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Abstract Biochar has been explored as a sorbent for contaminants, soil amendment and climate

change mitigation tool through carbon sequestration. Through the optimization of the pyrolysis

process, biochar can be designed with qualities to suit the intended uses. Biochar samples were pre-

pared from four particle sizes (100–2000 mm) of three different feedstocks (oak acorn shells, jift and

deseeded carob pods) at different pyrolysis temperatures (300–600 �C). The effect of these combi-

nations on the properties of the produced biochar was studied. Biochar yield decreased with increas-

ing pyrolysis temperature for all particle sizes of the three feedstocks. Ash content, fixed carbon,

thermal stability, pH, electrical conductivity (EC), specific surface area (SSA) of biochar increased
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with increasing pyrolysis temperature. Volatile matter and pH value at the point of zero charge

(pHpzc) of biochar decreased with increasing pyrolysis temperature. Fourier-transform infrared

spectroscopy (FTIR) analysis indicated that the surface of the biochar was rich with hydroxyl, phe-

nolic, carbonyl and aliphatic groups. Methylene blue (MB) adsorption capacity was used as an indi-

cator of the quality of the biochar. Artificial neural networks (ANN) model was developed to

predict the quality of the biochar based on operational conditions of biochar production (parent

biomass type, particle size, pyrolysis temperature). The model successfully predicted the MB

adsorption capacity of the biochar. The model is a very useful tool to predict the performance of

biochar for water treatment purposes or assessing the general quality of a design biochar for specific

application.

2020 The Authors. Published by Elsevier B.V. on behalf of King Saud University. This is an open access

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

The continuous increase in world population and therefore the
demand for food and energy has led to more by-products and

an increase in the amount of agricultural residues [1]. Mean-
while there is a rising interest in the concept of zero waste
and circular economy [2]. The production of biochar from

agricultural waste can contribute towards achieving the con-
cept of ‘‘zero waste” and circular economy concepts by con-
verting the agricultural waste into beneficial and sustainable

by-products and in contrast with current waste management
practice of landfilling or burning; a significant source of air
pollution [3–6].

Biochar is defined as a porous, low density, and carbon rich
material obtained from thermochemical conversion of biomass
under controlled conditions (oxygen-limited environment and
low temperature) [7,8]. Over the last decade, biochar produced

from different biomasses has been studied extensively in vari-
ous energy and environmental applications including soil and
water remediation [4,8–12]. For instance, when biochar is

applied to soil it improves physical and chemical properties
of the soil (soil structure, cation exchange capacity, soil water
and nutrient retention, soil bulk density, etc.) and conse-

quently increases crop productivity [13–16]. Moreover, biochar
can be used as a tool to reduce global warming through carbon
sequestration due to its resistance to chemical and biological
decomposition [6].

Because of the widespread use of feedstocks which can be
used for biochar production and the variation in the physical
and chemical properties of the original biomass, it is important

to examine the effect of pyrolysis conditions on biochar prop-
erties [2]. For example, Ahmed et al. [17] produced biochar
from 32 different feedstocks that differ in their properties

[17]. Biochar properties are not only influenced by the type
of feedstock (biomass type, particle size, etc.), but also by
pyrolysis conditions (temperature, heating rate, vapor reten-

tion time, etc.) [2,4]. Understanding the effect of these combi-
nations on the resulting biochar is necessary for adequate
decision towards proceeding in biochar production [3,18,19].
Therefore, several researchers investigated the relationship

between different feedstocks and pyrolysis conditions.
From the pyrolysis conditions, charring temperature plays

a significant role in the properties of the produced biochar

[15]. For instance, specific surface area increased significantly
as charring temperature increased from 350 to 450 to 550 �C
[2] which reflects positively on contaminant adsorption capac-
meh et al., Characterization and Artifici
ss type, pyrolysis temperature, particl
ity [20]. Also, it affects the pH which influences the heavy met-
als mobilization in the treated soil [21,22]. Moreover, biochars
produced at higher pyrolysis temperature reduce the capacity

for nutrient retention in the treated soil [1]. Meanwhile, it
becomes resistant to decomposition in soil, which makes it a
good option for carbon sequestration [15,23,24]. In contrast,

the biochar produced at lower pyrolysis temperature has
higher volatile matter, higher yield and lower pH compared
to that produced at higher pyrolysis temperature [15,25].

The other important parameter of biochar production is

feedstock’s characteristics; therefore biochar produced under
the same pyrolysis conditions will have different properties
[15]. For example, the amount of nutrients will depend on

the feedstock type, i.e. biochar produced from manure is con-
sidered as source of phosphorus (P) [26] and nitrogen (N) [27].
At the same time, it promotes soil microbial abundance more

than the other biochar derived from other feedstocks [28].
Moreover, wood based biochar demonstrated a better adsorp-
tion capacity compared to biochar produced from rice materi-

als [29].
Due to the above-mentioned differences and the different

applications of biochar and to satisfy stakeholders require-
ments, the physical and chemical properties of the biochar pro-

duced from different feedstocks under different pyrolysis
conditions need to be characterized and fully understood.

Methylene blue (MB) adsorption capacity is a good indica-

tor of carbonaceous materials activity [30]. It is also an excel-
lent indicator of the mesoporous surface area of the biochar
(2–50 nm). Mesoporosity is an important characteristic of car-

bon materials especially for the adsorption of large molecules
such as dyes [31]. Furthermore, as it is a cationic dye it is also
a good indicator of the biochar’s capacity for the removal of
heavy metals cations [32]. As such, many researchers have used

MB adsorption capacities as a convenient, low cost-cost and
low-hazard indicator of the biochar’s performance.

