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Abstract- A pneumatic conveying recirculated dryer is very suitable for sago starch drying and thus
the present research has designed a PCRD machine. It aimed to develop an Artificial Neural Network
(ANN) model to estimate the fineness modulus of sago starch dried using a PCRD machine. The designed
ANN model structure used consisted of 12 input neuron, three variations of hidden layers, and 1 output
neuron, with three topological variations, namely 12-5-5-1-1, 12-10-10-1-1, and 12-15-15-1-1, as well as
used the learning algorithm backpropagation. The validity test for the ANN model generated an R rained
value by 0.859 or 85.9%, and an thesﬂng value by 0.576 or 57.6%. This suggests that the ANN model is
valid enough to be employed to estimate the fineness modulus of sago starch dried using a PCRD
machine. Optimization of the ANN model for the training and testing process generated the lowest MRE
and MAE values for the variable v, namely by 3.785% and 0.0004%, and L, Namely by 13.214% and
0.0012%, respectively. This indicates that variables with a significant effect on determination of the
fineness modulus are the speed of the air of the dryer and the length of the upper outlet pipe in the
recirculation cyclone.

Keywords - Artificial neural network, Fineness modulus, Modelling, Pneumatic conveying recirculated dryer,
Sago starch

l. Introduction

Sago starch is one of carbohydrate sources obtained from sago plants (Metroxylon sagu). Wet sago starch
contains carbohydrates by approximately 50%. As for dried sago starch, the percentage of carbohydrates it
contains ranges from 84 to 89% of the total composition in sago starch. The physical properties of wet sago
starch are solid, sticky, containing water by 40 to 50% whb, having a granule size by 5 to 57.5 um, and having a
gelatinization temperature by approximately 60-75°C ([1], [2]).

Wet sago starch can be processed into dried starch through the drying process. The process of having sago
starch dried using artificial dryers had been undertaken by [3], [4], [5]. However, the process of having sago
starch dried using those dryers generated less optimal results. To overcome this problem, this research had
designed a pneumatic conveying recirculated dryer (PCRD) machine. This engine was developed based on
pneumatic dryers which are very suitable for the drying of materials containing a high moisture content such as
sago starch.

To determine the fineness level of sago starch dried using PCRD, the Artificial Neural Network (ANN)
model was developed to estimate the value of the fineness modulus (FM) based on variations in the variables of
pneumatic drying processes using continued recirculation of a substance. Reference [6] define an FM value as
an index to indicate the fineness level of a particular substance. Fineness levels of a particular substance are
classified into three groups, namely coarse, medium and fine, in which the finer a substance is, the smaller the
FM value is.
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The artificial neural network (ANN) refers to an artificial representation of the human brain, which has
several advantages, such as modelling of the drying process. ANN application to estimate the FM value of
materials based on variations in the parameters of the pneumatic drying process with continuous recirculation of
materials has never been conducted. However, the application of an ANN in drying processes is more
commonly used to estimate the moisture content, activation energy, and the effective moisture diffusivity of
particular materials. Research using ANN models to examine the relationship between drying process
parameters and the moisture content of particular materials is among others conducted by [7], [8], [9], [10], [11],
[12], [13]. This research aimed to develop an Artificial Neural Network (ANN) model to estimate the fineness
modulus of sago starch dried using a PCRD machine according to variations in the variables of the pneumatic
drying process with continued materials recirculation.

Il. MATERIALS AND METHODS

The materials used in this research were wet sago starch with initial moisture contents of 21, 31, and 41% wb
and a diameter of 0.00236 m (2.36 mm). The wet sago was dried using a PCRD machine designed and
developed in this research. This PCRD machine consisted of seven main components (units), namely the LPG-
fuelled heating stove, the disintegrator (centrifugal blower with the 3-phase electric motor drive, 380 V, 2 hp),
the feeder for input materials (saw-edged with the 1-phase electric motor drive, 220 V, 1 hp), the drying pipe the
continuously recirculated, the manifold (the recirculation cyclone and the material separator, and the centrifugal
blower with the 1-phase electric motor drive, 220 V, 1 hp), the material output cyclone, and the control panel.
The scheme of the PCRD machine is presented in Fig 1.

