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Abstract

In this study, the modeling of the Pyrolytic oil production system using
Artificial Neural Networks (ANNs) has been conducted with oak acorn,
which can be considered as non-wood forest product. The parameters
used in the pyrolytic oil production system have been determined as
reactor temperature, nitrogen gas flow rate, biomass particle size, and
heating rate. In experimental studies, the highest pyrolytic oil
production has been achieved at 500 °C temperature, 1.5 L/min
nitrogen gas flow rate, 5 °C/min heating rate, and 0-2 mm biomass
particle size, with a product yield of 17.83%. 164 different Multi-Layer
Feed Forward (MLFF) ANN-based network architectures have been
trained for 20,000 iterations using the data obtained from the pyrolytic
oil production system. In the training process, various network
architectures including activation functions such as TanSig, LogSig, and
RadBas with one or two hidden layers have been utilized. According to
the results obtained from the studies, the Multi-Layer Feed Forward
ANN-based Pyrolytic Oil Production System structure, which has a
single hidden layer and contains 16 LogSig activation function neurons,
has been the network structure with the best performance with the
value of 1.08E-15.

Keywords: Acorn, Activation functions, Artificial Neural Networks,
Pyrolytic oil production.
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Bu calismada, odun dist orman iirtinti olarak degerlendirilebilecek mese
palamudu ile Yapay Sinir Aglarnt (YSA-Artificial Neural Network)
kullanilarak  Pirolitik  yag liretim sisteminin  modellenmesi
gergeklestirilmistir. ~ Pirolitik yag iiretim sisteminde kullanilan
parametreler; reaktér sicakligi, azot gazi akis hizi, biyokiitle parcacik
boyutu ve isitma hizi olarak belirlenmistir. Deneysel ¢calismalarda, 500
C° sicaklikta, 1.5 L/dk azot gazi akis orani, 5 C°/dk isitma orani ve 0-2
mm  biyokiitle tanecik boyutunda en yiiksek pirolitik yag iiretimi
gergeklestirilmis olup lirtin verimi %17.83 elde edilmistir. Pirolitik yag
tiretim sisteminden elde edilen veriler kullanilarak 164 farkli Cok
Katmanli Ileri Beslemeli (MLFF) ANN-tabanli aj mimarisi 20.000
iterasyon icin egitilmistir. Egitim stirecinde, bir veya iki gizli katmana
sahip TanSig, LogSig ve RadBas transfer fonksiyonlari iceren farkli ag
yapilart kullanilmigtir. Calismalardan elde edilen sonuglara gére, tek
gizli katmanli olan ve 16 LogSig aktivasyon fonksiyonlu néron igeren
Cok Katmanl: [leri Beslemeli YSA-tabanli Pirolitik Yag Uretim Sistemi
yapist 1.08E-15 degeri ile en iyi performans elde edilen ag yapist
olmustur.

Anahtar kelimeler: Mese palamudu, Aktivasyon fonksiyonlars,
Yapay Sinir Aglary, Pirolitik yag liretimi.

1 Introduction

The need for fossil fuels has been increasing significantly with
the developing technology day by day. The limited use of fossil
fuels in energy production has increased the interest in
alternative energy sources [1]-[4]. Pyrolysis, one of the
alternative energy production methods, is a thermochemical
decomposition process that takes place under high
temperature conditions in the absence of oxygen; pyrolytic oil,
gas and char are obtained because of this process. A multitude
of production parameters exists for the production of pyrolytic
oil. Examples of such parameters include the type and size of
the biomass, the temperature at which the reaction occurs,
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pressure, heating rate, among others. Variations in reaction
conditions and biomass selection can significantly impact the
production of pyrolytic oil [5]-[7]. The parameters used in the
study for the pyrolytic oil production system include reactor
temperature, nitrogen gas flow rate, biomass particle size and
heating rate. In this respect, optimization of the parameters
that affect the generation of the system is of great importance
for the efficient extraction of energy produced from alternative
energy sources. In this study, Artificial Neural Networks
(ANNs) were preferred for the modeling the pyrolytic oil
production system.

