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SYNOPSIS

In this article, the quantification of dispersion of carbon black in rubber is done by an image-
processing technique. Surfaces, having different dispersion ratings, are mostly textured. These
textured surfaces are digitized and the images are analyzed for quantification. Textured images
are suitably represented by a closed set of orthogonal polynomials. The presence of texture has
been identified by suitably measuring the orthogonal effects. The textured surfaces are described
locally by pronum and globally by prospectrum. Mean, variance, and Fisher distance were
computed from the prospectrums and are correlated to various dispersion ratings. There is a
linear relationship between the calculated mean and the dispersion rating. © 1995 John Wiley

& Sons, Inc.

INTRODUCTION

The properties of rubber products containing rein-
forcing fillers or pigments is highly dependent on uni-
form dispersion of these ingredients in rubber. For
example, poor dispersion would lead to reduced prod-
uct life or poor performance during service, poor prod-
uct appearance, poor processing and manufacturing
uniformity, waste of raw materials, and excessive en-
ergy usage. Therefore, considerable time and effort of
a large number of workers have been devoted to de-
veloping suitable test procedures for the characteriza-
tion of dispersion. Hess' recently reviewed the subject.
The methods available are optical microscopy, X-ray
radiography, transmission electron micrography, sur-
face inspection, stylus surface measurement, optical
scanning of surfaces, electrical conductivity, pyrolysis
gas chromatography, etc. All these methods suffer from
one or more limitations, especially in quantification
of dispersion, although attempts have been made to
do so by using the comparatively easier techniques.
For example, Medalia® prepared a dispersion chart us-
ing carbon black at different percentage levels of dis-
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persion. This chart is made up of 48 optical micro-
graphs. However, quantitative analysis of optical,
TEM, and SEM images using on line or off-line image
analyzers is possible. Multiple features in the images
are analyzed simultaneously for different parameters
like area, perimeters, etc.® Hess' pointed out that these
measurements have been more directly related to
characterizing morphology of carbon black than has
dispersion. Shih and Goldfinger! and Kadunce® re-
cently reported success in the image analysis. However,
the present authors feel that there is a further scope
of statistical analysis of the images using a computer
in order to interpret the dispersion correctly and
quickly. It is with this objective that we have applied
our recent techniques of pattern recognition to analyze
the dispersion of carbon black in rubber. Ganesan and
Bhattacharyya® analyzed various types of textured
images on the basis of a closed set of orthogonal poly-
nomials. Haralick,” Galloway,® and He and Wang® also
reported various texture analysis schemes.

PROPOSED MODEL FOR
TEXTURE ANALYSIS

Texture is defined as a structure composed of a large
number of more or less ordered, similar elements or
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Figure 1 Various images having dispersion rating from very poor to excellent.

primitives. Textures are normally ranging from mi-
cro to macro. A microtexture appears only in a small
area of digital image with very high gray-level vari-
ations, i.e., significant tonal variation within a small
image region. Microtextures can be studied effec-
tively by using local properties. The quantified local
property of a microtexture is called the local de-
scriptor for the texture or pronum. The whole tex-
tured image can be represented globally by com-
puting the frequency of occurrences of pronums.
This frequency of occurrences of pronums will be
called prospectrum. The prospectrum is unique for
a textured image.

Texture Detection

Consider an (N * N) gray-level image f(x, y), where
x and y are the two Cartesian coordinates. f(x, y)
can be expressed as

f(x,y) = glx, y) + n(x, y) 1)

where g(x, y) accounts for the variation in Cartesian
coordinates resulting in texture and 7(x, y) is the
additive noise.

