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Abstract

In the present study, the tap relative density of five inorganic powders is modelled using neural networks. These powders are similar in shape but
have different true density. A large number of mixings are prepared from three classes (coarse, medium, and fine particles) and modelled. The
inputs of the neural networks are the 23 weight percentage intervals of the grain size distribution (38—-2000 wm). The estimated values are compared
to those obtained by factorial plans. It is shown that very accurate results are obtained with a unique relatively small neural network. Finally, the
neural network is used to determine the mixing leading to the highest tap relative density.

© 2009 Elsevier Ltd. All rights reserved.
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1. Introduction

Packing of granular matters has long interested specialists
of powder technologies and applications.!"> When dealing with
inorganic matter, the studies mainly focus on the behaviour of
the powder during packing. The goal is then to obtain the highest
compactness, to reach the highest density. Since the early 1930s a
lot of models have been developed to propose the best granular
distribution achieving this goal.>~’ Along with these models,
researchers have studied the way powders behave during the
successive stages of the compaction process.®!! In fact, for a
specified granular distribution, the final density strongly depends
on the way the particles interact and/or are spatially distributed.
Hence, there is no unique value for the density, even for tapped
powders.
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Nevertheless, it is possible to define an ideal granular distribu-
tion, linked to an ideal spatial distribution, leading to the highest
density after compaction. This can briefly be described as fol-
lows: the voids existing between large particles are occupied by
smaller particles; and the voids between these smaller particles
are occupied by even more smaller particles; and so on until
all space is occupied. This is an ideal situation, and is the basis
of a lot of models. Furnas'® founded his model on discrete size
distribution, and Andreasen® used a continuous particle size dis-
tribution. The latter has proposed to use the following equation
to compute the granular distribution:

CPFT D\"
100 (DL)
where CFPT stands for Cumulative Percent Finer Than, D is the
particle size, Dy is the largest particle size, n is the distribution
modulus
Andreasen states, that to obtain the highest tap density, “n”
should be included in the [0.33, 0.50] interval.

As there is always a smallest particle size Dg, Dinger and
Funk® have introduced this parameter in the Andreasen model:

CPFT . D" — D

100 D} — D%
and state that the distribution modulus n should be 0.37 to
achieve best packing.
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Table 1 Table 3
Tap specific gravities. dy0, dso and dog equivalent diameters.
Powder #1 Powder #2 Powder #3 Powder #4 Powder #5 dio (nm) dso (um) doo (m)
0.6683 0.6154 0.5936 0.5604 0.5797 1 127 688 1279
2 148 567 1003
3 372 760 1321
4 321 671 1106
It has been found that these models do not lead to the max- 5 302 647 1057

imum experimental values. The morphology of the particles is
mainly invoked, e.g. Ref. [10]. Then, authors try to model the
apparent density using new characteristics such as the mean par-
ticle size, the width of the size distribution, the true density, the
shape and shape factor.!>~1> More recently, new tools have been
used such as factorial design'® and neural networks.!”-'® In Ref.
[16], it is experimentally shown that, starting from three classes
of powder (coarse, medium, and fine), the highest apparent den-
sity is obtained using a mix of about 50% of coarse particles and
about 50% of fine particles.

Artificial neural networks (ANN) are more and more used
in various fields of powder technologies (e.g. Refs. [19-24]
to name a few). In Ref. [17], the author studies the possibil-
ity to model the density of two powders after compaction and
sintering, but does not conclude positively for both; only one
being correctly modelled. In Ref. [18], the authors obtained good
results but studied a mix of three classes having a very narrow
size distribution.

In the present study, the tap density of five inorganic powders
is modelled using neural networks; for confidentiality reasons,
the powders will be named Powder #1 to Powder #5. Due to
the fact that the true densities of the powders are not equal, the
tap relative density is modelled. The latter is defined as the ratio
of the tap density to the true density. Hence, a perfectly tapped
powder would get a value of unity for its tap relative density.
The first part is dedicated to the presentation of the preparation
and to the characterization of the powders. The following part
deals with the use of ANN. It presents the results, including a
comparison with the results coming from the use of the factorial
design, and the application to mixing optimization.

2. Methods and materials

As already mentioned, the experimental densities (apparent
densities) are lower than the optimal density. They strongly
depend on the way the powders are prepared and then tapped.
So, this section is dedicated to the presentation of the method
used in this study.

In a first step, the powders are obtained by grinding. So,
they all have a similar morphology (angular). They are all quite
light, having quite close tap relative density, but having different
particle size distribution.