One of the subfields of Artificial Intelligence, ANNs are widely
used in various fields today [8]-[10]. These areas include
control [11], chaotic oscillator design [12], prediction [13],


mailto:ibrahimmutlu@aku.edu.tr
mailto:murat.tuna@klu.edu.tr

diagnosis [14], modeling of the energy generation systems [15]-
[16], pseudo-random [17] and true random number generator
design [18], and bio-oil production systems [19]. ANN-based
pyrolytic oil production systems are extensively utilized in the
literature. For instance, studies using different biomasses such
as biochar from cattle dung pyrolysis [20], pine sawdust from
industrial biomass waste [21], lignocellulosic materials
obtained from agricultural waste materials [22], biochar
production from banana peels via pyrolysis [23], lignocellulosic
forest residue and olive oil residue as biomass raw materials
[24], algal mat (lablab) biomass, including microalgae,
macroalgae and cyanobacteria [25], cotton boll shells,
fabricated tea waste, olive shells, and hazelnut shells from
biomass waste [26] are exemplified.

The importance of pyrolytic oil cannot be denied when
examining the search for alternative energy sources to prevent
dependence on fossil fuels. Acorns, which are abundant in
forest areas in Tiirkiye, are biomass with high cellulose and
lignin content and can be used in pyrolytic oil production by
utilizing them as non-wood forest products. In this study, the
production, modeling, and analysis of pyrolytic oil from acorns
were investigated and it was demonstrated that the production
system can be modeled with ANN and applied safely. The study
aims to fill the gaps in the literature while providing
opportunities in terms of sustainable biofuel production,
environmental pollution reduction, and renewable energy. In
future studies, the potential use of this oil as a fuel in internal
combustion engines and the possibilities of modeling with
different machine learning methods will be examined. In the
second part of the study, general information about pyrolytic
oil production and ANNs is given. In the third section, the
pyrolytic oil production system is introduced. In the fourth
section, ANN-based pyrolytic oil production system is
demonstrated. In the last section, the results obtained from the
studies are interpreted.

1 Material and Methods

1.1 Raw material

Acorns were collected from Bursa's Uludag forests. Then, the
acorns were properly dried, ground, and sieved. After sieving,
0-2 mm, 2-4 mm, and 4-6 mm sized pieces were obtained and
prepared as pyrolytic oil production material.

1.2 Experimental setup and result

The pyrolytic oil production was performed by the pyrolysis
method in the fixed bed reactor shown in Figure 1. The design
of the experimental studies was determined by using the
central composite face-centered (CCF) method. Since the
experiments are carried out in laboratory environments, it is
possible to encounter incorrect and abnormal results.
However, to minimize the variations in the error tolerance
values of the experiments, the experiments were carried out at
three different times under the same conditions and
parameters, and the average values were noted. The
temperature plays an important role in obtaining the optimum
oil yield in pyrolytic oil production. It is observed that
temperatures in the reaction and cooling zones should be
between 400-500 °C to ensure optimum yield [27]-[29]. In this
context, experimental designs were prepared with specific
parameters such as temperature (400 °C, 450 °C, and 500 °C),
nitrogen gas flow rates (0.5, 1, and 1.5 L/min), heating rates (5,
10, and 15 °C/min) and biomass particle sizes (0-2 mm, 2-4
mm, and 4-6 mm). Subsequently, a total of 30 distinct
experimental investigations were concunted employing
various configurations. A total of 30 different experimental
investigations were then carried out using various
configurations. This design of the experimental study and the
results obtained are shown in Table 1.
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Figure 1. A schematic diagram of a fixed bed reactor system.



Table 1. Experimental set variable input and output parameters.