To measure the variations resulting from texture
and noise separately, we represent f(x, y) as follows
in terms of a set of uncorrelated basis variations!®
in Cartesian coordinates:

N-1 N-1
[1=2 Z 640N (2)

=0 j=0

where [ f] is the (N * N) gray-level image matrix,
[O¥] accounts for the model variation in coordi-
nates, and 8; is the (i, j)th coefficient of variation.
B, is basically the effect of the variation accounted
for by [OY;] over the image region f(x, y). We select
[ON]’s in such a manner that these are orthogonal
to each other to separate the two variables. These
variations due to Cartesian coordinates are cate-
gorized into two groups. In one, both the coordinates
vary jointly. In the other, one coordinate at a time
is varying when the other remains constant. The
orthogonal effects due to the first type of variation
are called the interaction effects, whereas the or-
thogonal effects due to the second type of variation
are called the main effects. It has been observed
experimentally® that the variation in Cartesian co-
ordinates that causes the interaction effects results
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Figure 2 Digitized version of the images shown in Fig-
ure 1-2, and 1-8.

from textures. Hence, the texture is characterized
by the interaction effects. For computing orthogonal
effects, we propose a set of orthogonal polynomials
do(x), ¢1(x), ..., dn(x), the generating formula of
which is given in Ref. 6. Using these orthogonal
polynomials, eq. (1) can be written as

flr,y) =2 2

BiE set of interaction effects

+ 2 z

BE€ set of main effects

Bidi(x)di(y)

Biox)p(y) (3)

We call 8; and 8% (¢, ¢:{&;, ¢;), respectively, the
estimates of the orthogonal effect and the corre-
sponding mean square variance. Equation (2) can
be written in matrix notation as follows:
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N-1 N-1
(=3 3 8PP 4)

i=0 j=0

where P; is a column vector of size (N * 1) consisting
of values of the polynomials ¢,(x) at x = x;, = 1, x
=x,=2,...,x=xy =N and 13,‘- is the transpose
of the column vector Pj of size (N * 1). 15,- consists
of values of the polynomial ¢j(y) at y = y; = 1,y
=y, =2,...,¥ = yny = N. The orthogonal effects
can be computed as

[85] = (MITMD(AMYTFIIMDAMIIMD ™ (5)

where [M] is a matrix of size (N * N). [M] is ob-
tained as follows:

[M] = [p09p1"-'9pN—1]
From eq. (5), the main effects resulting in noise are
given by

Br={By O<i+j=<2, i#j} (6)

and the interaction effects characterizing the texture
are

BE={By O0<ij<3} Y
The mean squares corresponding to the orthogonal
effects can be computed as

[Z3] = (IMIIMD (UMM DY IMTTMD ™ (8)

Detection of Textures

As the interaction effects are mainly variation due
to Cartesian coordinates that results in textures, and
main effects are variations resulting in noise, mi-
crotextures can be detected based on these local
properties. The following two conjectures are pro-
posed in this regard:

Texture Conjecture 1. For a textured region, each
interaction mean square does not estimate the same
variance.

Texture Conjecture 2. For a textured region, mean
squares corresponding to some members of the set of
main effects may estimate the same variance.

These two conjectures are applied to determine
whether the image region under analysis is a textured
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(a) Prospectrums for the image shown in Figure 1-10 for different significance

levels in M and F. (b) Prospectrums for the images shown in Figure 1-2, 1-4, 1-6, and 1-8

for the significance levels M = 10, . .

region. As each of the mean-square variances corre-
sponding to main and interaction effects is a X2 (chi-
squared) variate with a degree of freedom of 1, Nair's!
statistical test (given in Appendix A) toward homo-

Table I Statistical Weighted Mean from Figure 1

.and F = 10%.

geneity of variances can be applied to check whether
mean-square variances corresponding to the main ef-
fects are estimates of the same variance and interac-
tion mean squares do not estimate the same variance.