As biochar can be used for different applications, it is

important to be able to predict the performance of the material
before committing to its pre-recruitment or production. Com-
puter modelling and simulations are effective methods to do

so. Artificial neural networks (ANN) are among the most
promising methods.

Several researchers applied ANN to model the adsorption

process of different sorbates onto different adsorbents. Ghaedi
and Vafaei [33] reviewed the application of ANN to the
adsorption of dyes. Karimi and Ghaedi [34] applied ANN
and Genetic algorithm techniques to model the adsorption of
al Neural Networks Modelling of methylene blue adsorption of biochar derived
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MB onto activated carbon (AC). Their model focuses on the
optimization of the adsorption process (pH, contact time, mix-
ing rate, initial concentration of MB and the dose rate of AC).

Mahmoodi-Babolan et al. [35] used ANN-particle swarm opti-
mization to model the adsorption of MB on super sorbent
derived from potato starch and catecholamine and compared

the performance of the ANN response surface methodology
(RSM). In their model they focused on the adsorption process
optimization factors (contact time, initial concentration of MB

and pH). And most recently, Jun et al. [36] used a similar
approach to model the adsorption of MB by Buckypaper/
Polyvinyl alcohol treated with jicama peroxidase (JP). In addi-
tion to the pH, MB concentration and contact time, they con-

sidered the effect of JP concentration on the adsorption
capacity. Despite the good modelling results obtained in the
previous studies, the models were designed using specific

adsorbent and did not consider the adsorbent characteristics.
Souza et al. [37] developed an ANN model to predict the
Ni2+ adsorption capacity of biochars prepared from different

biomass. However, in their model they used the surface area of
the biochar, the adsorbate dose, the point of zero charge
(pHpzc) and contact time as the predictors, thus ignoring the

origin of the biochar and production conditions. Although this
is a useful approach to select a biochar from a set to optimize
the adsorption, it cannot be used to determine the operational
conditions to design a biochar. Another limitation of the

reviewed works was the use of a small data set (<70). This
can be an issue as ANN are data driven and their training
requires a significant amount of data to prevent the network

from memorizing the training set. Therefore, the objectives
of this study were to (1) assess the physicochemical properties
of the produced biochar as a function of feedstock type, size

and pyrolysis temperature; (2) assess their adsorption capacity
for MB as an indicator of their activity and finally (3) develop
an ANN model to predict the adsorption capacity of the bio-

char for MB. Up to our knowledge, this is the first study that
has incorporated the biomass type, particle size and the pyrol-
ysis temperature effects on the resultant biochar adsorption
capacity into ANN model.

2. Materials and methods

2.1. Feedstocks collection and preparation

Three different waste biomass materials (feedstocks) were used

to produce biochar in this study: (i) solid olive mill waste,
locally known as Jift, collected from Al-Yarmouk olive mill,
Irbid Jordan (ii) oak acorn shells (oak) collected from Jerash

forests, Jordan and (iii) deseeded carob pods (carob) collected
from Jordan university of science and technology campus, Jor-
dan. The raw materials were first air-dried and then placed in

an oven at 50 �C until constant weight was achieved. After
that, all feedstocks were ground and sieved to the following
classes: 100–300 mm, 300–500 mm, 500–1000 mm and 1000–
2000 mm.

2.2. Biochar preparation

Measured quantities of the feedstocks were placed in crucibles

and were tightly covered with aluminum foil to limit oxygen
supply. The crucibles were heated in an electrical muffle fur-
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nace (N60/H, Hermes Electronic, Germany) from room tem-
perature to the desired temperature (300, 400, 500, and
600 �C). The target temperature was maintained for 1.5 h then

the furnace was allowed to cool down to room temperature
before samples were retrieved. Finally, biochar samples were
stored in airtight containers for further analysis. All experi-

ments were conducted in triplicates. The produced biochars
were labeled according to their pyrolysis temperature and par-
ent biomass particle size as illustrated in Table 1.

2.3. Biochar characterization

2.3.1. Biochar yield, electrical conductivity, pH and pHpzc

Biochar yield was measured as the ratio of mass of biochar
produced after pyrolysis relative to the original mass of feed-
stock. The electrical conductivity (EC) was measured using

1:20 solution of biochar in water [38]. The mixture was stirred
for 20 min. and EC was measured using Orion EC meter
(Thermo scientific, Orion Star A212 Conductivity Benchtop

meter). The pH value of biochar was measured according to
the ASTM D3838-05. Boiling water was added to biochar at
the ratio of 1:10. After stirring and filtration then cooling the

filtrate to room temperature, pH was measured using Orion
pH meter (Thermo scientific, Orion Star A211 pH Benchtop
meter).

The pH value at the point of zero charge of biochar (pHpzc)

was measured using mass titration method [39]. In brief, a ser-
ies of biochar mass was mixed with a 25 mL of 0.03 M KNO3.
The pHpzc is the pH at which a plateau is achieved when plot-

ting biochar mass versus equilibrium pH.

2.3.2. Proximate analysis

Ash content (ASH) of biochar samples was determined

according to the ASTM Standard Method (D 3174) by a sam-
ple mass difference after combusting 1 g of biochar placed in
an open crucible in a muffle furnace (N60/H, Hermes Elec-

tronic, Germany) at 750 �C for 6 h. Similarly, volatile matter
content (VM) was determined according to ASTM Standard
Method (D 1762-84) by a sample mass difference after com-

busting 1 g of biochar sample placed in a closed crucible in
a muffle furnace (N60/H, Hermes Electronic, Germany) at
950 �C for 11 min. to measure mass loss due to volatilization
of volatile components. Fixed carbon content (FC) was calcu-

lated as the difference between 100 and the sum of ASH and
VM contents. Lastly, biochar thermal stability (TS) was cal-
culated as the ratio between fixed carbon and the sum of

FC and VM. Values closer to one indicate more stable bio-
char [40].

