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Bone char (BC) is one of the most common adsorbent with extensive applications in the removal of
pollutions. T he adsorption capability of BC is proportional tothe crystallineindex, i.e, theatomic ratio
of Ca/P. Thisstudy is an attempt tomodel thecrystalline index of BC that by thermal decomposition of
natural bone usingartificial neural network (ANN) and genetic expression programming (GEP). In this
regard, 100 various experimental data used to construct the ANN and GEP models, separately. Through
the data collection step, heating rate, the typeof precursor, calcination temperature, and residence time

selectedas the inputs for the preset output as Ca/P ratio. T he results reveal that the minimum amount of
Ca/P ratio are at the heating rate 10 °C/min, HNO31.6 M as activation agent, calcination temperature
1000 °C, and residence time 2 h. R squared indices is used to compare the performance of extracted
models. Finally, the best ANN uses to investigate the effect of each practical variable by sensitivity
analysis and revealed that the residence time is the most effective parameter on the crystalline index
while acid activation is of secondary importance.

doi: 10.5829/ije.2021.34.01a.21

1. INTRODUCTION

Due to the increasing growth of various industries and
industrial products around the world, challenges about
the severe damages to the environment are increasing.
Therefore, to reduce the environmental degradations, it is
necessary to reduce the amount of waste by consideration
of a logical and cost-effective solution. Solid waste, e.g.,
animal waste, are a potential source of renewable
materials. Thermal conversion of solid waste into char
has been widely studied as a promising solution for waste
disposal. During this conversion, a valuable by-product
is produced that can be used in many fields of industrial
production to reduce the environmental damages [1, 2].
Bone char (BC) is a black, porous, granular substance
that prepared by heating of animal bones. It is one of the
most common sorbents with unique characteristics
including eco-friend, accessible, cheap, and excellent
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regenerating specification. Adsorption of pollution is one
of the most common applications of BC, e.g., water
treatment process, in the industry. It traditionally uses as
discoloration agent in the sugar industry [3, 4].
Adsorption of F, Cd, Zn, Ni, Cu and As from aqueous
solution with low cost are the other applications of BC.
Therefore, finding a solution to produce and control the
characteristics of BC is of great importance [5, 6]. There
is a significant dependency between the compositions of
BC to its preparation methods. There are 50-80 wt.%
hydroxyapatite, 10-16 wt.% CaCOs, and 7-10 wt.%
carbon in the chemical composition of BC. Incomplete
combustion of natural bones with controlled oxygen is
the main approach for the preparation of BC. Table 1
illustrates the physical and chemical properties and
application of BC that have been prepared by different
methods. There is a strong dependency between the
crystallinity index of BC (i.e., the ratio of Ca/P) on its
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capacity as an adsorbent agent [7]. In this regard,
optimization of theamount of Ca/P ratio plays a key role
for design and preparation of BC with a betteradsorption
performance. P and Ca are the main constituentsofbone.
The other constituents with lower contents are Na, C, Mg,
and O. In general, stoichiometric amount of Ca/P ratio in
boneis 1.67 [8, 9]. However, based on Table 1, the Ca/P
ratio is completely variable and the charring of animal
bones is the main preparation method of BC. Some
advantages including low production and activation
process caused the evolution of charring of animal bones
as a promising approach for the preparation of BC.
Unfortunately, this process suffers from the
comprehensive investigation on the analysis of
complicated interaction between the practical variables
including pre-process or activation of bones by acidic
solutions, calcination temperature, heating rate, and
residence time. To the best of our knowledge, several
methods have been used to produce BC. However, no
research has been done to model the crystalline index of
BC based on practical variables, so far. Hence,
illustration of reliable models based on experimental data
is strongly proposed to enhance the performance of BC.
This study aims at constructing new predictive models
based on gen expression programming (GEP) and
artificial neural network (ANN), for determination of the
Ca/P ratio as a function of practical variables. To
constructthese models, 100 reliable trails were done for
the preparation of BC. The dataare used to train and test
GEP and ANN models. The calcination temperature
changed between 400 °C to 1000 °C, the residence time
is considered in the range of 1to 4 h, and the heating rate
changed from 5 to 12 °C/min. The performance of both
models are compared to each other. Finally, the effect of
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each practical variable is investigated by sensitivity
analysis.