“Apparent” Values

“Real” Values

10 1 2 3 4 6 8 10

M F 1 2 3 4 6 8
10,.. 10% 4.00 4.88 4.98 5.75 9.85 11.24
8,.. 4.22 5.19 5.23 6.08 10.07 11.44
6,.. 5.83 7.00 7.72 8.27 12.72 14.36
10,.. 256% 4.07 4.93 5.05 5.82 10.08 11.49
8,.. 4.33 5.27 5.33 6.17 10.35 11.71
6,.. 6.02 7.15 7.89 8.41 13.21 14.89
10,.. 50% 4.75 5.61 5.83 6.48 12.15 13.95
8,.. 5.13 6.07 6.21 6.96 12.5 14.256

6,.. 7.23 8.29 9.12 9.63 15.89 18.21

14.81 0.13 0.16 0.17 0.19 0.33 0.37 0.49
14.87 0.14 0.17 0.18 0.20 0.34 0.38 0.50
17.17 0.19 0.23 0.26 0.28 0.42 0.48 0.57
15.03 0.14 0.16 0.17 0.19 0.34 0.38 0.50
15.09 0.14 0.18 0.18 0.21 0.34 0.39 0.50
17.48 0.20 0.24 0.26 0.28 0.44 0.50 0.58
17.06 0.16 0.19 0.19 0.22 0.41 0.47 0.57
17.16 0.17 0.20 0.21 0.23 0.42 0.48 0.57
19.88 0.24 0.28 0.30 0.32 0.53 0.61 0.66




Texture Representation

A small image region [g] of size (N * N) in a digi-
tal image is considered as a sample. The two con-
jectures are applied as per the procedure given in
the previous section. Finally, the local descriptor
of the texture, pronum, is computed as follows:
The mean squares of interaction and main effects
are tested for homogeneity of variances.!' If a
sample passes the test, it has to be described prop-
erly by suitable representation so that a better lo-
cal descriptor can be obtained. The following is
the procedure:

1. Compute the mean-square error variance
(msv) from mean squares of the main effect
which are estimates of the same variance.

2. For each member in the set of interaction
mean squares and the members which are not
included for the computation of msv, perform
the F_ ratio test.!?

3. In the F_ ratio test, if the i effect out of (IN?
— 1) effects is significant, the corresponding
position has a value of 1; otherwise, it has a
value of 0.

4. The small (N * N) image region is repre-
sented by a number in the positional number
system with radix 2.

The computed number is called pronum. Usually, a
(3 * 3) image region is considered as a sample. This
image region [g] is represented by eight binary digits
s;. Hence,

8

pronum = Y, s; % 2771, 9)
i=1

where
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Figure 4 Plot of weighted “real” mean vs. the dispersion
rating.

8 = {0, 1}

The pronum is substituted in the place of the
center pixel of the [g]. In the subsequent phase,
adjacent regions are considered by sliding a (3 * 3)
window and the same procedure is repeated. So,
the entire image is mapped into an array of pron-
ums. The range of pronums considered here is
(0-255). The frequency of occurrences of these
pronums is used as a global descriptor of the
texture present in the image. The entire proce-
dure is given in the form of an algorithm in Ap-
pendix B.

Table II Statistical Weighted Variance from Figure 1

“Apparent” Values

“Real” Values

M F 1 2 3 4 6 10 1 2 3 4 6 8 10
10,.. 10% 4315 5052 506.2 599.3 1309.7 1493.6 17055 048 056 0.56 0.67 145 166 1.89
8,.. 4499 5368 528.1 627.7 13333 1514.2 1709.2 0.50 060 059 0.70 148 168 1.90
6,.. 634.6 720.7 7676 8294 16429 18630 19188 0.70 080 085 092 182 2.07 213
10,.. 25% 4335 5062 508.1 6015 13189 15026 1711.8 048 056 056 067 147 167 190
8,.. 453.3 538.2 530.8 630.5 1345.4 15235 17157 050 0.60 059 070 149 169 1.90
6,.. 6406 7229 7709 8315 16619 18819 19259 0.71 080 086 092 185 209 214
10,.. 50% 4560 531.1 5374 6239 1406.7 16029 17712 051 059 059 069 156 1.78 1.97
8,.. 482.0 568.4 564.6 658.7 14384 16319 17763 054 063 063 073 159 181 197
6,.. 685.2 7624 814.6 8739 17750 20326 19919 0.76 085 091 097 197 226 221
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Table ITI Fisher Distance Between Texture Plates