2.3.3. Methylene blue adsorption and surface area estimation

The specific surface area of biochar (SSA) was measured using
the methylene blue (MB) method [41]. A stock solution of
2 g L�1 MB was prepared and allowed to stand overnight.

The stock was then used to prepare working dilutions of 1,
2, 3, 4 and 5 mM. Then, 1 g of biochar (crushed to pass
through 0.6 mm sieve) was mixed with 50 mL of MB solution

at different concentrations (1, 2, 3, and 5 mM) under room
temperature condition. After 48 h of settling time to reach
equilibrium, sample was withdrawn and the residual concen-

tration of MB was measured using UV–VIS spectrophotome-
ter (photoLab 7600 UV–VIS, WTW GmbH, Germany) at
al Neural Networks Modelling of methylene blue adsorption of biochar derived
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Table 1 Coded level of treatments used in biochar characterization.

Feedstock Size (mm) Temperature (�C)

300 400 500 600

Jift 100–300 J300-100 J400-100 J500-100 J600-100

300–500 J300-300 J400-300 J500-300 J600-300

500–1000 J300-500 J400-500 J500-500 J600-500

1000–2000 J300-1000 J400-1000 J500-1000 J600-1000

Oak acorns 100–300 O300-100 O400-100 O500-100 O600-100

300–500 O300-300 O400-300 O500-300 O600-300

500–1000 O300-500 O400-500 O500-500 O600-500

1000–2000 O300-1000 O400-1000 O500-1000 O600-1000

Carob pods 100–300 C300-100 C400-100 C500-100 C600-100

300–500 C300-300 C400-300 C500-300 C600-300

500–1000 C300-500 C400-500 C500-500 C600-500

1000–2000 C300-1000 C400-1000 C500-1000 C600-1000
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wavelength of 664 nm. The amount of methylene blue
adsorbed on the biochar (qe) is calculated as

qe ¼
ðCi � CeÞ � V

M

where Ci (mg L�1) is the initial concentration of MB solution
at starting time (t = 0), Ce (mg L�1) is the concentration of

MB solution at equilibrium time, V (L) is the volume of the
solution treated and M (g) is the mass of the biochar. Each
experiment was repeated 3 times.

Finally, specific surface area of biochar was calculated
according to the following equation:

SSA ¼ qMB �NA � AMB

1000

where SSA is the specific surface area, qMB is the amount of
methylene blue adsorbed on the biochar (mmol g�1) obtained
from the mono-layer adsorption isotherm using Langmuir

equation, NA is the avogadro’s number (6.023 � 1023 mol�1)
and AMB is the area covered by one MB molecule (130 Å2).
The Langmuir isotherm equation is presented as follows:

qe ¼
qMB � KL � Ce

ð1þ KL � CeÞ
where qe is the adsorption capacity (mmol.g�1), qMB is the
maximum adsorption capacity (mmol.g�1), KL is Langmuir
constant (L.g�1), Ce is concentration at equilibrium (mmol.

L�1).

2.3.4. Fourier-transform infrared spectroscopy (FTIR)

The biochar was analyzed using FTIR analysis to determine

the surface functional groups. FTIR analysis was carried out
by mixing a small amount of the sample with KBr and then
the sample was scanned using IRAffinity-1S spectrophotome-

ter (Shimadzu, Japan) over a range of 400–4000 cm�1 with a
resolution factor of 4 cm�1.

2.3.5. Artificial Neural Network modelling

Artificial Neural Network models are a group of data-driven
models that are used for prediction of output based on discov-
ering and mapping relations using a set of input independent

variables to target values. Feed forward back propagation
ANN is a classic architecture used for predictive models. The
Please cite this article in press as: A. Albalasmeh et al., Characterization and Artifici
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general architecture of the model is composed of an input
layer, a hidden layer and an output layer. The hidden layer

can have a number of neurons which are governed by an acti-
vation function. The activation function is dependent on a
weighting (w) and a bias (b). The following Fig. 1 represents

a network with 3 input variables, 1 hidden layer with 2 neurons
and an output layer with 2 neurons. In a general form, the sys-
tem can be represented as [42]:

Ykþ1
j ¼ fð

XN

i¼1
Xk

i w
k
ij þ bki Þ

where f is the activation function, N number of inputs of the
neuron and k is the layer (hidden, output).

3. Results and discussion

3.1. Biochar yield

Fig. 2 shows the effect of pyrolysis temperatures and feedstock
types and sizes on biochar yield. All results show a non-linear

decrease for biochar yield with an increase in the pyrolysis tem-
perature (R2 = 0.76) for all feedstocks and different sizes
(Fig. 2a). The maximum and minimum yield of Oak acorn-

biochar was 67% and 27% for O300-300 and O600-500,
respectively (Fig. 2b). Whereas the maximum yield for the bio-
char produced from Jift was 55% for J300-300 and the mini-
mum yield was 28% (Fig. 2c). Similarly, the maximum yield

for the biochar produced from Carob pods was equal for
C300-300 and C300-500 (57%) and the minimum yield was
33% for all treatments (Fig. 2d).