2. MATERIALS AND METHODS

The thigh bone of cow is used as a precursor to prepare
the bone char. As a first step, selected thigh bone washed
for 2 hin boiling deionized water to wipe out meat and
fat residues and left 24 hto dry. Then, the dried bones are
crashed (with the particle size lower than 1 mm) and uses
as mother sample for the preparation of BC.

2. 1. Specimen Preparation A CVD furnace
equipped with the ceramic holder is used through the
calcination step. At first, the origin bones sample divide
into 100 parts. 60 parts directly heated to prepare BC. The
remained 40 parts pre-processed by the addition of 490
mL of HNOs (with various concentrations including
0.49, 1.1, 1.6 M) to 50 gr of crashed bones in Erlenmeyer
flask on a hot plate at the temperature of 80 °C. The
prepared solution is mixed for 24 h. Then, the solution is
cleared, and the pre-processed samples locate in a
porcelain capsule. Finally, the prepared BC sample
stored in a micro tubes for further analysis. As shownin
Table 2, the BC samples that directly used identified by
1 and the pre-processed bones with 0.49, 1.1, and 1.6 M
HNO:z solutions are identified by 2, 3, and 4, respectively.
BC samples synthesized under the special conditions of
pyrolysis including the calcination temperature (400-
1000 °C), heating rate (5-12 °C/min), residence time (1-
4 h) and argon gas (400 mL/min). EDX analysis is
utilized to investigate the weight percentages of Ca and P
elements to calculate the crystalline index (Table 2).

TABLE 1. Chemical composition of BC as a function of preparation condition and its applications

Ref. T?Vtv.'?o/cg)a -(r\?vtti!/ol)p I\?vttél /OC): Hydrogo?patite Application of BC

[10] - - 9-11 70-76 Adsorption of toxic ions

[11] - - 11.0 76 Adsorption of fluoride

[12] 13.4 125 Filtrations of P

[13] 28 15.2 13 Filtrations of P

[14] - 15 6.3 85 Adsorption of fluoride

[15] 39 20 - 80 Water treatment

[16] 30.7 14 - 69 Filtrations of P

[17] 27.1 12.7 18.0 Used as P-fixing soil influenced by root-mycorrhiza-bio char interactions
[18] 18.5 14.9 11.2 Improvement the phosphorus-cadmium-interaction

[17] 33.7 15.3 8.2 Used as P-fixing soil

[19] 23.9 15.7 - 89 Adsorption of Cr (I11) from water solution

[20] 24.2 11.5 3.8 Absorption the methylene blue

[21] 23.8 13 10.4 56 Improvement of the transformations of P in plant-based structure
[22] - - 10.0 80-90 Enhancement of photocatalytic performance by ZnO/BC composites
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TABLE 2. Summary of the experimental design used to the synthesis of BC

o Inputs Output
Precursor® Calcination temperature (°C) Heating rate (°C/min) Residence time (h) Cal/P Ratio
1 3 1000 7 1 1.31
2 4 400 5 1 1.27
3 3 700 5 4 1.45
4 3 400 12 3 1.41
5 2 1000 3 1.72
6 2 400 4 1.92
7 4 700 3 1.03
8 2 700 12 1 1.69
9 1 900 10 2 2.02
10 3 800 10 2 1.30
11 1 500 7 2 2.30
12 1 600 10 3 2.14
13 1 800 5 1 2.24
14 3 500 10 1 1.46
15 4 600 7 4 1.05
16 3 900 12 3 1.17
17 2 600 5 2 1.93
18 2 500 10 4 1.79
19 2 800 7 3 1.75
20 4 500 12 2 0.99
21 4 900 5 1 1.03
22 1 800 12 4 1.97
23 4 700 10 2 0.96
24 2 600 12 1 1.74
25 1 500 5 3 2.34
26 1 400 10 1 2.28
27 1 1000 12 2 1.92
28 1 900 7 4 2.07
29 4 800 10 3 0.89
30 3 400 5 2 1.63
31 2 1000 10 4 1.55
32 3 600 5 4 1.50
33 2 900 7 2 1.73
34 1 700 7 1 2.23
35 3 600 7 1 1.50
36 4 1000 7 2 0.91
37 4 900 10 1 0.88
38 2 800 12 2 1.63
39 4 500 12 4 0.95
40 1 400 12 3 2.18
41 1 700 5 4 2.22
42 2 500 5 3 1.95
43 3 700 10 3 1.33
44 2 400 10 4 1.83
45 3 800 7 4 1.35
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1.15
0.99
1.22
1.08
1.69
1.76
1.19
211
1.55
2.04
1.49
2.08
1.12
1.83
1.40
1.18
1.85
1.65
1.00
2.04
1.26
2.04
1.69
1.11
0.82
0.93
2.24
2.26
2.22
2.13
1.58
0.88
1.40
1.02
1.76
1.54
1.82
1.39
1.37
2.06
2.23
0.95
1.12
1.12
1.81
2.15
2.12
1.16
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94 2 1000
95 3 400
96 1 800
97 3 700
98 3 900
99 3 600
100 4 1000

