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varied between 25-40, 20-50 and 20-50 respectively. The boards were tested for physical
properties such as water absorption (WA), thickness swelling (TS), density and mechanical
properties such as modulus of rupture (MOR) and modulus of elasticity (MOE). The
networks was trained and tested by Multilayer Normal Feed Forward Perceptron (MNFFP),
with a quick propagation learning algorithm. The performance of the ANN network shows
it has a high potential for predicting the properties of cement bonded particle board.
© 2018 The Authors. Published by Elsevier Ltd. 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 high and rapid demand for forest products as a result of the ever-increasing industrialization and urbanization
requires huge amounts of natural resources. This is considered as a major contributing factor to the high deforestation rate
worldwide [1]. Deforestation has serious environmental impact and as well contributes to global warming of the earth. One
of the ways that has been embraced to control the negative environmental impact of deforestation and bring about
sustainability environmentally in the construction is by inculcating wastes in panel based products; this is also an alternative
solution for preventing the excessive usage of raw materials [2]. The wide availability of agricultural wastes makes them a
suitable and dependable alternative to use, wherever they are abundantly available. The enormous quantities of industrial
and agricultural residues and waste are cheaper and abundant; their usages have been reported by different researchers
[3-7]. Huge quantities of agricultural residues and wastes are produced annually and are vastly under-utilized in Nigeria [8].
The advantage of incorporating agricultural wastes in the production of panel based product will provide better handling and

Abbreviations: PKS, palm kernel shell; ANN, artificial neural network; WA, water absorption; TS, thickness swelling; MOR, modulus of rupture; MOE,
modulus of elasticity; MNFFP, multilayer normal feed forward perceptron.
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management of waste generated. This will eliminate the common practice of agricultural waste being burnt in open fields or
allowed to decompose. In recent times the possibility of utilizing non-wood ligno-cellulosic biomass in the production of
composites including particleboard has arose the interest of researchers [2,9]. Several studies have revealed that processing
of particleboard and cement bonded board can be achieved with various agricultural wastes and residues they include,
cotton stalks [10], rice husk [11], hazelnut husk [12], kenaf stalks [13], almond shells [14], kenaf core [15], corncob [16]
sunflower stalks [17], eggplant stalks [9], waste grass clippings [18] and bagasse [19].

In recent times, particleboard comes with different properties like maximum design flexibility for easy production lines,
reliable quality, dimension variety, easy-to-use physical characteristics [20]. It can be used for a varieties of purpose such as
office and residential furniture, soundproof, home decking, ceiling, roofing, and shuttering, cabinets, partitioning, cladding
stair treads, underlaying floor, table, shelving, store fixtures, wall bracing, ceiling boarding, constructions in the home, sliding
doors, kitchen shelves, interior signs, exam pad, photo lamination, low cost cabins peaker box, bulletin boards, packing
boxes, thermal insulation and other industrial product. There are many factors affecting the characteristics of the
particleboards and the most prominent among them are species of wood, fibre structure, density, hardness, compressibility,
type and size of particles and technique of particle drying [3]. Other factors include particle screening and separation,
particle size distribution, type and amount of binding agents, method of mat formation, structure of particleboard,
moistening of particles prior to pressing, final moisture content of board, conditioning, curing conditions, thickness of board
[21].In 1993, the estimated quantity of sawn wood and wood based panel products consumed in Nigeria is 2.866 and 0.121
million m3 respectively. This estimated quantity is expected to increase to 4.704 and 0.688 million m3 by the year 2010 [22].
The oil palm industry is one of the most important agro-industries in countries, such as Malaysia, Indonesia, Thailand and
Nigeria. Nigeria is the fourth largest producer of palm oil in the world and one of the major problems associate with the
processing of palm fruit is the large amount of solid waste generated in the process. These solid wastes include oil palm
bunches, palm fibre and palm kernel shells [22].