2.1. Characterization techniques

2.1.1. The tap density

To be able to accurately compare results between laborato-
ries and powders, standard procedures have been defined such
as USP and ASTM methods. In the present study, the ASTM
standard B527 has been used.

To be able to compute the tap relative density, the true den-
sity is needed. The latter is measured using helium pycnometry
(Ultrapycnometer 1000, Quantachrome). Table 1 gives the tap
relative density for the five powders.

2.1.2. The grain size distribution

The grain size distribution of powders is measured by means
of laser diffraction. The mathematical model is the Fraunhofer
model. In this model, the particles are assimilated to spheres that
are completely opaque. In the present study a MasterSizer 2000°
(Malvern) has been used. The particles have been dispersed in an
air flow using a 0.5 bar pressure (dry test). With this equipment,
it is possible to choose the number of the distribution intervals
from 2 up to 100. For this study, to get the highest possible
accuracy without increasing too much the number of data, it has
been chosen to use 23 intervals as defined in Table 2.

Itis also possible to get the three following equivalent diame-
ters: dyo, dso and dog; where d, is defined as the diameter where
the particles occupying xx vol.% of the powder have a smaller
equivalent diameter. Table 3 gives the value for the five powders.
Fig. 1 shows the particle size distributions.

2.1.3. SEM observation

A Hitachi S-3500N scanning electron microscope (SEM) has
been used to observe the powders. The acceleration voltage has
been fixed to 20 kV; the samples have been disposed on a graphite
paper and then covered by a thin layer of gold. Fig. 2 shows
typical examples of particles for the three grain size classes.

2.2. Powder classification

To split the powders in three, a mechanical sieving has been
done (in the dry phase). This has been carried out according to the

Table 2

The 23 intervals of the particle size distribution.

pm 3845 45-53 53-63 63-75 75-90 90-106 106-125
125-150 150-180 180-212 212-250 250-300 300-355 355-425 425-500
500-600 600-710 710-850 850-1000 1000-1180 1180-1400 1400-1700 1700-2000
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Fig. 1. Particle size distribution for all powders used in this study.

ASTM El11 standard during 15 min. The first size range, here-
after referred to as “coarse particles”, is the [ 1000 pm, 2000 pm]
interval. The second size range, hereafter referred to as “medium
particles”, is the [250 pwm, 1000 pm] interval. The last size range,
hereafter referred to as “fine particles”, is the [38 pm, 250 pm)].
Then, apart from the raw powder, 17 mixing have been prepared,
as described in Table 4.
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Each mixing sample, weighing 100 g, is homogenized in a
Turbula®'* type blender—mixer for 3 min. SEM observations
and laser diffraction measurements show no modification of the
particles in terms of particle size distribution and particle shape.
It can be concluded that the blending/mixing process do not alter
the characteristics of the powders.

3. Artificial neural networks (ANN)
3.1. Principles

It is now well known that ANN can be used to rep-
resent non-linear systems. For example, they are used in
thermal engineering,>>27 chemical engineering,”3% and in
system identification®!=33; see Ref. [34] for an introduction
to ANN.

In this study, ANN are used to model the tap relative density,
taking the 23 intervals of the weight% distribution as inputs (see
Table 2). In fact, as usually done, the inputs and the outputs are
pre-/post-processed to get a 0 mean value and a unity standard
deviation during the neural process. This locates the computed
values in the most sensitive part of all transfer functions (linear
and non-linear).

Coarse particles

Medium particles

Fine particles

Fig. 2. Examples of SEM observations.

Table 4
Mixing definitions.

Mixing#  Used for test Coarse particles Medium particles Fine particles Tap relative density
(Powder #) (Wt%) (Wt%) (wt%)
Powder #1  Powder#2  Powder#3  Powder#4  Powder #5
1 50 0 50 0.75 0.64 0.66 0.64 0.67
2 3 0 0 100 0.60 0.53 0.59 0.53 0.59
3 0 100 0 0.61 0.55 0.55 0.52 0.56
4 100 0 0 0.57 0.55 0.54 0.52 0.56
5 3 16.67 16.67 66.67 0.70 0.58 0.63 0.58 0.63
6 2 50 50 0 0.61 0.56 0.56 0.55 0.57
7 16.67 66.67 16.67 0.67 0.58 0.59 0.56 0.59
8 0 50 50 0.72 0.60 0.61 0.58 0.63
9 66.67 16.67 16.67 0.68 0.56 0.61 0.58 0.61
10 1 and 2 33.33 33.33 33.33 0.73 0.62 0.61 0.60 0.65
11 32 21 47 0.74 0.64 0.66 0.62 0.67
12 5 26 20 54 0.73 0.60 0.63 0.60 0.65
13 83 9 8 0.62 0.58 0.58 0.56 0.59
14 5 72 0 28 0.70 0.62 0.66 0.58 0.63
15 4 26 0 74 0.69 0.58 0.63 0.58 0.63
16 1 0 78 22 0.69 0.56 0.58 0.56 0.61
17 25 75 0 0.62 0.56 0.56 0.55 0.57
18 4 raw powder 0.67 0.62 0.59 0.56 0.61




3108 V. Moreschi et al. / Journal of the European Ceramic Society 29 (2009) 3105-3111

Input layer

i ?{‘\\_ Hidden layer

\ ~.