M F 1-2 1-3 1-4 1-6 1-7 1-8 1-10
10, .. 10% 0.02 0.02 0.04 0.10 0.13 0.12 0.17
8,.. 0.02 0.02 0.04 0.10 0.13 0.12 0.17
6,.. 0.02 0.03 0.04 0.10 0.12 0.13 0.16
10, .. 25% 0.02 0.02 0.04 0.10 0.13 0.13 0.18
8,.. 0.02 0.02 0.04 0.11 0.13 0.12 0.17
6, .. 0.02 0.03 0.04 0.12 0.11 0.13 0.16
10, .. 50% 0.02 0.02 0.04 0.12 0.13 0.14 0.19
8,.. 0.02 0.02 0.04 0.12 0.11 0.15 0.18
6,.. 0.02 0.03 0.04 0.12 0.12 0.13 0.18
Avg 0.02 0.03 0.04 0.11 0.12 0.13 0.17
EXPERIMENTAL following parameters were calculated from the pro-

The photographs which are taken for quantitative
analysis are shown in Figure 1. These photographs
were supplied by Degussa AG, Germany.!® These
were part of the former Phillips Petroleum Disper-
sion test for carbon black. Although the formulation
generally did not play an important role in making
a series of photographs with different dispersion
ratings, the recipe which was used for their photo-
graphs was as follows: polybutadiene, 30; SBR 1712,
96.25; carbon black N220, 70; oil, 13.75; ZnO, 3;
stearic acid, 2; antioxidant, 3; wax, 2; sulfur, 2; and
sulfenamide accelerator, 1.3. The photomicrographs
showing different dispersion ratings were achieved
by adjusting the time of mixing and the speed of
rotors in the mixer. The photographs of samples,
cut by a special cutter, were taken by a microscope-
Poloroid Land Camera combination with an effec-
tive magnification of 30X. All the magnified micro-
graphs shown in Figure 1 were digitized in a closed
chamber (with uniform illumination) by an elec-
tronic scanner (TMC 56 GN-PULNIX CCD camera
with a 512 X 512 pixel resolution and focal length
of 16 and 8 mm for close and long range) attached
to the Benchmark IPS. The digitized version of the
representative micrographs of Figure 1-2 and 1-8 is
given in Figure 2. Details of the micrographs were
provided by Degussa.

METHOD OF QUANTIFICATION
OF DISPERSION

The proposed algorithm was used for analyzing the
images with various dispersion ratings shown in
Figure 1. The prospectrums were obtained using the
procedure described in the previous section. The

spectrums in order to quantify images based on the
textural characteristics present.

Weighted Mean

Representing the “apparent” weighted mean of the
prospectrum by u, the pronum by x;, and the fre-
quency of occurrence of the pronum x; by the func-
tion F(x;), the “apparent” weighted mean was com-
puted by

255
F(x;
ﬂzz__fﬂ_

i=0

X x

RxC ™™ (10)

where R X C is the total number of pixels in the
image. (In our case, the image size was 160 X 180.)
The numbers obtained were converted into “real”
quantities by taking into consideration the actual
population and its magnification in the photographs.

Variance and Standard Deviation

The “apparent” variance (¢?) and the standard de-
viation (o) for the prospectrums were obtained as
follows:

255 F(x,-)
2 = E . — 2
e i=0(x‘ ")XRxC
o = V(variance) (11)

The “real” quantities were also calculated by taking
into consideration the actual population and its
magnification in the photographs.