Inputs Outputs

Temperature Gas flowrate Heatingrate Particle size Pyrolyticoil Water Char Vapor
(°9 (L/min) (°C/min) (mm) (8) (8) (8) (8)
400 0.5 15.0 2.0 09.91 32.52 26.09 31.48
400 0.5 05.0 2.0 13.45 18.68 27.75 40.12
400 1.5 15.0 6.0 09.26 34.43 27.75 28.56
400 1.5 15.0 2.0 11.73 22.69 29.45 36.13
400 1.0 10.0 4.0 11.56 21.60 31.70 35.14
400 1.5 05.0 6.0 13.09 31.58 28.75 26.58
400 0.5 05.0 6.0 12.70 33.72 27.85 25.73
400 1.5 05.0 2.0 13.26 30.88 27.75 28.11
400 5.0 15.0 6.0 09.24 31.22 27.97 31.57
450 1.0 15.0 4.0 09.51 32.25 2713 31.11
450 1.5 10.0 4.0 11.32 27.90 27.44 33.34
450 1.0 05.0 4.0 13.79 29.53 29.93 26.75
450 1.0 10.0 2.0 15.46 34.68 27.78 22.08
450 1.0 10.0 4.0 13.95 34.33 27.72 24.00
450 1.0 10.0 4.0 13.68 35.32 27.68 23.32
450 1.0 10.0 6.0 13.46 32.10 29.22 25.22
450 1.0 10.0 4.0 13.36 32.33 28.45 25.86
450 0.5 10.0 4.0 14.93 31.10 29.32 24.65
450 1.0 10.0 4.0 14.00 31.20 27.00 27.80
450 1.0 10.0 4.0 14.33 33.10 29.33 23.24
450 1.0 10.0 4.0 13.12 35.48 29.25 22.15
500 1.5 15.0 2.0 11.23 29.77 27.03 31.97
500 1.5 15.0 6.0 10.18 34.53 27.09 28.20
500 0.5 15.0 6.0 15.04 33.98 27.75 23.23
500 0.5 05.0 2.0 17.42 33.20 28.77 20.61
500 0.5 05.0 6.0 15.91 30.03 28.01 26.05
500 1.5 05.0 2.0 17.83 26.12 26.60 29.45
500 0.5 15.0 2.0 15.07 34.80 28.30 21.83
500 1.5 05.0 6.0 14.37 32.12 29.13 24.38
500 1.0 10.0 4.0 17.12 34.12 29.22 19.54

1.3

An ANN is constituted by a group of neurons working parallelly
and connected by weight and threshold links simulating
synapses of brain [30]-[31]. The most common structure of
ANN is in the form of a multilayer perceptron (MLP), also called
a multilayer feed-forward neural network (MLFNN) [32]-[34]
as shown in Figure 2. This figure also demonstrates the basic
network structure used in this study.

Artificial Neural Networks

INPUT HIDDEN OUTPUT
LAYER LAYER LAYER
TEMPERATURE PYROLYTIC
°C OIL
GAS FLOW RATE WATER
L/min
HEATING RATE CHAR
°C/min
PARTICLE SIZE VAPOR

Figure 2. The basic sample of MLFNN structure used in this
study.

The network has 4 different input parameters of the system as:
Temperature (°C), gas flow rate (L/min), heating rate (°C/min),
and particle size. Therefore, the number of inputs in the
network is 4. Similarly, 4 different output parameters of the
system, oil, water, char, and steam, were presented to the
network. As a result, the number of outputs of the network is 4.
As shown in the figure, a hidden layer and N neurons were used
in this hidden layer.

The neuron structure in the ANN layers is given in Figure 3. This
structure includes inputs, multiplication and addition units,
transfer functions, and outputs. The signals from the inputs are
multiplied by the weights. Afterwards, all values are summed
and the n value is obtained. Some neurons may have b (bias)
values according to the system. In this case, this bvalue is added
to the n value to obtain the n value. After this process, the n
value is transmitted to the transfer function £ The n value
passing through the transfer function is sent to the Op neuron
output.
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Figure 3. The structure of the basic neuron.
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Activation functions (AF) or transfer functions (TF), which are
one of the most basic structures in ANN structures, are
generally separated into two parts as linear and nonlinear TF.
Examples of linear activation functions are PosLin (Positive
Linear), HardLim (Hard Limiting), HardLims (Symmetric Hard
Limiting), SatLin (Saturating Linear), and PureLin (Pure
Linear). RadBas (Radial Basis), LogSig (Logarithmic-Sigmoid),
and TanSig (Hyperbolic Tangent-Sigmoid) AF are nonlinear
transfer functions that are widely used in ANN applications
[35]. Equation 1 shows the equations of RadBas, Equation 2
shows the equations of LogSig and Equation 3 shows the
equations of TanSig TFs used in the hidden layer and output
layer neuron structures in this study. Here, the variable nis the
net input of the system.

