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n this study, the influence of grinding parameters of talc sample in the conventional ball

mill on water-based paint properties was investigated, and the results obtained from the
experiments were statistically modeled. The regression analysis were designed to reveal the
correlation between grinding parameters of the talc and the opacity and brightness of the

paint with the recipes containing prepared mineral. In multivariate regression analysis, the
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differential grinding parameters were used to determine the change on opacity and bright-

ness of the paint with a linear model between the change of the grinding parameters as the

variables. Therefore, developed analysis includes a numerical model which could foresee the

changes on final paint properties due to parameter changes (ball charge, material charge and

time) in the grinding process. At the end of the experimental studies, the results indicated

that the changes on brightness and opacity of a water-based paint are very dependant to the

characteristics of talc mineral used as a filler in the same recipe. In other words, it was pos-

sible to foresee the changes on opacity and brightness of the paint due to changing grinding

parameters of talc used as mineral filler in paint by using multivariate multiple regression

analysis.
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INTRODUCTION

Coating applied for coloring material or protecti-
on purpose is called as paint. Besides their colo-
ring feature paints have also hidden and protective
properties. Colorless binder and solvent composition
specially applied on wooden materials are called lac-
quer (Yurekli, 1997, Paksoy, 1999).

There are many raw materials used in paint pro-
duction. These raw materials can be classified under
4 main groups as; binders, solvents, pigments/mineral
fillers, and additives. Industrial minerals/mineral fillers
have a significant role in paint production and can be
used up to 50% in a typical water-based paint formu-
la. Mineral fillers are widely used in paper, coating, and
paint industries in order to enhance the properties of
the final product by decreasing the production costs. In
the paint industry the pigments are utilized with fillers,
and both are in very fine size and required to be exten-
sively dispersed in the paint. The mineral ingredients
have active roles in the paint layer formation, strength,
durability, OP, and color of the final coating (Concei¢ao

et al,, 2018). Several minerals and the chemical process
should be applied to industrial minerals before their use
in paint recipes. TiO,, calcium carbonate (natural &
precipitated), zinc oxide, kaolinite (natural & calcined),
talc, mica, quartz, dolomite, and barite are main raw
materials used in the paint (Ciullo, 1996). Moreover, the
mineral fillers are known to provide some unique coa-
ting characteristics, in terms of, providing OP, the ba-
lance of BR, better surface finish and ease at application
(Conceicdo et al., 2018). Additionally, they help to redu-
ce production/recipe cost. Despite being at the sixth row
in paint production in Europe, Turkey imports most of
the fillers and additives (Karakas, 2011).

Talcisahydromagnesiumsilicate, Mg, (Si,O,),(OH),
and commonly used as a mineral filler in the paint in-
dustry (State Planning Organization, SPO, 2001). Ideally,
it consists of 31.7% MgO, 63.5% SiO,, and 4.8% water
(Grim, 1968). Talc can reduce the settling ratio of pig-
ment together with the positive effect on OP in the paint.
Blistering and cleavages in a paint can also be elimina-
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ted by using talk. It inhibits moisture transfer to the mate-
rial, and increases the corrosion resistance of the paint due
to a platy form of talc. Talc is also used in primer coatings
due to better adherence property compared to other fillers.
However, it is not recommended to use talc over a certain
amount in a recipe because of its high dusting characteris-
tics (Giindiiz, 2005).

The performance of talc in painting depends on its
physical characteristics such as particle morphology, partic-
le size distribution, and oil absorption (Yekeler et al., 2004).
These characteristics directly affect the interactions betwe-
en mineral particles and other raw materials in paint, and
hence the properties of the paint are changed. Talc is crus-
hed and ground to obtain proper micron size before used in
paint recipes. Grinding is generally performed in ball mills.
Paint producers' demand for the homogeneous product
(Conceigdoet al,, 2018). Within water based coatings, talc
has a satisfying performance with sustainable raw material
quality. However, this quality may vary as the talc suppliers
utilize different set ups for liberating/comminution proces-
ses. This leads talc products with different characteristics to
be obtained upon different grinding parameters and the use
of these different talc products in the paint may deteriorate
the permanence of paint quality in industrial production
line.