To date, there are two categories about the prediction of concrete compressive strength. The first category is traditional
mathematics statistical forecasting methods which needs a huge amount of data and the second category, nonlinear prediction
methods, lacks a unified mathematical theory. More attentions have been paid to models based on artificial intelligence.
Machine learning techniques, such as artificial neural network (ANN) is increasingly used to simulate the strength of concrete
materials and has become animportant research area. Artificial Neural Network (ANN) is a computational method with a highly
organized network structure that can be used to understand complex system. It is stirred by studying the brain and nervous
system in biological organisms [23-25]. The network has the ability to learn from examples through iteration, without requiring
a prior knowledge of relationships between variables under investigation. Each example contains the experimentally obtained
inputs and response. ANN tries each example in turn using the inputs to calculate answers which it compares to experimentally
obtained response. If it is wrong, ANN corrects the network by making changes in the internal connections (weights). The trial
and error process continues until the network outputs are in good agreement with patterns to a certain specified level of
accuracy [26-29]. Muthupriya et al. [30] explored a multilayered feed forward neural network of ANN in predicting the
compressive strength and durability of concrete. The ANN was able to predict these properties with good level of accuracy [30].
This study focuses on reducing the excessive demand for timber product by providing an alternative material for producing
particle board. The particleboards produced were investigated for physical and mechanical properties namely thickness
swelling, water absorption, density, modulus of elasticity and modulus of rupture.

2. Experimental section

Cement, Calcium chloride, Red iron wood sawdust and Palm kernel shell (PKS) used in the study were locally sourced. The
cement type was Grade 42.5, ordinary Portland cement produced by Dangote group of companies.

The chemical additive used was CaCl, with dosage administered 3.0% by weight of the cement. The PKS was properly
cleaned to ensure the removal of all foreign materials before drying. Hammer mill was later used to grind the PKS to different
particle sizes before carrying out hot water pre-treatment at a constant temperature of 80°C for one hour. This was to ensure
further breakdown of inhibitory sugar compounds capable of hindering cement hydration [31]. After one hour the water was
drained off and the same treatment was carried out on saw dust. The same process was repeated for both samples using cold
water for another one hour. The pretreated PKS and saw dust were then dried separately under the sun to a moisture content
of about 12% before board formation. The particles of sawdust and PKS retained on sieve of aperture size 0.600mm were used
for the production of the cement-bonded board. In previous researches, it has been established that increase in cement/
wood ratios will have an adverse effect on bending stiffness (MOE) and strength (MOR) of the board [2], this work looks into
cement quantity being less in three different cement/waste ratios of 1:1.5,1:2 and 1:3. Nine (9) different board compositions
were produced; the compositions for the boards which are presented in Table 1 were used to observe the relationship
between the composite materials and the board strength.

2.1. Mat formation and processing
The wooden mould has a dimension of 350 mm x 350mm x 32 mm and a cover of 20mm. The cover was made to fit properly

into the mould and as well ensure final thickness of 12mm for boards produced. Boards produced were covered with
polythene sheets for easy removal of boards from mould. The required amount of additive (calcium chloride (CaCl,)) for each
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Table 1

Experimental Design.
Specimen % Composition of Cement % Composition of Sawdust % Composition of Palm Kernel Shell
A 40 40 20
B 40 30 30
C 40 20 40
D 333 333 333
E 333 222 445
F 333 44.5 222
G 25 25 50
H 25 50 25
[ 25 375 375

cement-bonded board was dissolved completely in the required quantity of water as presented in Eq. (1). The dry mix of the
sawdust, palm kernel and cement was evenly mixed before the water solution was added to it (Fig. 1).

Volume of water (litres) = 0.35C + (0.30 — M)W (1)

Where C = Weight of Cement (kg), M = Sawdust Moisture content (oven — dry basis) and W = Sawdust weight (oven — dry).