Fig. 3. Schematic of a standard feed forward neural network having 23 inputs
and one output.

Concerning the number of neurons on the hidden layer, it
is important to note that only 90 sets of inputs are available
(18 mixing for each of the five powders). Hence, considering
the 23 inputs and the bias for each neuron, three neurons is
the maximum. This corresponds to 23 x 3 connection weights
between the inputs and the hidden layer, three connection
weights between the biases and the hidden neurons, three con-
nection weights between the hidden neurons and the output
neuron, and one connection weight between the output neuron
and its bias, which makes a total of 76 connection weights (see
Fig. 3 for a simplified schematic of a neural network). Adding a
fourth hidden neuron would add 25 connection weights, leading
to a number of parameters higher than the number of equations.
In this case, a perfect fit could be achieved between estimated
data and actual data included in the training set, but a very poor
fitis generally observed for data included in the test set. This fact
is known as over fitting. On the contrary, using too few param-
eters leads to very bad results, either in the training phase, or in
the test phase.

Within the hidden layer the neurons do not necessarily get the
same transfer function. So, the hidden layer can be divided into
two or more sublayers, each of them using a specific transfer
function. It has to be noted that in the case of the linear trans-
fer function, a unique neuron is sufficient in the corresponding
sublayer.

The connection weights are determined using a standard opti-
mization procedure known as the training phase. The latter is
carried out using a part of the whole database (training dataset).

The remaining data are used for testing. In the present study, to
keep a satisfactory number of data for the test phase, it has been
chosen to use 90% of the whole dataset for training; hence 10%
of the database is used for testing. These 10% are chosen so that
all powders have 10% left for tests; but within a powder, these
10% are randomly extracted; see Table 4.

This optimization has to be repeated for all neural network
architectures tested. The latter are defined as sets of number of
neurons and transfer functions. Finally the optimal structure is
selected based on the highest efficiency obtained.

It is possible to use various criteria to measure this efficiency.
It can be the correlation coefficient(s) between actual outputs
and the estimated outputs using the whole database and/or only
the test dataset; it can be a combination of the correlation coeffi-
cient(s), the mean average error(s), and the standard deviation(s).
It has been chosen here to find a good compromise between the
correlation coefficient (training dataset), the maximum absolute
error (test dataset), and the mean error (test dataset).

In the present study, the Neural Network Matlab® toolbox
has been used. Hence further details can be found in the user’s
manual.®

3.2. Application

A large number of architectures have been tested. Table 5
shows the most relevant results.
In Table 5:

- linear corresponds to: y=ux;
- non-linear 1 corresponds to: y=1/(1 + exp(—x));
- non-linear 2 corresponds to: y=2/(1 +exp(—2x)) — 1.

The fully linear architecture leads to a correlation coefficient
of 0.742, a maximum absolute error of 30.953% and a mean
error of 1.309%.

It can be concluded that the link between the particle size dis-
tribution and the tap relative density is non-linear. It can be seen
that overtraining occurs for test numbers 1 and 2: the correlation
coefficient are quite high while the maximum absolute error is
also high. On the other hand, the fifth architecture is not well
adapted as the correlation coefficient is a little bit lower than the
other values, while the errors are higher than the errors for the
other tests.

Eventually, test number 3 shows the best compromise. The
final architecture is represented in a compact way in Fig. 4.

Table 5

Most relevant results.

Test# Transfer function = Number of neurons Transfer function Number of neurons Transfer function Correlation ~ Maximum  Mean error
of the output on the first hidden used in the first on the second used in the second  coefficient absolute (%)
neuron sublayer hidden sublayer hidden sublayer hidden sublayer error (%)

1 Linear 2 Non-linear 1 1 Linear 0.976 8.370 0.927

2 Linear 2 Non-linear 1 1 Non-linear 1 0.975 6.109 —0.583

3 Linear 2 Non-linear 2 1 Linear 0.975 4.733 —0.086

4 Linear 2 Non-linear 2 1 Non-linear 2 0.972 6.490 0.327

5 Linear 2 Non-linear 2 1 Non-linear 1 0.973 5.976 —1.284
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Fig. 4. Compact representation of the selected architecture.