Generally, regression analysis and response surface
methods are applied in literature. The basic principle of the
response surface is a polynomial relationship between cont-
rol and response variables (Bezerra et al., 2008). In some ad-
vanced cases, models at second-order fit better and cubic
terms can be used for complex cases. The response surface
data have been digitized with a regression model to form a
response surface (Box and Hunter, 1961; Bezerra et al., 2008).
Moreover, Bootstrap, Bayesian and Ordinary Least Squares
are also valid methods to estimate the parameters of the
model methods (Wold, 1973; Wold, et al., 2001).

In this context, the aim of this study was to investigate
the correlation between grinding parameters of the talc and
the physical properties (OP and BR) of the paint with the
recipes containing prepared mineral.

The results obtained from the grinding experiments
were also statistically modeled. The regression analysis was
designed to reveal the correlation between the grinding pa-
rameters of the talc and the final properties of the paint. In
MRA, the differential grinding parameters were used to de-
termine the change on OP and BR of the paint with a linear
model between the change of the grinding parameters as
the variables.
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MATERIAL AND METHODS
Material

The raw sample of talc used in this study was supplied
from the Sivas region of Turkey.

The chemical analysis of the sample was done by using
Bruker S8 Tiger model X-ray floresans (XRF) spectrophoto-
meter. First, the sample was ground under 100 pm, and then,
1.5 g of the sample was mixed with 7.5 g of LiBO,+LiB,O,
mix. Before the measurement, the mixture was transfor-
med to glass pellet form by fusion method. The result of the
chemical analysis of the sample is presented in Table 1. Ad-
ditionally, the mineralogical analysis of the sample was done
using a Rigaku ZSX Primus II model x-ray diffraction (XRD)
with using CuKa radiation, and the XRD result of the samp-
leis seen in Fig. 1. As seen from Fig. 1, the major mineral was
the talc in the sample. This result indicated that the sample
was pure enough for the experiments.

Table 1. Chemical Analysis (XRF) of raw talc sample

Comp. SO, MgO FeO, ALO, CaO Na,0O CuO KO LOI

90

) (ppm)

63.4 33.7 0.47 0.05 0.05 0,02 0.01

T: Tale (Me: 88050 (OH))

1000
500

0 10 20
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Figure 1. XRD graph of the raw talc sample
Grinding of talc

The laboratory type ceramic ball mill by using alumina
balls were utilized for laboratory scale talc sample grin-
ding. Before the grinding process, the particle size of raw
talc sample was decreased to -1 mm by an impact crusher.
In the grinding experiments; the ball size and distributi-
on, ball feed(j), material feed(f), critical speed (%N ), and
time of grinding were optimized. The conditions for the
mill, media, and material used in the grinding experi-
ments are presented in Table 2.

Preparation of paint

The solid/liquid suspensions for water based paint were
prepared in a 1.000 ml volume lab container, consi-
dering the complete components in paint recipe. The
paints were prepared by using a laboratory type high
speed (20.000 rpm max.) disperser/dissolver. In current
research, white pigment containing paint ingredient was
determined, including the following percentages of the
formulation: Pigment = 53% (15% TiO, and 38% filler), re-



Table 2. Properties of mill, media, and material used in grinding ex-
periments.

Volume (cm?) 3.000

Diameter: 150 mm

. Dimensions
Mill
L h: 2
(Ceramic) ength: 200 mm
Critical speed (%Nc) 50, 60, 70, 75, 80, 85, 90
Grinding time (min ) 30, 45, 60, 90, 120
Ball sizes (mm ) 12, 16, 20
Media Ball density (g/cm?) 2,80
(Alumina  pop feed (%) () 0.25; 0.30; 0.35; 0.40; 0.45
balls)
Ball size distribution
(12,16, 20 mm) %wt. 50-25-25
Density (g/cm®) 2,9
Material  p ik density (g/em) 0957
(Talc ulk density (g/cm .
sample i 9
ple) Mate“(ag;ed %) 0.1205 0.140; 0.160; 0.190; 0.210

sin = 18%, additives = 2.5% (defoamer, dispersant, bacte-
ricide, biocide, thickener, surfactant, and coalescent), and
solvent = 26.5% water. Throughout the investigations, the
ingredients ratios (pigments/mineral filler, resin, solvent,
and additives) were kept constant. Only the type of talc
sample used as a functional filler in the recipe was chan-
ged. Leneta type cardboards were used for OP and BR
measurements. Gloss, viscosity, pH were also measured.
The major properties of a coating which are related to the
filler quality, are the OP and BR. Therefore, these pro-
perties were used in regression analysis. The OP has no

unit, and is calculated from Equation (1) (Concei¢éoet.
al,,2018):
OP (%) = R”.IOO 1)
b
Here:

R = reflectance under the black background.
R, = reflectance under the white background.