The sago starch dried through the drying process using the PCRD machine was later sieved using the sieving
machine manufactured by Endecotts (test sieve shaker) LTD London S.W.19, England. The sieving machine is
comprised of sieves with a size ranging from 3/6 to 100 mesh (9.55 to 0.15 mm). Data on dried sago starch
sieving results were used to calculate the fineness modulus value of the materials (FMg,) using Equation (1)
([6D).

Total cumulative % of the remaining

= 1
* 100 .

The variables of pneumatic drying processes with continued recirculation of materials used in the PCRD
machine included the moisture content of the input materials (M;,), the speed of the air of the dryer (v,), the air
temperature of the dryer (Ts), the length of the recirculation pipe (L;), the height of the recirculation cyclone
cylinder (Lg), the diameter (Dacr), and the length of the upper outlet pipe in the recirculation cyclone (Lacr),
the speed of the air of the blower in the recirculation cyclone (v), and the material input capacity (Qj,). As for
the constant variables, they were comprised of the diameter of the input materials (D), gravitational
acceleration (g), and drying or recirculation time (t;). The values for the level and limit of the variables used as
the input and output layers in the network structure of the ANN model to estimate the fineness modulus of the
materials (FM,,) are presented in Table I.

The network structure used to estimate the fineness modulus of the materials (FM,,) was comprised of
multiple layers (multi-layer net) with multi-input single output. The ANN network structure used consisted of
12 input layer neurones, three hidden layers with three topological variations, namely 12-5-5-1-1, 12-10-10-1-1,
and 12-15-15-1-1, and 1 output layer neuron using the transfer function logsig or logsigmoid. The learning
algorithm used was backpropagation. The ANN network structure can be seen in Fig. 2.

The resulting network structure of the ANN model was tested and trained using the observation data with the
software neural network toolbox Matlab R2014a ([12]). There were a total of 81 data per dataset used for
training and testing the model in the present research. The data were classified into two, namely 54 ANN model
training datasets and 27 ANN model testing datasets. The procedures for collection and analysis of the data can
be seen in Fig. 3.

An optimal ANN model can be determined based on the values of the mean relative error (MRE) and the
mean absolute error (MAE) ([7], [12], [13]. Those values were used to determine the effect of the variables of
pneumatic drying processes with continuous recirculation of materials on the ANN model. MRE and MAE
values were calculated using Equations (2) and (3) ([7]).

i FM ob—pred,i FM ob—obsv,i
FM (2

MRE = i=1 ob—obsv,i %100
N

N @3)
Z‘FM ob-pred,i ~ FM ob—obsv,i
MAE = -1
N
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where FMg,pq indicates the estimated fineness modulus of the materials, FMg,.qpsy refers to the observed
fineness modulus of the materials, and N is the number of data used for training and testing the ANN model.
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Fig. 1. The schematic drawing of a PCRD machine
TABLE | The Input and Output Variables to Estimate the FM,, Value
Input variabels Units Minimum Maximum Level
Mip % bb 21 41 3
Vy m/s 15 31 3
Tus °C 75 125 3
Ly m 9.38 13.38 3
Lserb m 0.27 0.81 3
Dacro m 0.1016 0.220 3
Lacrb m 0.2 0.65 3
Vuerb m/s 10.75 15.75 3
Qi kgls 0.00208 0.00417 3
Dib m 0.00236 - -
g m/s 9.8 - -
t, S 420 - -

Output variabel

FMop
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Fig. 3. The Procedures for collection and analysis data on the ANN model to estimate
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I11. RESULTS AND DISCUSSION

The training and testing of the ANN model to estimate the FM,, value employed 81 observation datasets (54
datasets for training and 27 datasets for testing). Results of the ANN model training and testing using the
software neural network toolbox in MATLAB R2014a generated the mean square error (MSE) value or the
performance index value for the ANN model network by 0.00237 and the regression value by 0.927. The
number of iterations (epochs) required to generate that MSE value was 40 times for the topology 12-5-5-1-1, 16
times for the topology 12-10-10-1-1, and 13 times for the topology 12-15-15-1-1.

