
2015).

The experimental data (216 samples) were classified
into two different groups: training and testing. 162 data
samples (75% of total data samples) were randomly select-
ed for the training process and 54 data samples (25% of
total data samples) were employed to evaluate the gener-
alization ability of the ANN model. The data sets are pre-
sented in Table 1.

The network parameters such as activation functions,
learning rule, momentum, and the number of hidden lay-
ers and neurons must be efficiently determined (Tiryaki et
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Figure 4. The proposed network structure for predicting gloss

al. 2017). Different ANN structures and parameters were
tried to minimize the difference between the measured
and predicted values. The ANN model providing the clos-
est values to the experimental results was chosen to make
predictions. The architecture of the selected ANN model is
presented in Figure 4.

The number of input and output neurons corresponds
to the number of input and output variables, respectively
(Akytiz 2019). Therefore, 1 and 5 neurons were devoted
to the output and input layers, respectively. The number
of hidden neurons was determined by the trial-and-error
approach. 7 and 6 neurons were devoted to the first and
second hidden layers, respectively. The number of the con-
nections in the ANN model was lower than the number of
the data used for training. Hence, the proposed model can
be mathematically described.

In modelling, a feed-forward backpropagation neural
network was used. The activation functions were select-
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Table 1. Measured and predicted gloss values and their percentage errors

Densification Angle of incidence (°)
Wood parameters Gloss measured across (1) the grain Gloss measured along (Il) the grain
spe- Tem- oo 20 60 85 20 60 85
cies Pera- o .o

Eu(r:e) (MPa) a* p* e a p e a p e a p e a p e a p e
Alder 100 4 11 105 478 39 38 192 52 582 -11.96 1.2 105 1273 54 561 -3.82 1051049 0.1
Alder 100 8 12 111 758 45 451 -025 57 576 -103 13 1.15 11.78 6.0 6.24 -3.96 12.6 12.60 -0.02
Alder 100 12 12 123 -265 51 6.07 -19.06 57 569 010 1.3 1.34 -343 66 657 046 14.214.37 -1.17
Alder 150 4 11 107 292 45 461 240 73 733 -046 12 109 954 6.4 693 -8.31 16.916.92 -0.10
Alder 150 8 13 114 1202 55 543 134 10.8 887 17.82 1.4 122 1303 7.9 7.71 240 18.118.05 0.26
Alder 150 12 13 130 023 54 520 365 82 795 311 14 146 -407 75 7.62 -166 1641659 -1.15
Alder 200 4 1.1 107 259 4.9 560 -14.32 12.012.01 -012 1.2 112 661 75 744 073 2122118 0.08
Alder 200 8 12 117 210 7.0 7.14 200 23.82381 -0.04 1.4 1.28 8.61 10.7 8.61 19.52 31.531.98 -1.53
Alder 200 12 15 147 176 83 828 020 2432526 -3.96 1.7 162 454 1231229 007 3223216 0.14
Beech 100 4 09 1.03 1479 28 285 -176 33 332 -058 1.1 103 632 40 369 786 55 6.61 —20.23
Beech 100 8 1.0 107 -7.07 35 335 426 54 520 367 1.1 110 035 45 450 -001 89 890 -0.01
Beech 100 12 11 114 -377 40 404 -104 55 523 485 1.1 122 -1078 4.7 460 219 12.0 11.84 1.29
Beech 150 4 1.0 1.04 -427 32 312 246 48 475 1.03 1.0 1.05 -4.85 42 443 -546 73 744 -1.90
Beech 150 8 11 109 113 41 368 1012 81 812 -031 1.1 113 -281 55 545 0.93 1271270 0.00
Beech 150 12 11 117 -637 42 405 364 74 768 -378 1.1 128 -16.70 5.5 5.69 -3.47 14.11518 -7.69
Beech 200 4 07 1.04 4860 3.3 337 -227 7.9 653 17.39 0.8 1.07 -33.34 47 465 1.15 1391379 076
Beech 200 8 09 1.09 -21.07 44 439 033 88 870 114 09 116 -29.04 6.0 597 045 1731728 0.1
Beech 200 12 1.0 121 -20.75 53 538 -1.57 1281285 -035 1.0 1.36 -36.07 6.8 6.96 -2.38 21.721.72 -0.09
Birch 100 4 14 123 1197 43 432 -048 4.2 390 7.04 15 137 887 62 631 -178 7.7 768 024
Birch 100 8 15 133 1136 55 531 347 58 577 055 1.6 150 6.28 73 7.62 -442 14.7 11.08 24.62
Birch 100 12 15 148 114 58 588 -130 6.7 697 -403 17 168 1.01 83 810 241 1731733 -0.20
Birch 150 4 13 125 406 45 487 -829 7.8 760 251 15 139 748 7.0 715 -2.09 127 11.29 11.09
Birch 150 8 1.6 136 1512 6.3 597 525 1391403 -095 17 153 999 91 862 526 2042040 0.02
Birch 150 12 17 153 979 6.8 679 019 1721710 057 19 1.70 1044 10.210.13 0.67 2572568 0.09
Birch 200 4 12 124 -340 51 501 178 1211204 046 1.3 142 -891 80 7.60 504 1941839 522
Birch 200 8 12 1.35-1282 6.5 677 -4.12 1581715 -8.54 1.4 159 —13.78 9.910.07 -1.71 2472477 -027
Birch 200 12 1.7 161 506 85 850 -0.01 23.123.09 0.04 19 192 -095 1361355 0.39 37.237.20 0.01
Pine 100 4 16 164 -271 67 695 -3.68 90 9.02 -025 18 181 -053 98 980 0.03 1861859 0.07
Pine 100 8 1.7 173 -194 74 759 -252 7.6 9.03 -18.87 19 1.86 1.88 10.510.06 4.21 17.917.90 0.01
Pine 100 12 1.8 1.86 -3.08 7.8 7.84 -054 96 958 016 18 1.94 -7.82 10.010.08 -0.78 18.31826 0.21
Pine 150 4 16 167 —415 6.6 7.57 —14.63 10.310.30 0.01 1.8 182 -0.92 9.910.08 -1.86 19.319.32 -0.10
Pine 150 8 19 177 681 87 829 471 1871870 -0.02 2.1 1.86 11.24 13.010.93 1592 27.526.99 1.86
Pine 150 12 1.7 191 1261 83 863 -3.96 21.527.05 -25.80 1.9 1.91 -0.73 11.9 11.94 -0.33 29.829.86 -0.22
Pine 200 4 16 167 —442 79 776 180 2142141 -004 1.7 184 -814 11.011.01 -0.07 27.127.13 -0.13
Pine 200 8 1.6 177 -1047 89 9.70 -8.93 2942943 -012 1.8 192 -658 13.313.30 0.00 3533525 0.15
Pine 200 12 22 199 976 1151147 025 3233229 0.03 23 210 877 16.316.59 -1.81 39.540.91 -3.57