Datacolor spectrophotometer was used to define the
OP of the paint dry film. As a general application the paint
was spread on white cardboard with a black strip, type Lene-
ta, usinga 100 pm thick extender. Hiding power/opacity was
calculated according to TS ISO 6504-3 standard.

The brightness/gloss values were defined by Sheen
gloss meter on the dry film. This time the paint was spre-
ad on a glass surface, with a extender of 100 um thickness.
Brightness/gloss was calculated according to TS ISO 6504-3
standard as well.

The chosen functional filler was different talc samples
obtained under different grinding conditions.
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Multivariate Linear Regression Analysis (MRA)

Whenever a mathematical model required to explain the
relationship between two or more variables with a causal
relationship, the regression analysis which is a statistical
analysis technique is chosen.

The simple linear regression model includes a depen-
dent and independent variable. Multiple linear regression
model includes one dependent and multiple independent
variables. In some cases, the number of dependent variables
may be more than one, as may be the number of indepen-
dent variables. In such cases, multivariate multiple regressi-
on analysis is used to examine linear relationships between
dependent and independent variables. In MRA, the num-
ber of dependent variables is important, and must be more
than one dependent variable. If dependent and independent
variables are continuous variables, multivariate multiple li-
near regression is used to investigate the linear relationship
between the dependent and independent variables (Dattalo,
2013).

In cases where the number of dependent variables is
two or more, multivariate multiple linear regression analysis,
which is the generalized version of multiple linear regressi-
on analysis is used. The calculation of the sum of squares
and coefficient estimates required to determine the validity
of the model are similar to those of multiple linear regressi-
on analysis (Ozdamar, 2004).

The multivariate multiple linear regression model is
given by Equation (2):

Y=XB+¢ @

where Y; nxp dimensional dependent variable matrix,
X; nx(q+l) dimensional independent variables matrix, B;
(q+1)xp the matrix of regression coefficients and In cases
where the number of dependent variables is two or more,
multivariate multiple linear regression & shows nxp dimen-
sional error matrix.

In order to perform multivariate multiple regression
analysis, some assumptions must be realized. These; the ex-
pected value of the error matrix is zero, ie this assumption,
expressed as E (Y) = XB, indicates that the model is linear.
The second assumption is error matrix are unrelated. This
assumption is related to the covariance matrix. The final as-
sumption is that the error matrix has a multivariate normal
distribution (Srivasta and Khatri, 1979).

The Akaike information criterion, AIC, was developed
by Akaike (1974) to estimate between the model generating
the data and a fitted model. AIC is widely used in model
selection and a biased estimator.
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Some features of AIC are listed as follows:

« In model comparisons, the model with the lowest AIC
value is always preferred.

« AIC is valid not only within the selected sample size but
also in the future forecast

outside the selected sample size.

« It can be used easily in nested, non-nested and interla-
ced models.

RESULTS

Table 3 shows 15 experiments produced with control va-
riables ball charge (BC), material charge (MC) and time
of grinding (TM) as well as Opacity (OP), Brightness (BR)
and average particle size (d,).

Table 3. Independent and Dependent Variables (OP, BR and d, )

Y2 (BR)

Experiment (;(é) (1\)/(12C) (%(1\34) Yl(;)O)P) (2513) Yal(;lli)“)
1 0.45 0.14 30 88.73 1.4 12
2 0.4 0.14 30 88.47 1.5 12
3 0.35 0.14 30 89.28 1.3 14
4 0.3 0.14 30 88.26 1.3 15
5 0.25 0.14 30 88.34 1.3 16
6 0.25 0.21 30 83.58 1.3 15
7 0.25 0.19 30 84.71 1.4 15
8 0.25 0.16 30 84.30 1.3 17
9 0.25 0.14 30 85.02 1.5 19
10 0.25 0.12 30 85.79 1.5 20
11 0.25 0.19 120 83.19 1.6 9
12 0.25 0.19 90 81.84 1.5 11
13 0.25 0.19 60 81.73 1.6 12
14 0.25 0.19 45 81.96 1.4 14
15 0.25 0.19 30 83.04 1.6 17

In the next step, multivariate multiple linear regression
analysis was applied and the results are presented in Table 4.
As seen in Table 4, AIC was found to be 59.6315.