Results of the ANN model network training and testing using the hidden layer topology 12-5-5-1-1 can be
seen in Fig. 4. The training and testing results were comprised of the network structure, the learning algorithm,
the progress and plot, the gradient value, and the value of RZgimutation- 1t took 40 times of iterations (epochs) with
a gradient value by 4.14e™ and an R¥jmuiion Value by 0.927 to achieve convergence in the ANN model training
process.
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Fig. 4. The topology 12-5-5-1-1: a) the number of epochs, b) performance, c) gradient, d) the regression value

Results of the ANN model network training and testing using the hidden layer topology 12-10-10-1-1 can be
seen in Fig. 5. Fig. 5 presents the network structure, the learning algorithm, the progress and plot, the gradient
value, and the value of R%muiaon. It took 16 times of iterations (epochs) with a gradient value by 4.21eand an
RZgimulation Value by 0.927 to achieve convergence in the ANN model training process.

Results of the ANN model network training and testing using the hidden layer topology 12-15-15-1-1 can be
seen in Fig. 6. Fig. 6 presents the network structure, the learning algorithm, the progress and plot, the gradient
value, and the value of R%muation. It took 13 times of iterations (epochs) with a gradient value by 5.66e-* and an
RZimutation Value by 0.927 to achieve convergence in the ANN model training process.
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Fig. 5. The topology 12-10-10-1-1: a) the number of epochs, b) performance, c) gradient, d) the regression value
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Fig 6. The topology 12-15-15-1-1: a) the number of epochs, b) performance, c) gradient, d) the regression value

Results of the topological variation of the ANN model network used to estimate FM,, suggest that the best
topology to generate an MSE value is the network structure 12-15-15-1-1 and thus, this topology was chosen for
the ANN model testing process. The graph illustrating the comparison between the estimated FM,, and the
observed FM,, resulting from the training and testing of the ANN model can be seen in Figs. 7 and 8. The
graphs of the estimated FM,, and the observed FM,, tend to have a similar pattern, the distance between the
variation parameters is less close to one another, except for several parameters. As for the graph illustrating the
comparison between the estimated FM,, and the observed FM,, resulting from the model testing, it tends to have
the same pattern as the graph resulting from the training.
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The regression equation of the comparison between the estimated FM,, and the observed FM,, resulting
from the ANN model training is FMgp-preg = 0.858F Mgy, .obsy + 0.0015, with the value of the coefficient of
determination (R%:ineq) by 0.859. The value by 0.0015 is a constant which suggests that in the absence of the
addition of the observed FM,, the estimated FM,, will increase by 0.0015. As for the value by 0.858, it is the
regression coefficient which indicates that for each addition of the observed FM,,, the estimated FM,, will
increase by 0.858.

The regression equation of the comparison between the estimated FM,, and the observed FM,, resulting
from the ANN model testing is FMoy-obsy = 0.578 FMgp pres + 0.0048, with the value of the coefficient of
determination (R%eseq) by 0.576. The value by 0.0048 is a constant which suggests that in the absence of the
addition of the estimated FM,, the observed FM,, will increase by 0.0048. As for the value by 0.578, it is the
regression coefficient which indicates that for each addition of the estimated FM,,, the observed FMg, will
increase by 0.578.