Awooden caul plate was used to pre-press the formed mat inside the mould to reduce the thickness before loading to the
cold press. Polythene sheet was used to cover the top of the mould with the mixture before placing the metal plate; this was
transferred to the hydraulic press and allows for cold pressing under a pressing pressure of about 1.23N/mm? for a period of
24 h. After pressing, the demoulded boards were cured for another 28 days in polythene bags; the bags were sealed tightly to
prevent loss of water. The test specimens were cut on a circular saw and trimming of the edges was done to ensure smooth
board testing. The board was further cut into various test specimen sizes and subjected to tests in accordance with the
procedures stipulated in ASTM D 1037-93 [32]. The percentage of water absorption (WA), thickness swelling (TS) and board
density were determined manually while the modulus of elasticity (MOE) modulus of rupture (MOR) and of the boards was
determined using the Testometric Tensile testing Machine (M500-50AT)

2.2. Experimental procedure

o Water Absorption Test
The test specimens with dimension 50mm x 50mm x 12mm were immersed in water (at room temperature) for
moisture uptake for 2 h and 24 h. Water absorbed was determined as the percentage increase in weight of the particleboard
over the original or initial weight as given by Eq. (2).

W2 - W1
—Syp— * 100 )

Where: WA = water absorption (%), W1 = initial weight, W, = final weight
e Thickness Swelling Test

WA =

Fig. 1. (a) Sawdust particles (b) Palm Kernel Shell particles.
[24].
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The Thickness swelling of boards after immersion in water for 2 h and 24 h at room temperature was measured using a veneer
caliper. Thickness swelling was determined as the percentage change in length (increase) over the initial thickness using Eq. (3).
T2 -T1

TS = TETES 100 (3)

Where: TS = thickness swelling (%); T2 = final thickness; T1 = initial thickness
o Density Test

The cement-bonded boards were cut into 50 mm x 50 mm to determine the density property of each board type. Density
test was carried out on the cement bonded board to determine the density for each board type as given by Eq. (4) [33].

m

3= o (4)
Where: & = density of the sample test piece, m = mass of each sample test piece (Kg), v = volume of the sample test
piece (m3)

e Modulus of Rupture (MOR)
Test specimens with dimension 290 mm x 50mm x 12 mm were subjected to a load on the universal testing machine.
The specimens were gradually and continuously loaded to the point of failure and the failure load was recorded for each
specimen. The Modulus of Rupture (MOR) of the test specimens was obtained using Eq. (5) [34];
3pL
MOR = —/— 5
2bd? ®)
Where:

MOR = Modulus of Rupture; p = Failing load; L = Span between centers of support (mm) = 20 x d; b = Width of test
specimen (mm); d = mean thickness of the specimen (mm).

e Modulus of Elasticity (MOE)
The panel’s stiffness known as the Modulus of Elasticity (MOE) as given by Eq. (6), was determined from the bending test
performed on each specimen [34];

3

MoE = P& (6)
4bd’H

Where; MOE = Modulus of elasticity of panel stiffness, p; = Load at proportional limit, L = Span between center of

support (mm) = 20d, b = Width of test specimen (mm), d = Mean thickness of the specimen (mm); H = Incrementin
deflection (mm)

2.3. ANN analysis

The most common type of ANN known as the Multilayer Normal Feed Forward Perceptron (MNFFP), which is a back
propagation feed forward network available in CPC- X neural power software was used in this study. MNFFP network basically
consists of three layers namely input, hidden and output layers. For this type of ANN, information will move in only one direction,
forward from the input layer, through the hidden layer and to the output layer. The number of neurons in the input layer was
determined by the number of independent variables and the number of neurons in the output layer corresponds to the number
of dependent variables. The independent variables are the percentage composition of cement, sawdust and PKS the output
variable are the water absorption (WA) for 2 and 24 h, thickness swelling (TS) for 2 and 24 h, density, modulus of elasticity (MOE)
and modulus of rupture (MOR). The topology of the neural network to be used is presented in Fig. 2. The aim of every training
algorithm is to decrease this global error by adjusting the weights and biases. The performance of the network was measured by
the correlation coefficient (R) and coefficient of determination (R?) using Eqgs. (7a) and (7b).

(7a)

>
R=1--1 (7b)
2
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Inputs E Cutputs

Fig. 2. The neural network topology.

Where Yiis the predicted value, Oi is the observed value, and n is the number of data set and o,,, is the average of the observed
value [28,35].