This decrement in yield as the pyrolysis temperature incre-
ment, regardless of feedstock types and sizes, is logical due to
the thermal decomposition of lignin and cellulose, loss of vola-

tile matter and non-condensable gases with increasing the tem-
perature. These results are in agreement with [6,8] who studied
the yield of biochar produced from rapeseed stem in the tem-
perature range (200–700 �C). They attributed this decrease to

the loss of moisture and labile volatile matter. Moreover, Yu
et al. [4] reported a decrease in the yield of biochar produced
from hinoki cypress from 33% to 21% with increasing pyrol-

ysis temperature from 350 to 600 �C, respectively as a result
of decomposition progresses during the pyrolysis process. Sim-
ilar results were obtained using Jift [43,44], date seeds [2] and
al Neural Networks Modelling of methylene blue adsorption of biochar derived
e size, Journal of Saudi Chemical Society (2020), https://doi.org/10.1016/j.
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Fig. 1 General representation of an artificial neural network.

Fig. 2 Effect of pyrolysis temperature and feedstock size on biochar yield of (a) all treatments, (b) Oak acorns, (c) Jift and (d) Carob

pods.
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Table 3 Proximate analysis of biochar produced from Jift of

different sizes at different pyrolysis temperatures.

Treatment Ash (%) VM (%) FC (%) TS

J300-100 8.67 70.60 20.7 0.23

J300-300 6.52 76.60 16.9 0.18

J300-500 7.16 72.40 20.4 0.22

J300-1000 5.54 50.70 43.8 0.46

J400-100 11.42 62.10 26.5 0.30

J400-300 7.72 66.90 25.4 0.28

J400-500 11.31 63.60 25.1 0.28

J400-1000 9.72 41.60 48.7 0.54

J500-100 12.97 54.10 32.9 0.38

J500-300 12.36 55.70 31.9 0.36

J500-500 12.97 50.00 37.0 0.43

J500-1000 11.79 38.20 50.0 0.57

J600-100 14.02 45.90 40.1 0.47

J600-300 13.88 46.30 39.8 0.46

J600-500 13.01 44.00 43.0 0.49

J600-1000 13.98 32.40 53.6 0.62

Table 4 Proximate analysis of biochar produced from Carob

Pods of different sizes at different pyrolysis temperatures.

Treatment Ash (%) VM (%) FC (%) TS

C300-100 5.71 91.22 3.1 0.03

C300-300 6.35 90.34 3.3 0.04

C300-500 5.92 88.03 6.0 0.06

C300-1000 5.86 86.29 7.9 0.08

C400-100 9.34 82.21 8.5 0.09

C400-300 8.98 82.62 8.4 0.09

C400-500 9.12 79.96 10.9 0.12

C400-1000 9.06 79.31 11.6 0.13

C500-100 11.87 79.35 8.8 0.10

C500-300 10.09 76.35 13.6 0.15

C500-500 9.62 77.25 13.1 0.15

C500-1000 9.71 76.60 13.7 0.15

C600-100 16.99 76.92 6.1 0.07

C600-300 10.32 71.09 18.6 0.21

C600-500 11.69 70.69 17.6 0.20

C600-1000 12.59 70.87 16.5 0.19

6 A. Albalasmeh et al.
switchgrass, oak wood and biosolid [15]. Feedstock size
affected the yield only marginally. The greatest effect was
observed in the case of jift for the lower pyrolysis temperatures

(300 and 400 �C). This may be due to the nature of the material
separated in these sizes (100–300 and 1000–2000 mm). Jift is a
complex inhomogeneous waste made up of olive skin, pomace

and stone. Each component has different physical and chemi-
cal properties. Therefore, when subjected to grinding the dif-
ferent components may not reduce to the same size equally

and may segregate when sieved. As a result, it is likely to
obtain a sample with one component being overrepresented,
thus resulting in greater variation in the yield, especially at
lower pyrolysis temperatures. Nevertheless, this variation is

minimized at higher temperatures due to abundance of energy
to decompose the harder cellulosic materials.

3.2. Proximate analysis

Proximate analysis of biochar produced from Oak, Jift and
Carob pods are tabulated in Tables 2–4 respectively. The

results show that as pyrolysis temperature increased, the vola-
tile matter content decreased while the fixed carbon content
and hence the thermal stability of the biochar increased,

regardless of feedstock type and size.
For instance, it was observed that when the pyrolysis tem-

perature increased from 300 to 600 �C, the volatile matter con-
tent decreased from 50% to 11%, ash content increased from

8% to 25%, fixed carbon increased from 42% to 64% and
thermal stability increased from 0.45 to 0.85 for the biochar
produced from oak acorns of 100–300 mm size (Table 2).

Under same pyrolysis temperatures and feedstock size, the
volatile matter content decreased from 71% to 46%, ash con-
tent increased from 9% to 14%, fixed carbon increased from

21% to 40% and thermal stability increased from 0.23 to
0.47 for the biochar produced from Jift of 100–300 mm size
(Table 3).

Moreover, for the biochar produced from carob pods of
100–300 mm size, the volatile matter content decreased from
91% to 77%, ash content increased from 6% to 17%, fixed
carbon increased from 3% to 6% and thermal stability

increased from 0.03 to 0.07 (Table 4).
Table 2 Proximate analysis of biochar produced from Oak of

different sizes at different pyrolysis temperatures.