Note: bold values — testing data, the other values: training data;

*a, p, and e stand for actual values, predicted values, and percentage errors, respectively.

ed as the hyperbolic tangent sigmoid function (tansig) and
the linear transfer function (purelin). The Levenberg-Mar-
quardt algorithm (trainlm) was employed for training, the
gradient descent with a momentum backpropagation algo-
rithm (traingdm) was considered as the learning rule, and
the mean square error (MSE) [Equation (3)] was used as
the performance function.

)

where, #; refers to the actual value, td; refers to the model
output, and N refers to the number of measurements.

As the tansig function was used, the original data set
was scaled to the range [-1, 1]. The output values of the
ANN model were converted back to the real values by ap-
plying a reverse normalizing process. The normalization
was performed using the following equation:

X = X
Knax = Xonin

N
1 2
i=

-1 s (4)

where X, 1s the normalized value, X is the real value, and
X,.» and X,,.. are the minimum and maximum values of X,
respectively.

To compare the established models, the mean abso-
lute percentage error (MAPE), the root mean square error
(RMSE), and the coefficient of determination (R*) were
used. The MAPE, RMSE, and R? values were calculated
by using the following equations:

MAPE = - ZN:[|tf_tdi|] x 100
N — t ’
&

(5)
(6)
N 2
2 g _ il (4; — td;) 7
. A 7’ @

where, 7 is the average of predicted values.
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Results

The effects of wood species, temperature, pres-
sure, measurement direction, and angle of incidence
on gloss were modelled by employing the ANN ap-
proach. The ANN model was designed with 5 neurons
in the input layer, 7 neurons in the first hidden layer, 6
neurons in the second hidden layer, and 1 neuron in the
output layer.