The quick propagation (QP) a form of back propagation algorithm was utilized in the study. Although the
decision on the number of hidden layers may not be easy to decide, however according to Hush and Horne [36] most
often times, not more than one hidden layer is used in a network [36]. The study utilized one hidden layer for the ANN
analysis since there was no significant improvement in the generalization capacity of the ANN when the number of
hidden layer was increased. In this a single hidden layer comprising of seven (7) nodes was selected for training.
The selection of the number of nodes in the hidden layer is a try and error process and the study started training with
five nodes and then gradually increased gradually to until a minimum RMSE is observed by the network for the test
data set. A further increase in the node will lead to over fitting which reduces the generalization capacity of the
network.

The ANN had three input nodes, a single hidden layer of seven nodes, three input nodes and seven output nodes (which
can be designated as a 3:7:7 network) is presented in Fig. 2. The transfer function for the hidden and output layer was
hyperbolic tangent (Tanh). This transfer function computes its output to the subsequent layer using Eq. (8). In Eq. (8), &( k)
denotes the transfer function and Alpha («) is called slope of transfer function Alpha («) is a factor related to the shape of the
hyperbolic tangent (Tanh) [37].

1 exp(—au)

gt(ll/’() = 1 +€Xp(*Oll/Lk)

8)

In addition to the selected transfer function two other parameters are required training the network. These
parameters are the learning rate and momentum coefficient. The learning rate is an adjustable factor required to control
the speed of the learning process. The momentum coefficient is updates the weight in order to avoid local minima and
as well reduce oscillation of weight changes. In the case of QP back propagation algorithm the default learning rate is 0.8
while the momentum coefficient is not employed because the learning process for QP is heuristic in nature [38]. In
evaluating the ANN, the data splitting of data into the training and testing subset was done. The following specimen
numbers and their corresponding output were used for training (A, C, D, E, Fand G) while B, H and | were used as testing
data set. The network was trained using the training set. The level of generalization as well as monitoring of
overtraining for the training set was kept in check by the test set. The epoch attained at the end of the training was 172
at time elapsed of 15s.

3. Results and discussion
3.1. ANN analysis for the relative importance of input factors
The amount of contribution made by each of the independent variable (input) to the process is presented in Fig. 3. From

Fig. 3 it could be observed that the change in % of sawdust has the most significant contribution to change in output followed
by cement and lastly PKS.
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% Sawdust

% Cement

% Palm kernel shell

Importance (5)

Fig. 3. Importance of effective parameters in the production of particle board.

3.2. ANN predicted values

The comparison of predicted and experimental values in training and testing sets, revealed the generalization
capability of ANN in data prediction as presented in Table 2. This implies that the empirical model derived from ANN can
be used to describe the relationship between the independent variables and all properties investigated. The correlation
coefficient (R) and the coefficient of determination (R?) were the statistical parameters used for measuring used the
check the model performance of the model obtained. The correlation coefficient and coefficient of determination for 2 h
WA, 24h WA, 2h TS, 24h TS, density, MOR and MOE 0.87 and 0.76, 0.94 and 0.89, 0.86 and 0.73, 0.86 and 0.75, 0.82 and
0.67, 0.57 and 0.33 and 0.91 and 0.82 respectively. All experimental data presented in Table 2 is an average of four
specimens.

The relationship between the predicted and observed values for all properties of the particle board investigated is further
illustrated in Fig. 4(a-g). Fig. 4 presents the result of the regression analysis preformed on the data. From Fig. 4 a good
relationship was observed between the predicted and the observed values given by the values of correlation coefficient
obtained. For the coefficient of determination it could be observed only MOR had a coefficient of determination less than 0.5,
however MOR had an absolute fraction of variance (AFV) value of 0.889 as presented in Fig. 4f and obtained through Eq. (9).
According to Uygur et al. [47] values of AFV close to one imply better predicting ability of the model. The AFV value obtained
for MOR shows a good level of prediction accuracy. The bias for MOR predicted by ANN was further evaluated by the mean
prediction error (MPE) of the test data set given by Eq. (10). The value of MPE obtained for MOR was 1.12. The low value of
MPE obtained for MOR has demonstrated that the error in predicting MOR is minimal and therefore prediction by ANN for

Table 2
Independent Variables and their corresponding experimental and predicted values.