Treatment Ash (%) VM (%) FC (%) TS

O300-100 8.03 50.44 41.5 0.45

O300-300 11.07 51.15 37.8 0.42

O300-500 8.08 55.12 36.8 0.40

O300-1000 13.06 45.70 41.2 0.47

O400-100 11.37 34.91 53.7 0.61

O400-300 11.76 34.85 47.5 0.58

O400-500 15.55 39.84 44.6 0.53

O400-1000 14.66 43.79 41.6 0.49

O500-100 20.62 22.06 57.3 0.72

O500-300 19.56 26.70 53.7 0.67

O500-500 19.65 32.14 48.2 0.60

O500-1000 24.48 36.16 39.4 0.52

O600-100 24.92 11.24 63.8 0.85

O600-300 21.42 10.61 68.0 0.87

O600-500 25.16 13.62 61.2 0.82

O600-1000 27.98 13.03 59.0 0.82
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Generally, volatile matter content, ash content, fixed car-

bon and thermal stability of the produced biochar ranged from
10–11%, 6–28%, 3–68% and 0.03–0.87, respectively, accord-
ing to the pyrolysis temperature, feedstock types and sizes.

Given the same pyrolysis temperature, the ash content,
VM, FC and TS of the biochar varied with feedstock size.
For example, the FC showed a decreasing trend with feedstock
size in case of oak, and for the case of the lower temperatures

for carob. On the other hand, there seem to be no significant
difference in the case of jift with the exception of the 1000–2
000 mm. This is probably due to the type of material retained

in this particle size range, which is likely to be the harder com-
ponent of the jift (olive seed and pomace).

The trend in the results mentioned above is in agreement

with many researchers who concluded that increasing pyrolysis
temperature led to a decrease in volatile matter content and
increase in ash content and fixed carbon [4,8,25,45]. The decre-

ment in volatile matter content that accompanies the increase
in the pyrolysis temperature could be due to the destruction of
al Neural Networks Modelling of methylene blue adsorption of biochar derived
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Table 6 Effect of pyrolysis temperature and feedstock size on

physiochemical characteristics of biochar produced from jift.

Treatment EC (mS/cm) pH pHpzc SSA (m2/g)

J300-100 959 8.3 9.5 166.6

J300-300 821 8.0 9.6 157.8

J300-500 637 8.6 9.7 143.8

J300-1000 261 7.4 9.0 112.7

J400-100 3620 9.2 8.7 171.6

J400-300 853 9.0 9.5 165.2

J400-500 691 8.6 9.3 160.9

J400-1000 1227 8.9 8.9 135.5

J500-100 4300 9.4 8.5 186.2

J500-300 3180 9.4 9.2 177.1

J500-500 3020 9.3 9.1 171.8

J500-1000 2019 8.9 8.5 168.5

J600-100 5700 9.4 8.0 187.3

J600-300 5630 9.7 8.4 186.8

J600-500 4460 9.5 8.6 176.9

J600-1000 3110 9.3 8.5 173.6

Table 7 Effect of pyrolysis temperature and feedstock size on

physiochemical characteristics of biochar produced from jift.

Treatment EC (mS/cm) pH pHpzc SSA (m2/g)

C300-100 1481 6.9 8.5 162.3

C300-300 1620 6.6 8.6 157.2

C300-500 1414 6.8 8.5 151.0

C300-1000 1001 6.8 11.3 144.0

C400-100 2410 8.5 8.4 173.3

C400-300 2420 9.0 8.6 165.6

C400-500 3970 8.8 8.1 155.4

C400-1000 2570 9.0 10.1 152.3

C500-100 3470 9.2 8.1 181.5

C500-300 3770 9.0 8.2 173.8

C500-500 4130 9.3 8.0 157.9

C500-1000 3480 9.1 9.8 157.3

C600-100 5580 9.3 7.9 191.5

C600-300 4680 9.5 8.0 180.4

C600-500 5250 9.3 7.8 176.3
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cellulose and hemicellulose moieties [46]. Ash content repre-
sents the inorganic fraction that cannot be volatilized or
degraded by combustion and determines the biochar quality

in a reverse relationship where the lower ash% the better the
biochar quality [43]. Moreover, the high fixed carbon content
and thermal stability after pyrolysis at higher pyrolysis temper-

ature indicates a formation of thermally stable components
that consists mainly of carbon [8], longer residence time in soil
and more recalcitrant in the environment [3] demonstrating the

role of biochar in C sequestration.
Of the three feedstock studied, oak acorn has the best

potential for carbon sequestration in soil as it has the highest
FC and TS (Table 2), followed by jift (Table 3) while carob

is the least favorable (Table 4). Considering the ash content,
carob-derived biochar has the lowest ash content making them
the most suitable for agricultural applications.

3.3. Physiochemical characteristics of biochar

The effects of feedstock type, size and pyrolysis temperature

on EC, pH, pHpzc and SSA of biochar are presented in Tables
5–7. Electrical conductivity (EC), pH and SSA increased with
increasing pyrolysis temperature for all combinations. The

pHpzc slightly decreased as the pyrolysis temperature
increased. The particle size has marginal impact on the physio-
chemical characteristics of the biochar with its impact was
most notable on the SSA, which decreased with the feedstock

particle size.
Table 5 shows the effect of pyrolysis temperature and feed-

stock size on the EC, pH, pHpzc and SSA of the produced bio-

char from oak acorns. Generally, pH increased with increasing
pyrolysis temperature for all biochar sizes. The highest pH
value was 9.1 for biochar size 1000–2000 mm produced at

600 �C (O600-1000) whereas the lowest pH value was 5.7 for
biochar size 1000–2000 mm produced at 300 �C (O300-1000).
Moreover, there was no relationship between the pH and feed-

stock size. pHpzc decreased with increasing pyrolysis tempera-
ture for all biochar sizes. The highest pHpzc value was 8.9 for
biochar size 1000–2000 mm produced at 300 �C (O300-1000)
Table 5 Effect of pyrolysis temperature and feedstock size on

physiochemical characteristics of biochar produced from oak

acorns.