As stated previously, the MAPE, RMSE, and R*
criteria were used to compare the performance of the es-
tablished models and to determine the best model. The
values of MAPE, RMSE, and R*> were calculated using
Equations (5), (6), and (7), respectively. Table 2 shows
the MAPE, RMSE, and R? statistics calculated for the
ANN model.

MAPE is one of the most important performance crite-
ria. In the literature, many researchers have determined the
robustness of different models by using this performance
criterion (Bardak et al. 2016, Tiryaki et al. 2016, Akyiiz et
al. 2017). The MAPE values were 2.856% for the training
set and 8.556% for the testing set. Several researchers re-
ported that model performance is accepted as excellent if
MAPE < 10% (Chang et al. 2007, Aydin et al. 2014, Yadav
and Nath 2017). Accordingly, the prediction ability of the
ANN model can be accepted as excellent since its MAPE
value is lower from 10%.

From Table 2, it is possible to see that the RMSE val-
ues are 0.097 and 1.245 for the training and testing sets, re-
spectively. Low RMSE values indicate a well-fitting model
(Canakeci et al. 2015, Bardak et al. 2016). Therefore, it can
be said that the proposed model is successful in terms of
the RMSE criterion.

R? is an indicator of the strength of the relationship
between observed and predicted values. It must be close
to 1 for an excellent fit (Sanusi et al. 2016). The regression
analysis was carried out to calculate the R? values of the
proposed model. The predicted outputs were graphically
correlated with the experimental results as in Figure 5. Ac-
cording to this figure, the R? values are 0.9997 and 0.9814
for the training and testing sets, respectively. The R? val-
ue in the testing set shows that the established network
can explain at least 98.14% of the actual data of gloss.
This result encourages the applicability of neural net-
works in predicting the gloss of thermally densified wood
veneers.

The comparative plots of the measured and pre-
dicted values are presented in Figure 6. In most cases,
the predicted values are very close to the experimental
results; however, some values are not as close as oth-
ers. This is attributed to the errors caused by the ma-
terials, measurements, and process parameters. These
errors can be neglected because the learning level of
the ANN model is high (Ozsahin 2012, Canakci et
al. 2013).

THE USE OF AN ARTIFICIAL NEURAL NETWORK FOR PREDICTING /.../  OZSAHIN, S. AND SINGER, H.

Table 2. Results of the performance criteria used in predicting

gloss
Data set Performance criterion
MAPE RMSE R?
Training 2.856 0.097 0.9997
Testing 8.556 1.245 0.9814
@ 407
a
35 |
a8
30 =
8 .
5 251 y =0.9997x + 0.0026 g
2 = |
3 20 R? = 0.9997 &7
: =4
£ 151
104
5 i
0+ .

0 5 10 15 20 25 30 35 40
Actual values

y=1.0221x-0.1152 8 ]
251 R?=0.9814

N
o

Predicted values

0 5 10 15 20 25 30 35 40 45
Actual values

Figure 5. The relationship between the measured and predicted
values: (a) the training data set and (b) the testing data set

Neural network models can compute intermediate
values for optimization studies. Namely, the untested ex-
perimental results can be easily predicted by employing
the ANN approach. All outputs of the impacts of process
parameters on gloss can be predicted for numerous com-
binations. So, the intermediate gloss values not obtained
from the experimental study were determined by the ANN
model for different temperatures and pressures. The tem-
perature and pressure values giving the highest gloss val-
ues according to wood species, measurement direction,
and angle of incidence (85°) are given in Table 3. Based
on the findings of this study, it can be said that the gloss of
wooden materials increases with increasing of temperature
and pressure.
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Table 3. Optimization of gloss according to different densifica-
tion conditions

Wood Tem-  Pres-
spe- Me;f:é;?&ent perature sure Gloss
cies (°C)  (MPa)
Alder  across (1) the grain 200 9-12 25.262-25.808
along (Il) the grain 200 9-12 32.156-32.316
Beech across (L) the grain  190-200 11-12  11.102-12.845
along (Il) the grain  195-200 12 19.824-21.718
Birch across (L) the grain  195-200 12 21.277-23.090
along () the grain  195-200 12 34.750-37.195
Pine across (+)the grain  175-180 11-12 34.193-34.504
along (Il) the grain 200 11-12 39.983-40.910

Discussion and conclusions

The obtained result regarding the gloss change was
also reported by several researchers (Lamason and Gong
2007, Pelit et al. 2015). After the densification process,
wood may have high gloss surface. This can be caused by
decreasing roughness values and increasing beam reflec-
tion of surfaces (Pelit et al. 2015, Bekhta et al. 2018).