RadBas(n) = e €Y
2

LogSig(n) = P

2
TanSig(n) = m -1 (3)

2 Results and Discussion

The results obtained show that among the parameters used in
pyrolytic oil production, temperature is a factor that
significantly increases the production yield compared to other
parameters. Bhattacharjee and Biswas stated in their study
that the optimum yield of lignin derived oligomers was reached
in the temperature range of 450-500 °C [36]. In a study
conducted by Santos et al,, it was observed that the optimum
yield was obtained at 500 °C as a result of production at 400 °C,
450 °C and 500 °C [37]. Kim et al. investigated the pyrolysis of
pine wood at 500 °C, 525 °C and 550 °C and recorded an
optimum yield of 59.8% at 500 °C. They also noted that
pyrolytic oil production increases parabolically with
temperature and that maximum production can be achieved at
temperatures of 450-500 °C depending on the choice of
biomass and reactor type [38]. As a result of the experimental
studies, the maximum pyrolytic oil yield was obtained at a
temperature of 500 C° nitrogen gas flow rate of 1.5 L/min,
heating rate of 5 C°/min, and biomass particle size of 0-2 mm,
and the amount of pyrolytic oil produced was produced with a
yield of 17.83% for 100 g of sample used in 0-2 mm size. When
the studies conducted in the literature were examined, it was
seen that similar results were obtained despite minor
differences that could be ignored in our study [39].
Furthermore, it is estimated that pyrolytic oil production
efficiency can be realized at higher levels if acorns, which are
considered as non-wood forest products, are used by removing
the stems and husks. The pyrolytic oil produced as a result of
each experimental study was placed in a glass sample jar and
stored in an environment away from sunlight. The total
pyrolytic oil produced after all experimental procedures were
completed is shown in Figure 4.

Figure 4. The total pyrolytic oil produced.

To determine the properties of pyrolytic oil produced from
acorns, various analyses were conducted at Afyon Kocatepe
University; Technology Application and Research Center
(TUAM), and Standard Laboratories Management Inc. The
properties of pyrolytic oil produced from acorns and its
comparison with diesel fuel are presented in Table 2.

The network structures, neurons, and performance results
obtained during the ANNs modeling of the pyrolytic oil
production system from acorns are presented in Table 3. Each
ANN shown in the table indicates a feed-forward multilayer
network structure. The dataset has been randomly divided as
70% for training, 15% for validation, and 15% for testing. In
this study, 164 different trainings were performed for different
numbers of hidden layers, the number of neurons in the hidden
layer or layers, and different transfer functions such as LogSig,
TanSig, and RadBas used in these layers. Nevertheless, only the
results for 50 training runs are presented in order not to take
up too much space in the paper. Although parameters such as
the number of neurons or the number of hidden layers are not
very important in software-based ANN structures, they are very
significant in terms of resource utilization in hardware-based
applications. For this reason, the results not included in the
table are the network structures where the performance
results are low or the number of neurons in the hidden layer is
high. The results of each ANN shown in the table are the values
obtained for 20,000 iterations. The purelin transfer function
was used in the output layer of each network structure given in
the table. In this context, ANN-based models were created by
training 164 ANN structures for 20,000 iterations based on
different hidden layers and hidden neuron numbers. According
to the results from the studies, the MLFNN structure with one
hidden layer containing 16 LogSig nonlinear activation function
neurons of the hidden layer is the most efficient network
structure with a value of 1.08E-15.

Table 2. The properties of the pyrolytic oil and diesel fuel produced.

Analysis Unit Result of Analysis Diesel Fuel Analysis Method
Kinematic Viscosity (40 °C) (mm?2/s) 9.20 1.5-4 TS 1451 EN SO 3104
Water (mg/kg) 2.72 <200 TS 6147 EN IS0 12937
Density (g/cm3) 1.089 0.82-0.845 PN EN ISO 3675
Sulfur content (ppm) 0.47 <0.01 TS 4401S0 351




Figure 5 shows the performance graph showing the Mean
Square Error (MSE) of the most efficient network structure
using the Levenberg-Marquardt training algorithm according
to the number of iterations. Since MSE is an accepted measure
of performance index often used in MLFNN, MSE has been used.

N
1
MSE =2 (v = %) @
i=1

Here, x; andx, are the observed data and modeling data
respectively. N is the length of the observed data. As can be seen

from the graph, the network converged to the target values
with a sensitivity of 1.08E-15. The network was trained for
20,000 iterations, during which the performance change was
very little by 8.44e-12. This value shows that the network
model can accurately match the input-output relationship.

An important tool to evaluate network performance is a scatter
plot of network throughputs by targets. As can be seen from
Figure 6, the points in the scatter plot fell close to the 45°
output=target line. Therefore, the fit is almost perfect.
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Figure 5. The network performance graph of the most efficient network structure.
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Figure 6. The network scatter graph of the most efficient network structure.