The graph of the regression analysis results for the relationship between the estimated FM,, and the observed
FM, resulting from the ANN model training and testing can be seen in Figs. 9 and 10. The graph shows that the
relationship between the estimated FM,, and the observed FM,, in the ANN model training and testing
processes is quite valid as the obtained values of the coefficient of determination (R%ineq) approaches 1, namely
0.859 (85.9%) and 0.576 (57.6%). As for the model of the relationship between the estimated FM and the
observed FM developed by [6] generated the value of the coefficient of determination (R?) by 0.787. It means
that the ANN model generated in this research is able to estimate changes in FM,, in the drying process of
materials using the PCRD machine.
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Analysis results for the optimization of the ANN model used in this research showed that the MAE and MRE
values generated by ANN model training were equal to 0.0008% and 7.279%, respectively. These MAE and
MRE values were analyzed using Equations (2) and (3) which were used to estimate the error value of the ANN
model. As for the ANN model testing, it generated an MAE value by 0.0017% and an MRE value by 16.926%.
To determine the variation parameter with the most significant effect on pneumatic drying processes with
continuous recirculation of materials, an optimization analysis was undertaken to determine MAE and MRE
values of each variation parameter [12] [13]. Results of the optimization analysis can be seen in Table II.

TABLE Il MAE and MRE Values of the FM,, Model of ach Variation Variabels

Parameter MAE (%) MRE (%)
Training Mip 0.0007 5.783
Vy 0.0004 3.785
Tuw 0.0009 10.656
Ly 0.0004 3.931
Lserp 0.0013 10.047
Dacrb 0.0009 10.383
Lacro 0.0008 5.373
Vierb 0.0005 4.372
Qi 0.0012 10.976
Testing Mip 0.0029 23.548
Vy 0.0011 14.680
Tuw 0.0015 17.985
Ly 0.0017 18.566
Lsern 0.0015 14.811
Dacrb 0.0023 23.884
Lacro 0.0012 13.214
Vierb 0.0017 16.594
Qib 0.0017 19.565

The data presented in Table 2 show that the variable v, generated the lowest MRE value, i.e. by 3.785%. As
for the ANN model testing, the variable L, generated the lowest MRE value, i.e. by 13.214%. Results of the
ANN model training revealed that the parameter of the speed of the air of the dryer (v,) with the most significant
effect on changes in FM,, during the drying process. This is because the blower which blows the dryer air also
served to reduce the size of materials during the drying process. The smaller the MRE value of the variable v, is,
the better the ability of the ANN model network to estimate the fineness modulus value of the materials. As for
the ANN model testing process, it is revealed that the variable with the most significant effect was the length of
the upper outlet pipe of the recirculation cyclone (Lacmn). While results of the dimensional analysis undertaken
by [6] obtained the ratio of the dryer’s temperature to the materials’ temperature which affected the drying
process of cassava flour using a pneumatic dryer. This indicates that the recirculation process of materials using
the PCRD engine is vital to determine the fineness level of materials.

IV. CONCLUSION

This research generated an ANN model to estimate the most optimal fineness modulus, which is the
topology 12-15-15-1-1. The MSE value generated by the ANN model was equal to 0.927 with the total number
of epoch of 13 times. Results of the validity test for the ANN model showed that the values of the coefficient of
determination were equal to 0.859 or 85.9% and 0.576 or 57.6% for the training process (thramed) and the testing
process (R%eswq), respectively. The resulting model validity value was slightly low, especially in the process of
model testing. However, the ANN model can be used to estimate the fineness modulus value of the sago starch
drying process using the PCRD machine. Results for the optimization analysis of the ANN model for each
variable of the variation in the drying process revealed that the variable v, generated the lowest MRE value
resulting from ANN model training. As for the smallest MRE value resulting from ANN model testing, it was
generated by the variable Lag,. These indicated that the drying process variables with the most significant effect
on the ANN model to estimate the fineness modulus value of sago starch were the speed of the air of the dryer
and the length of the upper outlet pipe in the recirculation cyclone of this PCRD machine.
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