The determination of suitable densification conditions
is very significant to achieve value-added products and to
remain more competitive in the market. In this perspective,
the present optimization study provides useful information
to improve the aesthetic appearance of the final product.
The ANN approach has enabled the prediction of unknown
data of gloss within acceptable error margins using known
data of gloss. The findings obtained in this study may supply
flexibility to producers to decide densification conditions.

5 e Ta
Ogﬂgaaﬂn?"‘? T

21 25 29 33 37 41 45
Specimens

17 49 53

The use of the ANN approach for modeling the effects

of wood species, temperature, pressure, measurement di-

rection, and angle of incidence on gloss has been studied.

A multilayer neural network was developed based on the

data obtained from the literature. The following conclu-

sions could be drawn from the study:

1.The ANN model with the 5-7-6-1 structure successfully
captured the relationship between the input and output
variables. The predicted values showed a close match
with the measured values.

2.The MAPE, RMSE, and R? values of the testing peri-
od of the ANN model were found as 8.556, 1.245, and
0.9814%, respectively. Based on the high correlation and
low errors between the actual and predicted values, it can
be said that the developed model could provide accurate
and acceptable results.

3.The intermediate values not obtained from the experi-
mental study were predicted by the designed ANN mod-
el. It was observed that the gloss of thermally densified
wood veneers increased with increasing of temperature
and pressure when the other variables were fixed.

4.The ANN approach was proved to be a useful tool in
characterizing the effects of wood species, temperature,
pressure, measurement direction, and angle of incidence
on gloss. The proposed model is reliable and easily ac-
cessible for different densification conditions. The de-
sired values of gloss can be predicted by the ANN ap-
proach instead of carrying out full experimental studies.
Thus, it is possible to reduce the experimental time and
costs.

5.In further research, the ANN approach can be used to
predict the gloss of different wooden materials.



BALTIC FORESTRY 27(2)

Acknowledgments

The authors would like to thank Pavlo Bekhta,
Stanistaw Proszyk, Barbara Lis, and Tomasz Krystofiak for
providing the data used in this paper.

References

Akbiyik, A., Lamanna, A.J. and Hale, W.M. 2007. Feasi-
bility investigation of the shear repair of timber stringers
with horizontal splits. Construction and Building Materi-
als 21(5): 991-1000. https://doi.org/10.1016/j.conbuild-
mat.2006.03.004.

AKksoy, A., Deveci, M., Baysal, E. and Toker, H. 2011. Colour
and gloss changes of Scots pine after heat modification.
Wood Research 56(3): 329-336.

AKkyiiz, i. 2019. Future projection and the sales of industrial
wood in Turkey: artificial neural networks. Turkish Jour-
nal of Agriculture and Forestry 43(3): 368-377. https://doi.
org/10.3906/tar-1901-20.

Akyiiz, i., Ozsahin, S., Tiryaki, S. and Aydin, A. 2017. An
application of artificial neural networks for modeling
formaldehyde emission based on process parameters in
particleboard manufacturing process. Clean Technologies
and Environmental Policy 19(5): 1449—1458. https://doi.
org/10.1007/s10098-017-1342-0.

Avramidis, S. and Wu, H. 2007. Artificial neural network and
mathematical modeling comparative analysis of noniso-
thermal diffusion of moisture in wood. Holz Als Roh- und
Werkstoff 65(2): 89-93. https://doi.org/10.1007/s00107-
006-0113-0.

Aydin, G., Karakurt, I. and Hamzacebi, C. 2014. Artificial
neural network and regression models for performance pre-
diction of abrasive waterjet in rock cutting. International
Journal of Advanced Manufacturing Technology 75(9-12):
1321-1330. https://doi.org/10.1007/s00170-014-6211-y.

Aydin, I. and Colakoglu, G. 2005. Effects of surface inactiva-
tion, high temperature drying and preservative treatment
on surface roughness and colour of alder and beech wood.
Applied Surface Science 252(2): 430-440. https://doi.
org/10.1016/j.apsusc.2005.01.022.