Specimen  Obs. WA Pred. Obs. WA Pred. WA Obs. TS Pred. TS Obs.TS Pred.TS Obs. Pred. Obs. Pred. Obs. Pred.

for WA for for for for for for for Density Density MOR MOR MOE  MOE

2hours 2hours 24hours 24hours 2hours 2hours 24hours 24hours
A 142 17 2.85 3.415 141 2915 239 3.67 1639.2 13454 8.861 5506 373.26 255.76
B 114 114 1.93 1.9291 5.33 5.3289 6.84 6.8409 1552.5 1552.5 5.3 5.2999 32143 32143
C 1.74 1.74 2.53 2.53 0.8 0.80003 1.19 119 15334 15333 4.853 4.8529 428.95 428.96
D 1.64 1.64 2.98 2.9801 0.88 0.88031 1.18 11798 1534 1534 4743 4743  228.75 228.75
E 193 1.7 3.46 3.415 2.52 2.915 3.36 3.67 14533 13454 4925 5506 218.07 255.76
F 1.63 1.63 2.62 2.6203 1.22 12204 2.73 2.7298  1520.6 1520.6 4.892 4.8919 153.79 153.8
G 2.06 2.06 3.97 3.97 1.67 16701 2.25 225 1387.2 13872 2.286 2.2858 82.569 82.576
H 2.26 22601 49 4.8993 0.5 0.49908 0.5 0.50078 1051.6 1051.5 2.695 2.6949 113.95 113.95
| 2.04 1.7 4.06 3.415 0.72 2915 0.72 3.67 1437.7 13454 2151 5.506 18549 255.76
R 0.87 0.94 0.86 0.86 0.81 0.57 0.91
R? 0.76 0.89 0.73 0.75 0.67 0.33 0.82

Bold characters present the test data set of the constructed ANN models.
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Fig. 5. Three dimensional plots showing the effect of cement, sawdust and PKS for water absorption.
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where Yi is the predicted value, Oi observed value, and n is the number of data set [38,47].

3.3. Effect of production variables on WA, TS and density of the boards

The dimensional stability of the boards produced were measured using water absorption (WA) and thickness swelling
(TS). It was observed for 2 and 24 h water absorption that board B had the least value of 1.14% and 1.93% respectively while
board H had the highest value of 2.26% and 4.9% respectively. The three dimensional plots presented in Fig. 5 shows that
increase in the quantity of % composition of cement and a reduction in the % composition of sawdust will reduce the quantity
of water absorbed by the boards. However minimum water absorption can be achieved with % composition of PKS between
26 and 32. The % composition of PKS observed for reduced water absorption is within the range reported by [39], they
observed water absorption decreases from 5%-1.06% with increase in PKS inclusion from 10 to 40% for the production of
particulate composites. Indian Standard of cement bonded particle boards specification recommends maximum water
absorption of 13% for 2h and 25% for 24 h [40]. All the particle boards produced are within acceptable range for water
absorption based on IS 14276: 1995 specification.

The thickness swelling (TS) of the boards followed a different trend from %WA (Table 2). It was observed that after
immersion in water, for both 2 and 24 h boards H had the lowest value of 0.50% all through while board B had the highest
value of 5.33% and 6.84% for 2 and 24 h respectively. The three dimensional plots presented in Fig. 6 shows a reduction in the
% composition of cement, sawdust and PKS will give low values of TS. However minimum TS can be achieved with %
composition of cement between 29 and 35. From this study, it was observed that Particle boards C, D, H and I had swelling
thickness within the acceptable range of 2.0% specified by the International Standard Organization (ISO) [41]



0.D. Atoyebi et al./Case Studies in Construction Materials 9 (2018) e00185 9

TS for 24 hours

TS for 2 hours
= by 4 N
= hg G e LN

27

giﬁ “)a Cement

g'? % Cement

T8 for 2 hours
TS for 24 hours

a?%i} Cement

26
32
38
% Palm kernelésﬂﬁélozg

20 26
Fope >
% Palm kernelShemo2s

Fig. 6. Three dimensional plots showing the effect of cement, sawdust and PKS for thickness swelling.