Treatment EC (mS/cm) pH pHpzc SSA (m2/g)

O300-100 600 6.3 8.3 177.2

O300-300 373 6.0 8.7 175.4

O300-500 133 6.4 8.2 149.0

O300-1000 94 5.7 8.9 134.7

O400-100 1058 7.8 8.1 186.2

O400-300 572 8.5 8.4 182.3

O400-500 338 8.3 7.9 175.8

O400-1000 384 8.3 8.5 148.8

O500-100 1208 8.6 8.0 192.6

O500-300 637 8.5 8.4 189.8

O500-500 417 8.4 7.7 183.4

O500-1000 539 8.2 8.3 174.9

O600-100 1460 8.9 8.0 194.5

O600-300 1652 9.0 8.2 192.2

O600-500 1415 9.0 7.3 189.2

O600-1000 1474 9.1 8.1 179.8

C600-1000 4760 9.6 9.6 168.5
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whereas the lowest pHpzc value was 7.3 for biochar size 500–
1000 mm produced at 600 �C (O600-500). Moreover, there

was no relationship between the pHpzc and feedstock size.
SSA increased with increasing pyrolysis temperature for all
biochar sizes. The highest SSA value was 194.5 m2/g for bio-

char size 100–300 mm produced at 600 �C (O600-100) whereas
the lowest SSA value was 134.7 m2/g for biochar size 1000–
2000 mm produced at 300 �C (O300-1000). Moreover, there

was a decrease in SSA with increasing the biochar size at the
same pyrolysis temperature. EC increased with increasing
pyrolysis temperature for all biochar sizes. The highest EC
value was 1652 mS/cm for biochar size 300–500 mm produced

at 600 �C (O600-300) whereas the lowest EC value was 94
mS/cm for biochar size 1000–2000 mm produced at 300 �C
(O300-1000). Moreover, there was no relationship between

the EC and feedstock size. The EC correlates well with the
ash content of the biochar.

Table 6 shows the effect of pyrolysis temperature and feed-

stock size on the pH, pHpzc, SSA and EC of the produced bio-
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char from jift. Generally, pH increased with increasing pyrol-
ysis temperature for all biochar sizes. The highest pH value
was 9.7 for biochar size 300–500 mm produced at 600 �C
(J600-300) whereas the lowest pH value was 7.4 for biochar
size 1000–2000 mm produced at 300 �C (J300-1000). Moreover,
there was no relationship between the pH and feedstock size.

pHpzc decreased with increasing pyrolysis temperature for all
biochar sizes. The highest pHpzc value was 9.7 for biochar size
500–1000 mm produced at 300 �C (J300-500) whereas the low-

est pHpzc value was 8 for biochar size 100–300 mm produced at
600 �C (J600-100). Moreover, there was no relationship
between the pHpzc and feedstock size. SSA increased with
increasing pyrolysis temperature for all biochar sizes. The

highest SSA value was 187.3 m2/g for biochar size 100–
300 mm produced at 600 �C (J600-100) whereas the lowest
SSA value was 112.7 m2/g for biochar size 1000–2000 mm pro-

duced at 300 �C (J300-1000). Moreover, there was a decrease
in SSA with increasing the biochar size at the same pyrolysis
temperature. EC increased with increasing pyrolysis

temperature for all biochar sizes. The highest EC value was
5700 mS/cm for biochar size 100–300 mm produced at 600 �C
(J600-100) whereas the lowest EC value was 261 mS/cm for

biochar size 1000–2000 mm produced at 300 �C (J300-1000).
The table shows an inverse relation between feedstock size
and EC, nevertheless, feedstock size is a surrogate parameter
and the actual relationship is between the EC and the ash

content rather than feedstock size.
Table 7 shows the effect of pyrolysis temperature and feed-

stock size on the pH, pHpzc, SSA and EC of the produced bio-

char from carob pods. Generally, pH increased with increasing
pyrolysis temperature for all biochar sizes. The highest pH
value was 9.6 for biochar size 1000–2000 mm produced at

600 �C (C600-1000) whereas the lowest pH value was 6.6 for
biochar size 300–500 mm produced at 300 �C (C300-300).
Moreover, there was no relationship between the pH and feed-

stock size. pHpzc decreased with increasing pyrolysis tempera-
ture for all biochar sizes. The highest pHpzc value was 11.3 for
biochar size 1000–2000 mm produced at 300 �C (C300-1000)
whereas the lowest pHpzc value was 7.8 for biochar size 500–

1000 mm produced at 600 �C (C600-500). Moreover, there
was no relationship between the pHpzc and feedstock size.
SSA increased with increasing pyrolysis temperature for all

biochar sizes. The highest SSA value was 191.5 m2/g for bio-
char size 100–300 mm produced at 600 �C (C600-100) whereas
the lowest SSA value was 144.0 m2/g for biochar size 1000–

2000 mm produced at 300 �C (C300-1000). Moreover, there
was a decrease in SSA with increasing the biochar size at the
same pyrolysis temperature. EC increased with increasing
pyrolysis temperature for all biochar sizes. The highest EC

value was 5580 mS/cm for biochar size 100–300 mm produced
at 600 �C (C600-100) whereas the lowest EC value was 1001
mS/cm for biochar size 1000–2000 mm produced at 300 �C
(C300-1000).

The pH results of this study came in line with the published
results in the literature where a positive correlation between

pH and pyrolysis temperature exists. The pH values of the bio-
char tend to be high and alkaline. The positive correlation
between alkalinity and pyrolysis temperature is explained by

three reasons: (1) the alkali salts exists in the ash, which
increase pyrolysis temperature increases (Tables 2–4); (2) the
high densities of acidic functional groups on the surface of
the produced biochar at lower pyrolysis temperatures and (3)
Please cite this article in press as: A. Albalasmeh et al., Characterization and Artifici
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the increase of inorganic carbonates with increasing pyrolysis
temperatures [6,21,45–47].