7 2 1.68
7 4 1.53
5 2 2.22
5 3 1.47
12 2 1.19
5 1 1.56
12 4 0.92

*Number of 1, 2, 3, and 4 referto the sample that uses as-cleaned bone, initial bone sample modified with 0.4, 1.1,and 1.6 M of HNO, respectively.

3. METHODOLOGY

3. 1. 1. Genetic Expression Programming ( GEP
GEP is the hybrid version of genetic algorithm (GA) and
genetic programming (GP) to enhance the performance
of each one [23-27]. The main elements of GEP are
terminal set, fitness function, and termination condition.
GEP different from GP in the way of the solution
representation condition. The creation of a fixed length
of character strings to show the solution as a computer
model in a tree-like structure is the administered
approach in GEP. These trees named expression trees
(ETs) [24, 25, 28]. The operation of GEP element is
performed at chromosome level and leads to the
simplification in the creation of genetic diversity.
Multigenics is another characteristic of GEP.
Accordingly, it provides a higher capability for the
solution of more complex problems. GEP elements take
the value of independent input data and can convert or

process them [29]. h 8 c¢hubw are typical GEP
operations where a, b and c are the function sets of

elements. h @& W are the terminal nodes. Karva
notation or K-expression used this notation to illustrate
the proposed model [23]. Besides the expression-trees,
K-expression can report the proposed model in GEP. The
root of ET is the first position in K-expression [27, 30].
The transformation of ET starts from the root and
readsthrough the string one by one. The size of the
corresponding ETs as a function of the complexity of
process changes within the GEP process. As a general
law, the length of each expression must be equal or less
than the length of genes. Validation of the randomly
selected genome is performed by the head-tail methods.
Head and tail are the main components of the gene. The
former composed of the function and terminal symbols,
while the latter only concluding terminal symbols [28].
Selection and copy of individuals through the GEP
employed the roulette wheel strategy. The validation of
the population is determined by various operators,
including rotation, crossover, and mutation. It is
necessary to note that, rotating the sub-parts of the
genome respect to the randomly chosen point was
performed by rotation operators. Validation of proposed
GEP models is carried out by the employment of
statistical indicator, including the mean square error

(MSE; Equation (1)), correlation coefficients (Equation
(2)) [31] and mean absolute percentage error (MAPE;
Equation (3)).

1 N

MSE == & (t. -o.) 1)
ni=l 1 1
an

, 2 -0’

R =1 g @
: a oj
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MAPE = Saga (1% G100 (3)
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where, 0, t and n are the predicted value, the actual value
and the total number of data, respectively. GEP model
has higher accuracy, when MSE and MAPE are closer to
zero, and R2 closer to 1. Figure 1 shows the flowchart in
GEP and, Figure 2 illustrates the chromosome with two
genes and its decoding in GEP.

3. 1. 2. Evaluation of the Existing Models
Table 2 shows the collected experimental dataset
including 100 samples. 70 samples are used in training
step and 30 in testing step through the construction of
GEP models. The practical parameters include the type
of precursor (activated or non-activated by HNO3),
calcination temperature (°C), residence time (h), and

‘ Randomly initial population generation

—

‘ Execule the expression tree

Express the chromosome ‘

Calculate the cost of the chromosomes by using the fitness
fanction

The termination

L L Yes
criterion achieved?