Table 4. Multivariate Multiple Regression Analysis Results

op BR d,
Constant  82.7383 (4.4112)*  1.2452 (0.1739) 13.3053 (3.8902)
BC -8,6927 (1.8074)  -0.0494 (0.0083)  78.4495 (15.7321)
MC 432573 (12.9523) 04463 (0.1482)  -65.6294 (38.1924)
™ 0.0077 (0.0181)  -0.0002 (0.0012) -0.0432 (0.0373)
AIC 59.6315

“:Valuesarum in parentheses indicate standard error values.

Equation (3), (4), and (5) show the models for OP, BR,
andd,.

OP =82.7383-8.6927* BC +43.2573* MC +0.0077*TM  (3)
BR =1.2452-0.0494* BC +0.4463* MC —0.0002 * TM (4)
dy, =13.3053-78.4495* BC — 65.6294* MC — 0.0432*TM  (5)
Then, d50 was excluded from the analysis because it was
found not significant. In the next step, multivariate multip-
le linear regression analysis was applied and the results are

seen in Table 5. As shown in Table 5, AIC was found to be
17.7874.

Table 5. Multivariate Multiple Regression Analysis Results without d_

OP BR
Constant 82.5213 (4.0754)* 1.2455 (0.1545)
BC -8.8227 (1.6502) -0.0554 (0.0075)
MC 43.1563 (10.7992) 0.3484 (0.1164)
™ 0.0078 (0.0012) 0.0003 (0.00012)
AIC 17.7874

“:Valuesarum in parentheses indicate standard error values.

Equations, (6) and (7) show the models for OP and BR.

OP =82.5213 —8.8227*BC +43.1563* MC +0.0078*TM  (6)

BR =1.2455-0.0554* BC +0.3484 * MC —0.0003 * TM (7)

When the two models are compared (with d,; and wit-
hout dso), the model with the smaller AIC value is selected.
Accordingly, the model (without d, ) expressed by Egs. (6)
and (7) is better. It was observed that removing the d_ vari-
able gives better results because, AIC value is lowest.

One of the assumptions of MRA, whether the error
matrix comes from the multivariate normal distribution
should be tested. Multivariate Normality tests are using t
value and its p value. Accordingly, for Equations (6) and (7),
it was tested whether the error matrix came from the multi-
variate normal distribution. The analysis results are given in
Table 6. According to Table 6, it is seen that the error matrix

Table 6. Multivariate Normality Test

n Variables Salope t P
15 2 0.893 2.226 0.022
R Normatity Test _
. o
5 - :
o7 =
g+ ’
§ P
5a T
P
2 %
i Siope = 0.89301 n =15 p=2
il g H (P -o0022183)
o "//
o E 2 3 4 s 3 7

Mahalanobis Distance

Figure 2. Results for Multivariate Normality Test



has a multivariate normal distribution at 1% significance le-
vel (p > 0,01). The result of the multivariate normality test
is shown in Fig. 2. Equations (6) and (7) can be used for in-
terpretation.

Within this research, MRA is found convenient to exp-
lain the changes on the water-based paint dry film proper-
ties developed by the varying talc product characteristics in
the recipe due to different grinding parameters.

DISCUSSION

In this study, multivariate multiple regression analysis
was used for modeling. A model was created through the
combined use design of mixtures.

Using the equations of a linear model showed that it
was possible to foresee the value of the OP and BR for any
change of the grinding parameter used.

While the other variables were constant, when the va-
lue of BC was increased by one unit, the value of OP decre-
ased by 8.8227 units. When the value of MC was increased
by one unit, the value of OP increased by 43.1563 units. Si-
milarly, when the value of BC was increased by one unit, the
value of BR results in a decrease of 0.0554 units. One unit
increase in MC leads to an increase in the value of BR by
0.3484 units.