Bardak, S., Tiryaki, S., Nemli, G. and Aydin, A. 2016. Inves-
tigation and neural network prediction of wood bonding
quality based on pressing conditions. International Jour-
nal of Adhesion and Adhesives 68: 115-123. https://doi.
org/10.1016/j.jjadhadh.2016.02.010.

Barelli, L., Bidini, G., Bonucci, F. and Ottaviano, A. 2018.
Residential micro-grid load management through artificial
neural networks. Journal of Energy Storage 17: 287-298.
https://doi.org/10.1016/j.est.2018.03.011.

Baysal, E., Degirmentepe, S. and Simsek, H. 2014. Some sur-
face properties of thermally modified Scots pine after ar-
tificial weathering. Maderas. Ciencia y Tecnologia 16(3):
355-364.

Bekhta, P., Proszyk, S., Lis, B. and Krystofiak, T. 2014. Gloss
of thermally densified alder (4/nus glutinosa Goertn.), beech
(Fagus sylvatica L.), birch (Betula verrucosa Ehrh.), and
pine (Pinus sylvestris L.) wood veneers. European Journal
of Wood and Wood Products 72(6): 799—-808. https://doi.
org/10.1007/s00107-014-0843-3.

Bekhta, P., Krystofiak, T., Proszyk, S. and Lis, B. 2018. Sur-
face gloss of lacquered medium density fibreboard panels
veneered with thermally compressed birch wood. Progress
in Organic Coatings 117: 10-19. https://doi.org/10.1016/].
porgcoat.2017.12.020.

THE USE OF AN ARTIFICIAL NEURAL NETWORK FOR PREDICTING /.../ OZSAHIN, S. AND SINGER, H.

Budake¢i, M. and Karamanoglu, M. 2014. Effect of bleaching
on hardness, gloss, and color change of weathered woods.
BioResources 9(2): 2311-2327.

Canakei, A., Varol, T. and Ozsahin, S. 2013. Analysis of the
effect of a new process control agent technique on the me-
chanical milling process using a neural network model: mea-
surement and modelling. Measurement 46(6): 1818—1827.
https://doi.org/10.1016/j.measurement.2013.02.005.

Canakei, A., Varol, T. and Ozsahin, S. 2015. Artificial neural
network to predict the effect of heat treatment, reinforcement
size, and volume fraction on AlICuMg alloy matrix compos-
ite properties fabricated by stir casting method. Internation-
al Journal of Advanced Manufacturing Technology 78(1-
4): 305-317. https://doi.org/10.1007/s00170-014-6646-1.

Castellani, M. and Rowlands, H. 2008. Evolutionary fea-
ture selection applied to artificial neural networks for
wood-veneer classification. [International Journal of
Production Research 46(11): 3085-3105. https://doi.
org/10.1080/00207540601139955.

Chang, Y.F,, Lin,C.J., Chyan,J.M., Chen, M. and
Chang, J.E. 2007. Multiple regression models for the lower
heating value of municipal solid waste in Taiwan. Journal
of Environmental Management 85(4): 891-899. https://doi.
org/10.1016/j.jenvman.2006.10.025.

DIN 67530:1982-01. Reflektometer als Hilfsmittel zur Glanz-
beurteilung an ebenen Anstrich- und Kunststoff-Ober-
flichen [Reflectometer as a means for gloss assessment of
plane surfaces of paint coatings and plastics]. Published
date: 01-01-1982. Deutsches Institut fiir Normung e.V.(-
DIN), Berlin, BRD, 5 pp. (in German).

Ertunc, H.M., Ocak, H. and Aliustaoglu, C. 2013. ANN- and
ANFIS-based multi-staged decision algorithm for the detec-
tion and diagnosis of bearing faults. Neural Computing and
Applications 22: 435-446. https://doi.org/10.1007/s00521-
012-0912-7.

Ettwein, F., Rohrer-Vanzo, V., Langthaler, G., Werner, A.,
Stern, T., Moser, O., Leitner, R. and Regenfelder, K.
2017. Consumer’s perception of high gloss furniture: in-
strumental gloss measurement versus visual gloss evalua-
tion. European Journal of Wood and Wood Products 75(6):
1009-1016. https://doi.org/10.1007/s00107-017-1197-4.