Fisher Distance

The statistical distance measured between two tex-
tured images in terms of their prospectrums was
calculated by the following parameter:

|Il1_#2|
oyt 09

Fisher distance = (12)

RESULTS AND DISCUSSION

The photographs (Fig. 1) show pictures of excellent
(9-10), good (7-8), fair (5-6), poor (3-4), and very
poor (1-2) dispersion of carbon black fillers in rub-
ber. (The numbers in the parentheses indicate the
dispersion rating, as reported by Degussa.'®) The
ratings are, however, based on visual inspection and
are arbitrary. These photographs were digitized to
a size of 160 X 180 pixels by an electronic scanner
attached to the Bench mark IPS. These images have
a gray-level variation from 0 to 255. The digitized
images of representative photographs of Figure 1-2
and 1-8 are shown in Figure 2. The prospectrums of
the representative images (Fig. 1-10, 1-8, 1-6, 1-4,
and 1-2) are shown in Figure 3 at various significance
levels of M and F. Figure 3(a) shows prospectrums
of the image (Fig. 1-10) for different significance
levels and Figure 3(b) shows the prospectrums of
the images (Fig. 1-2, 1-4, 1-6, and 1-8) at M = 10,
...and F = 10% significance levels. The prospec-
trums have more components and increase in fre-
quency as M and F significance levels are relaxed,
i.e., a sample which may not pass the conjecture at
the 5% significance level may pass at 10% or higher,
leading to increased frequency of occurrence of the
pronum. The values of the “apparent” mean and
their corresponding “real” mean calculated using eq.
(10) are provided in Table 1. Similarly, the variances
calculated using eq. (11) are reported in Table II.
The difference between the “real” and the “appar-
ent” values is due to the magnification of the pho-
tographs. The following discussion is based on the
“real” values.

The weighted mean of the prospectrum gives di-
rectly the number of pronums present in the pro-
spectrum. The total number of pronums present in
the prospectrum reveals the amount of textured in-
formation present in the image under consideration.
The low mean value indicates that the textural in-
formation is less or, in other words, that more un-
textured regions are present. This results from the
fact that the carbon blacks are not fully mixed and
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the dispersion is very poor. As the carbon black par-
ticles are dispersed well, the textural information
also increases and a higher mean is obtained. The
weighted mean values have been calculated for the
images shown in Figure 1.

Similarly, the weighted variance is also related to
the dispersion rating. For the image shown in Figure
1-1 (very poor dispersion), only a few combinations
of pronums are present in the prospectrum, because
of poor carbon black mixing. On the other hand, for
the image shown in Figure 1-10 (excellent disper-
sion), large numbers of pronums with different fre-
quencies are present because the carbon blacks are
well mixed. The former case, because of the lesser
number of pronums, gives low variance, and in the
latter case, the variance is higher because almost all
pronums are present at different frequencies.

It is interesting to note that as the dispersion is
improved the mean value becomes larger. The vari-
ance also follows a similar trend at a particular value
of M and F. For example, the photograph showing
a very poor dispersion rating (Fig. 1-1) has a mean
value of 0.13. This is much smaller, about one-fourth
that of 0.49 determined for a photograph showing
an “excellent” dispersion rating (Fig. 1-10). The
“mean” values are then plotted against the disper-
sion rating in Figure 4. It is evident from the plot
that, as the dispersion rating goes from very poor
to excellent, the “mean” increases proportionately.
Also, the values have been compared using the
Fisher distance [eq. (12)]. The results are shown in
Table III. As the difference between the plates in-
creases, the Fisher distance increases. The values
reported in Table III show the difference between
plate 1 (Fig. 1-1) (very poor dispersion) and the other
plates. It is clear that this distance is almost eight
times when the results of Fd,., and Fd,_,, are com-
pared. Hence, the present method is not only capable
of quantifying dispersion, but is useful in distin-
guishing between different levels of dispersion (var-
ious texture plates).