It can easily be seen from the results obtained from this
study that there is a direct relationship between ball charge
(BC) and the average particle size (d,,) of talc samples used
in paint. With the increase in BC for the grinding, more
effective grinding conditions were supplied and produced
smaller particle sizes (d,) talc samples. However, smaller
particle size does not indicate better OP properties in the
paint. Oppositely, in our studies, the hiding power/opacity
decreased with the decrease of the average particle size (d, )
due to increased BC in the grinding. On the other hand,
with the increase of material charge (MC) in the grinding
caused a slight decrease at average particle sizes (d,,) of talc
samples. Despite, a slight decrease at d_ sizes, a significant
increase calculated with the OP of the paint. This can be
explained as; when we increase the amount of ball in mill
cataract and cascade forces be more effective and get better
grinding conditions to result with smaller size but also ro-
unded (with less aspect ratio) particles.

When the amount of material(talc) was increased in
the mill, then the effect of cataract and cascade forces were
decreased, and results with bigger sized (compared to high
BC grindings) but less rounded (with higher aspect ratio)
particles. Talc particles would probably have larger platy
surfaces due to higher d, size, less rounded shape and hig-
her aspect ratio, and will improve the hiding power/opacity
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of the paint. With the increase of material charge (MC) in
grinding caused a significant increase at OP of the paint.
It can be said from the XRD analysis of raw and gro-
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Figure 3. Mineralogical Analysis (XRD) of raw and ground talc samples.

und talc samples given in Fig. 3. that there was no significant
change in the crystal/cage structure of talc after grinding.
Addition to this, the corners of the structure were rounded
after the grinding.

It can clearly be seen from the particle size (2) dimensi-
on calculations on SEM photos by using the auto-cad prog-
ram before and after the grinding that the aver. the aspect
ratio was significantly changed/decreased due to grinding
as shown in Table 7.

Table 7. Measured dimensions and aspect ratios of talc samples

Raw Talc Samples Ball Mill Talc Samples

Particle
no LE SE. AR CR. LE. SE. AR LE
1 1556 819 190 0720 111 917 121 0710
2 1103 680 162 0660 2200 1218 181 0.79%
3 2976 1939 153 0619 781 491 159 0614
4 1225 538 228 0683 1433 973 147 079
5 3053 1103 277 0566 1217 976 125 0571
6 1042 7.00 149 0542 1110 917 121  0.802
7 1237 621 199 0639 994 511 195 0534
8 1022 552 185 0694 1000 484 207 0698
9 1664 1589 105 0583 1030 588 175 0,703
10 1276 509 251 0608 1092 993 110 0527
11 2411 1155 209 0626 1433 973 147 0576
12 1309 558 235 0725 781 491 159  0.590
13 1007 552 182 0735 865 523 165 0.644
14 889 579 154 0671 792 484 164 0836
15 1499 982 153 0659 1485 699 212 0713
16 1304 702 186 0652 767 503 152 0514
17 906 833 109 0541 1251 634 197 0701
Aver. 1498 847 177 0642 1137 728 156 0.666

L.E.: Long edge
S.E.: Short edge
A.R.: Aspect ratio
C.R.: Circularity

The circularity of talc particles was also calculated on
the 2D image given in Fig. 4. After the calculation, it was
seen in Table 7 that the particles become more circular/ro-
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Figure 4. 2D image of ground talc particles.
unded after grinding.

The increase of BC and MC had a very minor effect on
BR of paint, therefore, can be ignored.

CONCLUSION

In this study talc mineral was ground at different grin-
ding conditions and utilized as the variable mineral filler
of a water-based paint recipe. Multivariate multiple reg-
ression analysis was applied to foresee the influence of
grinding parameters of talc to the properties of the paint.

The results showed that it was possible to foresee the
changes on OP and BR of a dry film depends on the mine-
ral filler characteristics in the same paint. In other words,
it was possible to foresee the changes on OP and BR of the
paint due to changing grinding parameters of talc used as
mineral filler in paint by using MRA. Besides that, applying
this regression analysis, the main effects of each parameter
of the grinding can be determined to paint basic properties.
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