Gupta, S., Singh, C.P. and Kishan Kumar, V.S. 2016. Gloss
of four common wood coatings measured before and after
their exposure to high humidity. Revista Ciéncia da Madei-
ra 7(2): 94-99. https://doi.org/10.12953/2177-6830/rcm.
v7n2p94-99.

Gurleyen, L., Ayata, U., Esteves, B. and Cakicier, N. 2017.
Effects of heat treatment on the adhesion strength, pendu-
lum hardness, surface roughness, color and glossiness of
Scots pine laminated parquet with two different types of UV
varnish application. Maderas. Ciencia y Tecnologia 19(2):
213-224.

Haghdadi, N., Zarei-Hanzaki, A., Khalesian, A.R. and Abe-
di, H.R. 2013. Artificial neural network modeling to pre-
dict the hot deformation behavior of an A356 aluminum
alloy. Materials and Design 49: 386-391. https://doi.
org/10.1016/j.matdes.2012.12.082.

Herrera, R., Muszynska, M., Krystofiak, T. and Labidi, J.
2015. Comparative evaluation of different thermally mod-
ified wood samples finishing with UV-curable and water-
borne coatings. Applied Surface Science 357: 1444—-1453.
https://doi.org/10.1016/j.apsusc.2015.09.259.

ISO 2813:1994. Paints and varnishes — determination of spec-
ular gloss of non-metallic paint films at 20°, 60° and 85°.
3" ed. Technical Committee: ISO/TC 35/SC 9 General test
methods for paints and varnishes. Publication date: 1994-
07. 8 pp.


https://doi.org/10.1016/j.conbuildmat.2006.03.004
https://doi.org/10.1016/j.conbuildmat.2006.03.004
https://doi.org/10.3906/tar-1901-20
https://doi.org/10.3906/tar-1901-20
https://doi.org/10.1007/s10098-017-1342-0
https://doi.org/10.1007/s10098-017-1342-0
https://doi.org/10.1007/s00107-006-0113-0
https://doi.org/10.1007/s00107-006-0113-0
https://doi.org/10.1007/s00170-014-6211-y
https://doi.org/10.1016/j.apsusc.2005.01.022
https://doi.org/10.1016/j.apsusc.2005.01.022
https://doi.org/10.1016/j.ijadhadh.2016.02.010
https://doi.org/10.1016/j.ijadhadh.2016.02.010
https://doi.org/10.1016/j.est.2018.03.011
https://doi.org/10.1007/s00107-014-0843-3
https://doi.org/10.1007/s00107-014-0843-3
https://doi.org/10.1016/j.porgcoat.2017.12.020
https://doi.org/10.1016/j.porgcoat.2017.12.020
https://doi.org/10.1016/j.measurement.2013.02.005
https://doi.org/10.1007/s00170-014-6646-1
https://doi.org/10.1080/00207540601139955
https://doi.org/10.1080/00207540601139955
https://doi.org/10.1016/j.jenvman.2006.10.025
https://doi.org/10.1016/j.jenvman.2006.10.025
https://doi.org/10.1007/s00521-012-0912-7
https://doi.org/10.1007/s00521-012-0912-7
https://doi.org/10.1007/s00107-017-1197-4
https://doi.org/10.12953/2177-6830/rcm.v7n2p94-99
https://doi.org/10.12953/2177-6830/rcm.v7n2p94-99
https://doi.org/10.1016/j.matdes.2012.12.082
https://doi.org/10.1016/j.matdes.2012.12.082
https://doi.org/10.1016/j.apsusc.2015.09.259

BALTIC FORESTRY 27(2)

Karamanoglu, M. and Akyildiz, M.H. 2013. Colour, gloss and
hardness properties of heat treated wood exposed to accel-
erated weathering. Pro Ligno 9(4): 729-738.

Khalid, M., Lee, E.L.Y., Yusof, R. and Nadaraj, M. 2008.
Design of an intelligent wood species recognition system.
International Journal of Simulation: Systems, Science and
Technology 9(3): 9—-19.

Kocaefe, D., Shi, J.L., Yang, D.Q. and Bouazara, M. 2008.
Mechanical properties, dimensional stability, and mold re-
sistance of heat-treated jack pine and aspen. Forest Prod-
ucts Journal 58(6): 88-93.

Lamason, C. and Gong, M. 2007. Optimization of pressing pa-
rameters for mechanically surface-densified aspen. Forest
Products Journal 57(10): 64—68.