‘ Reproduction ‘ ‘ Save the best chromosome ‘

l

‘ Create the new generation ‘ Tind

Figure 1. Flowchart of GEP
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Figure 2. Representation of the typical chromosome with
two genes and its decoding in GEP

heating rate (°C/min) selected as inputs. Ca/P ratio
(crystalline index) is considered as the output. For GEP-
based formulas, fitness (fi), from a single program, is
measured by Equation (4):

= A e ) @)

where, Cij is the value returned by the individual
chromosome, Tjthe target value for the fitness case j, and
(i) for fitness case and M the range of selection j. The
benefit of this fitness functions is that the system can
discoverthe optimal solution. In otherwords, to construct
the chromosomes, fundamental functions (e.g., In, 3Rt,
x2) and basic arithmetic operators (e.g., -, *, /, +) are
chosen. Parameters of the training of GEP models are
shown in Table 3.

3.1. 3. GEP Model Results  GEP proposes adistinct
mathematical model for the prediction of target value.
Figure 3 showed the expression-trees of the most
appropriate GEP model in which d0, d1, d2 and d3 in the

Sub-ET 1 Sub-ET 2

TABLE 3. lllustration of parameters applied in GEP models

Parameters Setting

+,-,% /,In, %% 3Rt, Atan,
Tanh, Avg2, Inv, NOT

Function set

Chromosomes 25
Headsize 6
Number of genes 5
Linking function Addition
Fitness functionerror type RRSE
Mutationrate 0.002
Inversionrate 0.004
One-point recombination rate 0

order represented the type of precursor, calcination
temperature, heating rate and residence time. Equation
(5) gives the prediction of the Ca/P ratio obtained from
GEP expression tree. In Equation (5), Tp, Ct, Hr, Rt
represent the type of precursor, calcination temperature,
heating rate and residence time, respectively.

41.31- (Tp)

y = Atan gTanh (Tp) -Atan (ZCt)
e Rt

e  &r,)2 6 2 s 2 @6
+é‘ranhéﬂ (rAtan (l-ﬁ (Tp) ug (5)

g 8319.48 g ge 2 H g
€12.86 1

[
Ot3(T U 24.69
é Hr Atan(Tp) (Tp) E

The comparison of empirical and predicted values by
GEP models for Ca/P in training phase is depicted as
regression plots in Figure 4.

Sub-ET 3

Figure 3. Expression-trees of most appropriate GEP model (dO: thetype of precursor, d1: calcination temperature, d2: heating rate

and d3: residence time)
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(a)

y=0.9872x-0.0215
R*=0.9784

0 5 10 15 20 25 30 s 40
Predicted Ca/P ratio
(b)

80

70

a 2

Exprimental Ca/P ratio
P rY 3

10 o y=1.0015x-0.0024
4 R*=0.9863

o 10 20 30 40 50 60 70 8O
Predicted Ca/P ratio

Figure 4. Illlustration of (a) testing and (b) training
regression in GEP model

3. 2. 1. Artificial Neural Network (ANN)
Artificial neural network (ANN) is a powerful technique
to model the data with complicated interaction between
the input/output parameters. The unique characteristics
of neural networks caused to the evolution of this
approach as a good alternative to determine the nonlinear
dependency and extensively used in the processing of
materials, e.g. simulation of the behavior of complex
materials [32]. As shown in Figure 5, an ANN structure
is generally separated into three sections:the input layer,
the hidden layer, and the output layer. The nodes or
neurons are connected by weights, which is similar to the
intensity of the bioelectric transfer between node cells in
a real neural network. Trained results can be summarized
in terms of weight and bias [33]. The number of neurons
in the outputand input layers are equal to the output and
input parameters, while the hidden layer is more than one
layer and the number of neurons in each layer is tolerated.
Network structure adjustment plays a key role in
improving network performance [34].

Nin - &N -Np N 1@ Nout (6)

where, Nout and Nin refer to the number of output and
input variables, respectively. Subscript h shows the
number of hidden layers, and Nn, N1, N2 and are the
number of neurons in any hidden layer.