There is a crucial role for pHpzc in selecting the optimal pH

value for adsorption studies and explaining the mechanisms of
adsorption [45]. The pHpzc values were approximately 8.2, 8.9
and 8.7 for biochar produced from oak acorns, jift and carob

pods, respectively. Therefore, pH values of a solution should
be maintained above the value of pHpzc (pHsolution > pHpzc)
to ensure a negatively charged surface of biochar which makes

it favorable to adsorb cations such as heavy metals and catio-
nic dyes due to the ionization or dissociation of acidic oxygen
surface groups. When pHsolution < pHpzc, the biochar surface
is a positively charged due to the protonation of the acidic

groups which makes it favorable to adsorb anions such as
PO4

�3 [45,48].
Overall, it was observed that the SSA was positively corre-

lated with the pyrolysis temperature and negatively correlated
with particle size. For example, the SSA of the biochar pro-
duced from oak acorn at 300 �C and particle size 100–

300 lm is 177.2 m2/g which is 91% of that produced from
the same biomass but at 600 �C. With regard to particle size,
the SSA of the same biochar is around 132% of that produced

from the same biomass but larger particle size (1000–2000 lm).
However, the gap between the SSA of the smaller size biomass
derived biochar and that produced from larger particle sizes,
narrows as the pyrolysis temperature increases.

ANOVA analysis suggested that the effect of particle size
and pyrolysis temperature on the characteristics of the biochar
varied according to the treated biomass. For example, in the

case of oak acorn and carob pods derived biochar, particle size
had a significant (a < 0.05) effect on the pHpzc while pyrolysis
temperature affected the SSA. On the other hand, there were

no significant differences observed in the pHpzc and SSA
among biochar produced from different particle sizes but dif-
ferences were observed among biochar produced at different

pyrolysis temperatures.
Specific surface area results of this study confirmed the lit-

erature results of the positive correlation between specific sur-
face area and pyrolysis temperature [2,3,6,8,44]. For example,

SSA range from 16.2 to 397.4 m2/g for the biochar produced at
350 and 750 �C, respectively [3]. Similarly, SSA increased from
11.9 to 545.4 m2/g after increasing pyrolysis temperature from

400 to 800 �C [29]. This increase in SSA could be explained by
pores creation through the volatilization of compounds as
illustrated in Tables 2–4 [6,49].

The increment in the EC values with increasing pyrolysis
temperatures is well documented in the literature
[3,23,25,43,44,50]. For example, EC value increased from
1280, 2710, 2990 to 4390 mS/cm after increasing the pyrolysis

temperature from 350, 350, 550 to 630 �C, respectively [44].
This increase is the result of increasing salts existing in the
ash fraction, which increase with increasing the pyrolysis tem-

perature (Table 2–4) [23,45,46]. Variations of the electrical
conductivity between the different feedstocks could be
explained by the nutrient content of each feedstock.
3.4. FTIR analysis

The FTIR analysis of biochar produced from the different

feedstocks at 300 and 600 �C of 100–300 and 1000–2000 mm
are presented in Table 8. FTIR analysis was carried out to
al Neural Networks Modelling of methylene blue adsorption of biochar derived
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Table 8 FTIR peaks observed for selected biochar samples.
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characterize the surface organic functional groups present on
the produced biochar. All chars were rich with surface func-

tional groups including hydroxyl and carbonyl groups, which
can provide active adsorption sites. Hydroxyl groups were
easily identifiable in all chars prepared at 300 �C but absent

from those prepared at 600 �C, which is likely due to better
carbonization.

Although some minor variations in the type of functional

groups present, the particle size seems to have very little effect.
Nevertheless, some notable variations can be observed
between O600-1000 and O600-100. The O600-1000 displayed
a wider variety of surface functional groups than the O600-

100, this could be due to heat transfer variation which may
have led to variation in the carbonization degree along the
diameter of the oak particle. The layers closer to the surface

were more exposed to the heat and therefore had better car-
bonization, this layer could form a natural insulation which
could affect the diffusion of the heat to the inner surfaces

and in turn those would experience lower carbonization
degree. Subsequently, different functional groups could form
depending on the carbonization degree. This is also observed,
although to a lesser degree, in the case of the Carob prepared

at 600 �C and the Jift. Pyrolysis temperature has a prominent
effect on the surface functional groups with pronounced differ-
ences between chars prepared at 300 �C and those prepared at

600 �C. The most notable difference is the disappearance of the
band corresponding to the hydroxyl group from all chars pre-
pared at 600 �C. Also, variations are observed in the carbonyl

functional groups with bands corresponding to esters, ketones
and aldehydes disappearing from the oak and jift chars pre-
pared at 600 �C.

3.5. Artificial neural network modeling

In this study, the aim of the model was to predict the adsorp-
tion capacity of biochar given its parent biomass type, particle

size, the pyrolysis temperature it was prepared at and the ini-
tial concentration of adsorbate. For this purpose, MatlabTM

nftool was used to build the model. However, two input vari-

ables (biomass type and particle size range) were not of
rational data type. MatlabTM nftool only accepts numerical val-
ues, therefore it was necessary to convert these values into a

data type acceptable by the tool. The biomass type is categor-
ical data and it would not make sense to convert it to a number
(say integer) as this may introduce bias due to magnitude.