Ma, X., Zeng, W., Tian, F., Sun, Y. and Zhou, Y. 2012. Model-
ling constitutive relationship of BT25 titanium alloy during
hot deformation by artificial neural network. Journal of Ma-
terials Engineering and Performance 21(8): 1591-1597.
https://doi.org/10.1007/s11665-011-0061-7.

MathWorks. 2015a. MATLAB, Version 8.5.0 (R2015a). The
MathWorks Inc., Natick, Massachusetts, USA. URL:
https://uk.mathworks.com/.

Nastos, P.T., Moustris, K.P., Larissi, LK. and Paliatsos, A.G.
2013. Rain intensity forecast using Artificial Neural Net-
works in Athens, Greece. Atmospheric Research 119:
153—160. https://doi.org/10.1016/j.atmosres.2011.07.020.

Ozsahin, S. 2013. Optimization of process parameters in ori-
ented strand board manufacturing with artificial neural
network analysis. European Journal of Wood and Wood
Products 71(6): 769—777. https://doi.org/10.1007/s00107-
013-0737-9.

Ozsahin, S. 2012. The use of an artificial neural network for
modelling the moisture absorption and thickness swelling
of oriented strand board. BioResources 7(1): 1053—-1067.

Ozsahin, S. and Singer, H. 2019. Prediction of surface rough-
ness and adhesion strength of wood by artificial neural net-
works. Journal of Polytechnic 22(4): 889—900. https://doi.
org/10.2339/politeknik.481762.

Pelit, H., Budakg¢i, M., Sonmez, A. and Burdurlu, E. 2015.
Surface roughness and brightness of scots pine (Pinus syl-
vestris) applied with water-based varnish after densifica-
tion and heat treatment. Journal of Wood Science 61(6):
586—594. https://doi.org/10.1007/s10086-015-1506-7.

Percin, O., Sofuoglu, S.D. and Uzun, O. 2015. Effects of boron
impregnation and heat treatment on some mechanical prop-
erties of oak (Quercus petraea Liebl.) wood. BioResourc-
es 10(3): 3963-3978.

Quintana, G., Garcia-Romeu, M.L. and Ciurana,J. 2011.
Surface roughness monitoring application based on artifi-
cial neural networks for ball-end milling operations. Jour-
nal of Intelligent Manufacturing 22(4): 607-617. https://
doi.org/10.1007/s10845-009-0323-5.

Salca, E.A., Krystofiak, T., Lis, B., Mazela, B. and Proszyk, S.
2016. Some coating properties of black alder wood as a
function of varnish type and application method. BioRe-
sources 11(3): 7580-7594.

Samarasinghe, S., Kulasiri, D. and Jamieson, T. 2007. Neural
networks for predicting fracture toughness of individual
wood samples. Silva Fennica 41(1): 105-122. https://doi.
org/10.14214/s£.309.

THE USE OF AN ARTIFICIAL NEURAL NETWORK FOR PREDICTING /.../ OZSAHIN, S. AND SINGER, H.

Sanusi, S.N.A., Halmi, M.LLE., Abdullah, S.R.S., Has-
san, H.A., Hamzah, FM. and Idris, M. 2016. Compar-
ative process optimization of pilot-scale total petroleum
hydrocarbon (TPH) degradation by Paspalum scrobicula-
tum L. Hack using response surface methodology (RSM)
and artificial neural networks (ANNSs). Ecological En-
gineering 97: 524-534. https://doi.org/10.1016/j.eco-
leng.2016.10.044.

Scrinzi, E., Rossi, S., Deflorian, F. and Zanella, C. 2011.
Evaluation of aesthetic durability of waterborne polyure-
thane coatings applied on wood for interior applications.
Progress in Organic Coatings 72(1-2): 81-87. https://doi.
org/10.1016/j.porgcoat.2011.03.013.

Slabejova, G., Smidriakova, M. and Fekia&, J. 2016. Gloss
of transparent coating on beech wood surface. Acta Fac-
ultatis Xylologiae 58(2): 37—44. https://doi.org/10.17423/
afx.2016.58.2.04.

Sun, Y., Zeng, W.D., Zhao, Y.Q., Qi, Y.L., Ma, X. and
Han, Y.F. 2010. Development of constitutive relationship
model of Ti600 alloy using artificial neural network. Com-
putational Materials Science 48(3): 686—691. https://doi.
org/10.1016/j.commatsci.2010.03.007.