The network receives data from the input layer,
decomposes data into hidden layers, and next outputs
through the output layer. In each output layer and hidden
layer, neurons consider the output of the neurons in the
previous layer as their new input. Data using the weight
bias and transfer subordinate in the neuron to obtain the
output as shown in Equation (7).

Xi(n) -t gawi](n)xi(n-l) 4bgn) %

where, Xj"is the output of a node j in the n¢ layer, W;"
the weight from the node, i in (n-1) the layer to nodej in
the ntn layer, and bj (n) the bias of a nodej in the nt layer
[35].

During the training phase, the network will set up
hundreds of data cycles with data, weight, and bias until
it reaches the correct error level or is maximized [36].
The simulation of weight and bias can be obtained as
Equation (8):

wi™ (k) =wi" (k) ai‘fﬁy ®)

i
In Equation (8), a illustrates the learning rate, and k refers
to the repetition [37]. Figure 6 represents the schematic

representation of the connection between the output and
input resultant of a neuron.

Type of precursor

Calcination
temperature (°C)

Ca/P
ratio

Heating rate
(“/min)

Residence time (h)

Input Hidden
layer layer

Output
layer

Figure 5. The schematic structure of an artificial neural
network with input, output, and testing parameters

n n n
X Xn—1 Xin

wn

Jm

Transfer
function

Neurons

X}H]
Figure 6. Schematic explanation of the connection between
the output and input resultant of a neuron
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3. 2. 2.Implementation In general, sufficient
practical data is required to create an efficient neural
network. Architecture, training strategy, transfer
commutable, and other elements of the neural network
must attentively determine and refined to be optimized.
Therefore, a well-trained neural network can be used to
analyze the new input data.

An ANN performance assessment coming back to
step 2 if the implementation is not satisfactory, uses the
trained network to simulate or predict the process
parameters in operational database area. In summary,
ANN including the collection and application of practical
information, network training and configuration, an ANN
performance assessment, coming back to step 2 in the
case that the implementation is not satisfactory and use
of trained network to simulate or predict the process
parameters.

3. 2. 3. Evaluation of the Existing Models In
present study, 70 experiments were utilized for training,
and 30 for testing of ANN models through the prediction
of Ca/P ratio. The inputs and output are the same as GEP
modeling.

3. 2. 4. ANNModel Results Figure 7 represents
the linear regression plots of appropriate model through
training of neural network.

Training: R=0.9989

Lo

e
in

Predicted (Ca/T ratio)
=]

,_
tn

1.5 2 25 3
Target (Ca/'P ratio)

Test: R=0.9897

< Data

tad

¥
(=] n

Predicted (Ca/T ratio)
tn

1.5 2 25 3
Target (Ca/'P ratio)

4. RESULTS AND DISCUSSION

Based on the experimental data and EDX analysis, it is
found that by decreasing Ca/P ratio, the crystalline index
is increased in the BC sample. Comparison of empirical
and predicted values by GEP and ANN models for the
Ca/P ratio are shown in Figures 4 and 7, respectively.
Accordingly, the best constructed model by GEP has
MSE =0.0015 and R? = 0.9784 in testing and MSE
=0.008 and R? = 0.9863 in training. While, the best ANN
model has MSE =1.81 and R? = 0.9897 in testing and
MSE =0.9800 and R? =0.9989 in training. Since the error
indices in both models are less than 3% [24], R? was used
as a criterion and model ANN was selected for further
analysis.

4. 1. Sensitivity Analysis of the ANN Model To
determine the effective parameters in the pyrolysis
condition on the Ca/P ratio, sensitivity analysis has been
used by employment of ANN model. In this analysis, a
step-by-step approach to ANN is performed by changing
each of the input parameters once at a constantspeed. In
this study, various constants are obtained at 2, 6, and
10%. For each input parameter, the output percentage is
changed due to the variation in the input parameter. The
sensitivity of each input parameter is calculated using
Equation (9).