Table 3. ANN-based pyrolytic oil production system parameters and performance values with acorns

1st Hidden Layer 2nd Hidden Layer
ANN The Transfer =~ The Number  Transfer  Performance
Structure  Number of . .
Function of Neurons Function
Neurons
1 4 TanSig - - 6.93E-15
2 8 TanSig - - 7.37E-15
3 12 TanSig - - 2.08E-15
4 16 TanSig - - 4.76E-15
5 4 LogSig - - 5.23E-09
6 8 LogSig - - 2.58E-14
7 12 LogSig - - 3.73E-14
8 16 LogSig - - 1.08E-15
9 4 RadBas - - 5.18E-14
10 8 RadBas - - 4.70E-15
11 12 RadBas - - 2.24E-15
12 16 RadBas - - 2.74E-15
13 4 TanSig 4 TanSig 2.79E-14
14 4 TanSig 12 TanSig 5.43E-13
15 8 TanSig 4 TanSig 3.19E-14
16 8 TanSig 8 TanSig 7.00E-15
17 12 TanSig 4 TanSig 2.78E-14
18 4 TanSig 4 LogSig 6.87E-15
19 4 TanSig 8 LogSig 1.18E-14
20 8 TanSig 4 LogSig 4.59E-14
21 12 TanSig 4 LogSig 9.65E-15
22 4 LogSig 4 TanSig 1.47E-13
23 4 LogSig 8 TanSig 4.03E-15
24 8 LogSig 4 TanSig 1.67E-14
25 8 LogSig 8 TanSig 4.28E-15
26 12 LogSig 4 TanSig 3.39E-14
27 4 LogSig 4 LogSig 2.29E-13
28 4 LogSig 12 LogSig 1.76E-15
29 8 LogSig 4 LogSig 9.87E-15
30 4 TanSig 4 RadBas 1.71E-14
31 4 TanSig 8 RadBas 7.66E-15
32 4 TanSig 12 RadBas 9.62E-15
33 8 TanSig 4 RadBas 1.39E-14
34 12 TanSig 4 RadBas 1.68E-14
35 4 LogSig 4 RadBas 8.02E-14
36 4 LogSig 8 RadBas 5.00E-14
37 8 LogSig 4 RadBas 5.21E-14
38 12 LogSig 4 RadBas 2.44E-14
39 4 RadBas 4 TanSig 2.48E-15
40 8 RadBas 4 TanSig 5.42E-14
41 8 RadBas 8 TanSig 5.83E-15
42 4 RadBas 8 LogSig 7.07E-15
43 8 RadBas 4 LogSig 4.95E-14
44 12 RadBas 4 LogSig 2.32E-14
45 4 RadBas 4 RadBas 1.55E-13
46 4 RadBas 8 RadBas 7.61E-15
47 4 RadBas 12 RadBas 1.92E-15
48 8 RadBas 4 RadBas 2.12E-14
49 8 RadBas 8 RadBas 1.30E-14
50 12 RadBas 4 RadBas 1.66E-14
. pyrolytic oil production system. In this context, a total of 164
3 Conclusions trainings were performed for 20,000 iterations based on
different hidden layers and neuron numbers, and ANN-based
In this study, acorns, a non-wood forest product, were selected models were created.
as biomass. Pyrolytic oil production was performed from this
chosen biomass using the pyrolysis method in a fixed-bed e As a result of experimental studies with temperature, gas
reactor. ANN-based training for the pyrolytic oil production flow rate, heating rate, and biomass particle size
system was carried out by using the data obtained from the parameters, the maximum pyrolytic oil yield was produced



at 500 C° temperature, 1.5 L/min nitrogen gas flow rate, 5
C°/min heating rate and 0-2 mm biomass particle size and
the amount of pyrolytic oil produced was obtained with a
yield of 17.83% for 100 g sample used in 0-2 mm size.

e The analysis results of the pyrolytic oil showed an increase
in kinematic viscosity, density, and sulphur values for 40 °C
compared to diesel fuel. Despite this increase, the amount
of water was found to be within the standard value range.

e According to the results obtained from the studies, the
MLFNN-based Pyrolytic Oil Production System structure
with one hidden layer containing LogSig nonlinear
activation function in the hidden layers was the best-
performing network structure with a value of 1.08E-15.

With this study, it has been shown that the pyrolytic oil
production system can be realized safely based on ANN. In
future research, by determining the most optimum parameter
values of the model created and by using various optimization
techniques, experimental studies can be carried out under
these conditions. Additionally, designing and implementing the
ANN-based modeled pyrolytic oil production system on FPGA
and ARM-based digital platforms for real-time operation can be
the subject of further studies.
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