Temiz, A., Yildiz, U.C., Aydin, I., Eikenes, M., Alfredsen, G.
and Colakoglu, G. 2005. Surface roughness and color char-
acteristics of wood treated with preservatives after accel-
erated weathering test. Applied Surface Science 250(1-4):
35-42. https://doi.org/10.1016/j.apsusc.2004.12.019.

Tiryaki, S., Malkocoglu, A. and Ozsahin, S. 2016. Artificial
neural network modeling to predict optimum power con-
sumption in wood machining. Drewno 59(196): 109-125.
https://doi.org/10.12841/wood.1644-3985.140.08.

Tiryaki, S., Ozsahin, S. and Aydin, A. 2017. Employing artifi-
cial neural networks for minimizing surface roughness and
power consumption in abrasive machining of wood. Euro-
pean Journal of Wood and Wood Products 75(3): 347-358.
https://doi.org/10.1007/s00107-016-1050-1.

Turkoglu, T., Baysal, E., Toker, H., Ergun, M.E. and Kure-
li, I. 2015. The effects of natural weathering on hardness
and gloss of impregnated and varnished Scots pine and Ori-
ental beech wood. Wood Research 60(5): 833—-844.

Yadav, A.K. and Chandel, S.S. 2014. Solar radiation predic-
tion using Artificial Neural Network techniques: a review.
Renewable and Sustainable Energy Reviews 33: 772-781.
https://doi.org/10.1016/j.rser.2013.08.055.

Yadav, V. and Nath, S. 2017. Forecasting of PM10 using au-
toregressive models and exponential smoothing technique.
Asian Journal of Water, Environment and Pollution 14(4):
109-113. https://doi.org/10.3233/ATW-170041.

Yal¢in, N., Tezel, G. and Karakuzu, C. 2015. Epilepsy diagno-
sis using artificial neural network learned by PSO. Turkish
Journal of Electrical Engineering and Computer Scienc-
es 23(2): 421-432. https://doi.org/10.3906/elk-1212-151.

Yildirim, I., Ozsahin, S. and Akyuz, K.C. 2011. Prediction of
the financial return of the paper sector with artificial neural
networks. BioResources 6(4): 4076—4091.

Yildiz, S., Gezer, E.D. and Yildiz, U.C. 2006. Mechanical
and chemical behavior of spruce wood modified by heat.
Building and Environment 41(12): 1762-1766. https://doi.
org/10.1016/j.buildenv.2005.07.017.


https://doi.org/10.1007/s11665-011-0061-7
https://uk.mathworks.com/
https://doi.org/10.1016/j.atmosres.2011.07.020
https://doi.org/10.1007/s00107-013-0737-9
https://doi.org/10.1007/s00107-013-0737-9
https://doi.org/10.2339/politeknik.481762
https://doi.org/10.2339/politeknik.481762
https://doi.org/10.1007/s10086-015-1506-7
https://doi.org/10.1007/s10845-009-0323-5
https://doi.org/10.1007/s10845-009-0323-5
https://doi.org/10.14214/sf.309
https://doi.org/10.14214/sf.309
https://doi.org/10.1016/j.ecoleng.2016.10.044
https://doi.org/10.1016/j.ecoleng.2016.10.044
https://doi.org/10.1016/j.porgcoat.2011.03.013
https://doi.org/10.1016/j.porgcoat.2011.03.013
https://doi.org/10.17423/afx.2016.58.2.04
https://doi.org/10.17423/afx.2016.58.2.04
https://doi.org/10.1016/j.commatsci.2010.03.007
https://doi.org/10.1016/j.commatsci.2010.03.007
https://doi.org/10.1016/j.apsusc.2004.12.019
https://doi.org/10.12841/wood.1644-3985.140.08
https://doi.org/10.1007/s00107-016-1050-1
https://doi.org/10.1016/j.rser.2013.08.055
https://doi.org/10.3233/AJW-170041
https://doi.org/10.3906/elk-1212-151
https://doi.org/10.1016/j.buildenv.2005.07.017
https://doi.org/10.1016/j.buildenv.2005.07.017

	Bookmark 1
	_Hlk24458967
	_GoBack
	_GoBack
	_Hlk78548614
	_Hlk78548978