Validation: R=0.9982

S

< Data -
= 3 Fit i
'ﬁ ........... Y =T ‘.9
- T
& 25 5
=

(o]

) é.:.?
-
2z 2 5B
= 7
= o
=
£ 15 &

1.5 2 25 3

Target (Ca/'P ratio)

All: R=0.9975

W

r
L] n

Predicted (Ca/T ratio)
tn

L5 2 25 3

Target (Ca/P ratio)

Figure 7. Regression plots of the trained neural network model that shows the linear regression factor for training, testing, validation,

and all the data set
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1 N 9% Change in output

N 1—165% Change in mputoJ

s () =

2100 ©)

where, S;i (%) represented the sensitivity of an input
parameter, and N is refers to the number of data set used
to test the network. Figure 8 shows the results of
sensitivity analysis. It shows that residence time is the
most effective parameters in the Ca/P ratio, while
precursor type has a relatively smaller effect on it.
Furthermore, it shows thatany increase in residence time
increases the Ca/P ratio and decrease the crystalline
index Theresults of GEP and ANN are relatively similar
to the empirical results, and confirm the conclusive role
of residence time and type of precursor on Ca/P ratio.
Since the reaction happens through calcination, the effect
of residence time is considered along with the type of
precursoron the values of the Ca/P ratio, which is shown
in the 3D surface plot in Figure 9 (a). This surface is
plotted for calcination temperature of 700 °C, and
10 °C/min heating rate. To better understand the 3D
surface, the contourplot is depicted in Figure 9 (b). The
shaded region shows the extrapolation area of the model,
which can be used for other conditions of pyrolysis. This,
along with the unshaded region confirmed the above
explanation.

4. 2. Confirmation Test Toensure the accuracy
of the proposed model by ANN, a confirmation test is
done. In this regard, the BC sample is prepared using un-
activated crushed bone at the temperature of 700 °C,
10°C/min heating rate and 2 h residence time. As shown
in Table 4, the predicted value of Ca/P ratio in the ANN
model is 2.52, while based on EDX analysis the actual
value of this ratio is 2.55. This consistency indicates the
high accuracy of GEP model. Figure 10 shows the EDX
spectrum of this sample.

Sensitivity Analysis

60

S0

=
S
T

MAPE (%)
w
S

0F

Residence time

Type of precursor Calcination temperature  Heating rate
Figure 8. Comparison of theeffect of thetype of precursor,
calcination temperature, heating rate, residence time on Ca/P
ratio using sensitivity analysis

Ca/Pratio

10

20
Residence time (h)

3 10

Type of precursor 12 30

b=

/
|

2l

5 10 15 20
Residence time (h)

Figure 9. (a) 3D surface plot of Ca/P ratio that predicts by

ANN model in calcination temperature of 700°C and heating

rate 10°C/min; (b) the contour plot of the 3D surface; the

shaded area shows the extrapolation region of ANN model.

TABLE 4. EDX spectrum of the validation test (un-activated
crushed bone that heated at 10°C/min heating rateto 700°C, and
residence time 2 h)

(6] 48.96
Na 0.92
Mg 0.42
P 13.78
S 0.74
Ca 35.17
Ca
P
(o]

chma™el o

T T T T T T T T T T T T
0 1 2 3 a4 5 6 T 8 9 10 hil 12 13 14 15 16K eV

Figure 10. EDX Spectrum of prepared BC using un-
activated crushed bone that heated at heating rate 10°C/min
to 700°C, and residence time 2 h
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5. CONCLUSION

In this study, various pyrolysis conditions used to
produce BC. ANN and GEP techniques are employed to
model the Ca/P ratio based on the practical conditions. In
summary:

1: BC is prepared from crushed boneas precursor in the
form of as-cleaned and activated by HNOs in pyrolysis
technique;

2: Data collection is done using the design of experiment
by consideration of heating rate, the type of precursor,
calcination temperature, and residence time as practical
parameters;

3: The Ca/P ratio selects as criteria for the estimation of
the crystalline index of BC;

4. The excellent ability of ANN and GEP techniques are
proved to model the Ca/P ratio based on pyrolysis
conditions;

5. By consideration of R squared, ANN has the higher
accuracy with respect to GEP to model the Ca/P ratio;

6. Validation of results is done using confirmation test;
7. Sensitivity analysis of proposed ANN model revealed
that the residence time and the type of precursor in
regular are the most effective parameters on Ca/P ratio.
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