CONCLUSIONS

An image-processing technique for characterizing
the presence of texture has been applied successfully
for quantification of dispersion of carbon black in
rubber. The textured surfaces have been represented
in terms of a closed set of orthogonal polynomials
and the variation in Cartesian coordinates has been
measured in terms of main and interaction effects.
The main effects are the effects in which one coor-
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dinate is varying while the other remains constant,
whereas the interaction effects are the effects due
to the variation of both coordinates. Conjectures
have been proposed for quantifying the texture
present. The texture thus identified is described lo-
cally by the pronum and globally by the prospec-
trum. Several statistical parameters are computed
from the prospectrum and are correlated with the
dispersion rating. The dispersion rating is propor-
tional to the statistical weighted mean obtained from
the prospectrum. As the dispersion goes from very
poor to excellent, the weighted mean goes from a
lower value to a higher value. The statistical close-
ness between different textured (dispersion rating)
surfaces are also measured in terms of the Fisher
distance computed between their respective pro-
spectrums. By using this method, the arbitrary con-
clusions on dispersion can be easily overcome. Fur-
thermore, the classification to which the dispersion
rating belongs to can be categorized, which is a real
requirement in industry.

The authors are thankful to Degussa AG, Germany, for

providing the photomicrographs for this study.

APPENDIX A: BISHOP AND NAIR TEST

The Nair’s test for checking the homogeneity of
variances is given below. Let v,, v,, . . ., U,, be the
set of variances with U,, U, . . ., U, degrees of freedom,
respectively. The average variance

1k
Uay = a E Vg, U;
and the total degrees of freedom

k
U= U
i=1

Then, the criterion for computing the divergence
among variances is

k
M=ulnv, — 2 uln(v,)

i=1

The values of M for different degrees of freedom for
different % of significance levels are given in Ref. 11.

APPENDIX B: ALGORITHM

Input Gray-level image G of size ROW*COL. [] de-
notes the matrix and the suffix denotes the elements
of the matrix. Let [M] be the polynomial operator
and [ f] be a (3 * 3) image region extracted from G.
PROARR holds the pronums obtained from G.
Output Prospectrum, i.e., frequency of occurrences
of pronums (at most 256 different pronums may ap-
pear).

Begin

Step 1 Compute [W] = [M][M], where

1 -1 1
MI=|1 o0 -2
1 1 1
Step 2 Repeat through step 15 for & = 2 to
ROW-1.
Step 3 Repeat through step 14 for [ = 2 to
COL-1.
Step 4 Extract a small region [ f] from G centered
at (k, 1).

Step 5 Compute [8] = [M}[f][M].

Step 6 Compute [8] = (IMI[M]) (M f1[M])
X ((MYIM])™ = [B1/((W],, * [W);,).

Step 7 Compute [Z] = ([81;)*/([W];; * [W];,)).

Step 8 A = {Zy1, Zog, Z19, Zoo} are variances due
to the main effects and B = {Z,,, Z,5, Zs;, Z2s}
are variances due to the interaction effects.

Step 9 Perform Nair’s test for set A and B. If
the test fails, pronum = —1, indicating that
there is no texture. Go to step 14. (While per-
forming Nair’s test, if all the four variances do
not pass the test, then eliminate one variance
at a time and perform the test again. In the
worst case, there must be two variances pres-
ent.)

Step 10 Let set V < A has variance terms which
pass the Nair’s test and || V|| be the cardinality
of set V.

Step 11 Compute the mean square error vari-
ance, msv = (zzv Zy)/1V|.

Step 12 Perform the variance ratio test (F ratio
test) with the numerator as one of the vari-
ances from {A + B — V} and msv as the de-
nominator against the chosen significance
level. If the test is significant, the correspond-
ing position p; of the numerator in the image
region [ f] is marked as 1, else as 0.



Step 13 Compute the pronum for the image re-
8

gion [ f] as, pronum = 3 p; * 271, p; = 1 if the
=1

i** position is 1; otherwise 0.

Step 14 Store the pronum in PROARRI[k][!] and
increment [ by 1.

Step 15 Increment k by 1.

Step 16 Compute the frequency of occurrences
of pronums from PROARR.

End
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