3 e, o : 3 7] W0
gs ':;afgi::f 37 & 1,500 8 39
2058 ?&% % Cement 1 4[]02'326 ] gééé% Sawdus 20 5 % Cement
34 34 j 34 2
% Sax-;dtzstsuzg % Palm kern‘gsﬁgag % Palm kernt‘e%sﬁga"

Fig. 7. Three dimensional plots showing the effect of cement, sawdust and PKS for density.

The board H had the lowest density value of 1051.592Kg/m3 while board A had the highest density value of
1639.223 Kg/m?>. From the three dimensional plots shown in Fig. 7 the increase in % composition of cement and a reduction
in the % composition of sawdust will increase the density while an increase in the % composition of PKS had little or no effect
on the density of the particle board. The densities of all the boards produced met the minimum requirement of 1000Kg/m?
specified by the International Organization for Standardization [41]. The Indian Standard of cement bonded particle boards
specification recommends minimum density of 1250 Kg/m? [40], all particle boards produced with the exception of board H
met this recommended minimum standard. According to the Japanese Industrial standard [42] which recommended a
minimum acceptable density value of 800Kg/m?> and all boards met this requirement.

3.4. Effect of production variables on mechanical properties

The modulus of rupture (MOR) and modulus of elasticity (MOE) was used to measure the mechanical properties of the
board. For modulus of rupture (MOR) board A had the highest value of 8.86 N/mm?, while board I had the lowest value of
2.151 N/mm?. From the three dimensional surface plot presented in Fig. 8 increase in the % composition of cement will
increase the MOR while PKS and sawdust had no significant effect on MOR. Research by Zhou and Kamdem [43] reported
MOR values between 5.09 N/mm? and 9.52 N/mm?for cement bonded particleboard. In another research by Aladejana and
Oluyege [44] MOR values ranging between 0.76 and 10.22 N/mm? for boards produced from the wood species was reported.
Ajayi and Badejo [45] also reported modulus of rupture ranged from 7.68 N/mm? to 9.75 N/mm?, 5.00 N/mm? to 8.67 N/mm?
and 5.49 N/mm? to 8.93 N/mm?for boards made from G. arborea, L. leucocephala and a combination of both species
respectively. MOR values obtained for cement bonded particleboard in the study, were within the range of values reported by
the aforementioned researchers. However the American National Standard Institute [46] specifies MOR values ranging
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Fig. 9. Three dimensional plots showing the effect of cement, sawdust and PKS for modulus of elasticity.

between 11 N/mm? and 16.5 N/mm? for Commercial and Industrial purpose particle boards, judging by this specification
particle boards produced could be used for non-structural purpose (Fig. 8).

For modulus of rupture (MOR) board C had the highest value of 428.952 N/mm?, while board G had the lowest value of
82.952 N/mm?. From Fig. 9 it was observed that increase in % composition cement, reduction in the % composition of sawdust
will increase the modulus of elasticity while % composition of PKS had little or no effect on the modulus of elasticity.

4. Conclusion

The physical and mechanical properties of cement-bonded particleboards produced from red iron wood (lophira alata)
sawdust and palm kernel shell residues was evaluated by artificial neural network. This was done by varying the percentage
composition of cement, sawdust and PKS. At the end of the investigation, the following conclusions were drawn.

e Minimum water absorption can be achieved with percentage composition of PKS between 26% and 32%.

e Minimum thickness swelling can be achieved with percentage composition of cement between 29% and 35%.

e The density, MOR and MOE increases with increase in cement content of the boards

e ANN can be a powerful tool for predicting the investigated physical and mechanical properties of cement-bonded
particleboards.

e The parameter which majorly influences the particleboards properties is sawdust followed by cement and lastly PKS.
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