0757

S o
/ ///
e s
2 o7t — y=x vt
[ ==
g —— y=(1+-0.02)x //
o - e y=(1+-0.05)x el
T 07 © )
8 g
o gz
2 s} g D7 7 © Powder#1
B ' / /’@
= ; % * Powder # 2
i
E 0.55 !/ = + Powder #3
= 0551
i o * Powder # 4
> // O Powder#5
05 i : . i ‘
0.5 0.55 0.6 0.65 0.7 0.75

Actual tap relative density

Fig. 5. Overview of all the results obtained by the selected architecture.

3.3. Results

It can be seen (Fig. 2) that the particles are far from being
spherical but similar in shape, so that an analytical model for
packing would be difficult to determine. It is important to note
that this is true for all the powders. Thus, the results are not
comparable to those presented in Ref. [36] for perfectly spherical
particles.

By using the selected architecture, it is possible to estimate
the tap relative density for all samples and to compare these
values to the actual values. Fig. 5 shows an overview of the
results.

As can be seen, just a very few estimated values are more than
5% away from the actual values. The accuracy of the results can
also be estimated by correlation coefficients that are computed
for each powder. These are compared (Table 6) to the values
obtained when using factorial design that are presented in Ref.
[16]. In the latter case, a model is obtained for each powder.

Table 6
Comparison of factorial plans and neural networks accuracy.

Correlation coefficient Factorial plans Neural networks

Powder #1 0.94 0.9570
Powder #2 0.70 0.9539
Powder #3 0.87 0.9762
Powder #4 0.73 0.9672
Powder #5 0.81 0.9783

A model developed for only one sand mix leads to similar cor-
relation coefficients.?’

On one hand, it can be concluded that a specialized tool (one
per powder) can be less accurate than a global tool. This is eas-
ily explained by the fact that factorial designs lead to linear
representations, and that the optimization phase of the neural
network has clearly shown that the relation is non-linear. This
non-linearity leads to complex shapes for the iso-values (Fig. 6)
of the tap density, which is not the case for more standard prod-
ucts as shown in Fig. 5 of Ref. [38].

On the other hand, it can be concluded, as there are no large
differences between all correlation coefficients, that there is no
“exotic” powder. All of them can accurately be modelled using
a unique neural network.

3.4. Mixing optimization

Once the neural network is chosen, it is possible to use it to
compute the tap relative density for any weight% distribution,
as long as the latter corresponds to a mixing of the three classes
(see Table 4). This can be used to determine the mixing that
leads to the highest tap relative density. This is similar to what is
presented in Ref. [39]. To do so, 66 mixings have been created
and used to feed the network. The results are given in Fig. 6.

It can be observed that two powders (#1 and #3) have their
maximum located on the lower line (at about the same point),
and that the three others have their maximum located in the
lower left corner (Fig. 6). This result is surely connected to
the fact that these two powders present the highest values of
weight percentage for the large particles (Fig. 1). Note that
the exact proportions are not given due to confidentiality rea-
sons.

It can also be seen that the mixing leading to the maximum
tap relative density is not just a blend of coarse and fine particles
as found when using the factorial plans.

In four cases, the maximum tap relative density is about
15% higher than the tap relative density of the raw pow-
der; in the last case, the increase is about 6.5%. In Ref.
[37], the optimization process leads to an increase of about
13% between the worst combination (among 54 combina-
tions) and the optimal combination. The highest tap relative
density obtained is about 0.75. Although it is less than the
85% which can be theoretically achieved,? it has to be noted
that the latter case is only possible when considering spheri-
cal particles; which is far from the case in the present study
(Fig. 2).
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4. Conclusions

It has been shown that a neural network can accurately model

Fig. 6. Prediction of the maximal tap relative density.

the tap relative density of powders. An important finding is that 4
ithas been possible to find a unique model for five powders. This

is possible using the full particle size distribution (23 classes), 5.

and a combination of linear and non-linear transfer functions.
Nevertheless, it has to be reminded that a random combination

of those 23 classes would have surely led to wrong results, as

the training database just contain a mixing of pre-defined sieved 7

distributions (coarse, medium, and fine).

Future works will address the study of more powders, surely 8.

leading to a more complex model. In particular, it will be checked
if it is necessary to have similar shapes (as it is the case in the
present study), to be able to model a large number of powders. 10
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