Thus, a coding system that will not introduce bias into the
Please cite this article in press as: A. Albalasmeh et al., Characterization and Artifici
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model was adopted. Each biomass type was represented by a
1 � 3 vector of zeros and ones as follows: Carob = [0 0 1];

Jift = [0 1 0] and Oak = [1 0 0]. The particle size data, on
the other hand, may be seen as ordinal; however, due to the
significant differences in the ranges, using the mean or other

concentric value may not be representative and may introduce
bias, so they too were represented as 1 � 4 vectors of zeros and
ones. The 100–300 range was represented as [0 0 0 1], the 300–

500 range as [0 0 1 0], the 500–1000 range as [0 1 0 0] and the
1000–2000 range as [1 0 0 0]. At the end, the input matrix had 9
columns representing the four independent variables.

The target values were collected by conducting batch

adsorption studies for each biochar using methylene blue con-
centrations ranging from 1 to 5 mM at neutral pH ~ 6.5 as
described earlier. In total, 720 data sets were collected repre-

senting (3 biomass types � 4 particle sizes � 4 pyrolysis
temperatures � 5 concentrations � 3 triplicates for each bio-
char). So, the input matrix size was 720 � 9 and the target

matrix contained the corresponding qe values, a vector of
720 � 1. The data was randomly divided into 3 sets; 70%
for training the network, 15% for validation and 15% for
testing.

To optimize the performance of the network, the number of
neurons in the hidden layer must be determined. It is impor-
tant to keep the number of neurons to the minimum to avoid

overtraining. In our case we tested 1, 3, 5 and 7 neurons. The
performance of the network was measured using the coefficient
of correlation (R) and the mean squared error (MSE), coeffi-

cient of determination (R2) and root mean squared error
(RMSE).

R ¼ n
P

xy�P
x
P

yffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
n
P

x2 �P
x2ð ÞðnP y2 � P

yð Þ2Þ
q

MSE ¼ 1

n

X
ðxp � xoÞ2

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffi
MSE

p

where x; y are the average values of x and y; respectively;

xp and xo are the predicted and observed value; respectively;

n is the number of observations:

The network was trained using the Levenberg-Marquardt
back propagation algorithm (Fig. 3). The Transfer functions
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Fig. 3 Model training, validation and test results.

Fig. 4 MatlabTM representation of the neural network model.
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used were the Sigmoid Symmetric (tansig) for the hidden layer
and purelin for the output layer. The best performance for the

training was achieved with 5 neurons in the hidden
(R = 0.9937 and MSE = 5.27 � 10�5) which means that
the model is able to explain 98.7% of the variability of the

adsorption capacity (R2 = 0.987) with high precision
(RMSE = 0.007 mmol/g). The MatlabTM typology of the
model is shown in Fig. 4.

The developed model was successful in predicting the

adsorption capacity of the biochar, as shown in Fig. 5. The
output of the model strongly correlates to the observed values
(R = 0.993, MSE = 5.34 � 10�5).
Fig. 5 Model performance using the entire set.
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To see how the model will predict specific sets, it was tested
on selected biochars. For example, the Fig. 6 shows how well

does the model predict the adsorption capacity of biochars
prepared from the Carob parent biomass at 300 �C of particle
size in the range 100–300 mm and MB concentrations between

1 and 5 mM (R= 0.974, MSE= 2.41 � 10�4). The model was
also tested for its predictability of the biochar derived from
Jift, with particle size between 300 and 500 lm, prepared at
pyrolysis temperature 400 �C and MB concentration 1 mmol.

The average adsorption capacity obtained from the experi-
ments was 0.0473 mmol.g�1 with standard deviation
9.1 � 10�4. The model slightly underestimated the capacity
Fig. 6 Models prediction for adsorption capacity of Carob

derived biochar with particle size range 100–300 lm, pyrolysis

temperature 300 �C and MB concentrations between 1 and 5 mM.
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at 0.045 mmol.g�1 which represents an absolute relative
error < 5%.

To further demonstrate the usefulness of the model, it was

used to estimate the adsorption capacity of oak-derived bio-
char with particle size 500–1000 lm prepared at 450 �C and
MB concentration 5 mM. The model predicted the adsorption

capacity to be 0.227 mmol.g�1. This is a very reasonable pre-
diction, given that the observed mean adsorption capacities
for this biochar at 400 and 500 �C are 0.225 and

0.227 mmol.g�1, respectively. The model can also be used to
predict the adsorption capacities of any combinations of bio-
mass, particles sizes and MB concentrations. For example,
the model predicts that a biochar with particle size range

300–1000 mm, prepared at 650 �C and derived from oak acorn
and carob will have adsorption capacity of 0.388 mmol.g�1

when used to treat water contaminated with MB with a

concentration = 3.1 mmol.L�1. Hence, the model may be used
to design specific biochars and predict their performance
before actual synthesis.

4. Conclusions

The properties of biochar produced from different feedstocks

types and sizes under slow pyrolysis conditions of different
temperatures were investigated. Pyrolysis temperature affected
the biochar characteristics. The activity of the biochar was

tested by its methylene blue adsorption capacity. Methylene
blue adsorption is a good indicator of the biochar quality.
An artificial neural network model was developed to predict
the methylene blue adsorption capacity of the biochar based

on the parent biomass type and particle size, pyrolysis temper-
ature and initial methylene blue concentration. The model is
useful to forecast the quality of biochar and design the biochar

to meet the specific targeted concentration of the pollutant. It
can reduce the laborious work of biochar production and
adsorption experiments. However, the model is limited by

the types of biomass. Nevertheless, the model can be easily
retrained to accommodate new biomass types. It is suggested
that more biomass types are added in the future. It is further

suggested to extend the model to include other pollutants.
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