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Abstract: This study investigates the use of binary features and fractal dimension analysis to evaluate the dispersion quality of
nanofillers in thin polymeric films by using light microscopy images. For this purpose, polymeric films were cast with the
inclusion of various montmorillonite (MMT) nanofiller amounts. Then the light microscopy images were captured from the
polymeric films then preprocessed for the evaluation. Thresholding process was applied to the obtained images for each
nanofiller percentage level. The obtained binary level images were used in the feature extraction process with binary statistics
and fractal dimension. Thermogravimetric analysis (TGA) was used to evaluate the flame resist behaviour of polymeric films
based on the dispersion quality of nanofillers. The samples with various nanofiller contents were tested using the image
processing method and the results were all compared with the TGA results. The results obtained by the feature extraction

process and TGA, about the dispersion quality of nandfillers, were all in good agreement.

1 Introduction

Characterisation of the nanofiller dispersion quality of polymeric
films is very important considering the materials’ quality-related
properties such as thermal, chemical, mechanical, comfort etc. The
nanofiller amount and dispersion quality can be analysed by
various experimental processes to show the inner structure in
detailed. The dispersion quality of nanofillers in polymeric films
determines the suitability of films for many applications such as
coating, varnishes, and other usage areas, and gives information
about the performance of the end product.

Microscopic image of a composite material demonstrates
visible morphological properties related to the inner structure such
as clusters, dispersion and agglomeration. These properties
generally give an idea about the dispersion quality of the fillers.
Through proper analysis of microscopic images, the dispersion
quality can be quantified with the help of morphological structures.
In such kind of works, scanning electron microscopy (SEM)
images are used to get information about the inner structure of
materials. If the microscopic images are effectively characterised, it
is easy to define the dispersion quality of the fillers in composites
for different particle contents. The characterisation of the inner
structure of composites by using the image processing techniques
has been intensively searched recently. For instance, the digital
image processing technique has been proposed to define the
relationship between crack shapes and wearing loss by using SEM
images [1]. Texture feature extraction and classification methods
have been used for wheat straw/polypropylene composites in order
to accelerate the aging test [2]. In another research, the SEM
images have been used in an image processing technique to
estimate the filler content of polymeric nanocomposites [3]. For
anodic porous alumina, structural characterisation analysis has
been introduced with SEM images [4] and fractal dimension
calculation has been used for identification the polymeric
nanocomposites [5]. Tanaka et al. [6] have extracted various
physical information about the polymeric composites from the
optical microscope images of the composite. Grassini et al. [7]
have proposed a wavelet image decomposition for characterisation
of freeze-dried pharmaceutical product structures. Bhatia ef al. [8]
have used image processing to measure the drop profile
coordinates and their distribution for different surfaces. Lampasi et
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al. [9] have proposed the morphological and functional
characterisation of nanostructured thin polymeric films. Sasov et
al. [10] have searched about the one- and two-dimensional Fourier
transform for quantitative analysis of polymeric structures. Image
processing tools have also been used to quantitatively assess the
granulometry of the catalyst and polymer granules in polymer
blends [11-13]. Song et al. [14] have determined the grey threshold
algorithm to compare and analyse the results with vacuum water
saturating method and nuclear magnetic resonance for pore
structure characterisation and permeability. Campbell et al. [15]
have proposed a new set of automated techniques for 2D
microstructural analysis. The proposed techniques have the
capability on a variety of microstructure types and both SEM and
microscopy images. Meng et al. [16] have proposed an image
analysis method of particle size distribution with modified canny
edge detection and Hough transform. Experimental results have
shown that the proposed method recognise the particles with high
accuracy. Yildiz [17] has suggested a method for an objective and a
cost-effective method in order to separate wool fibre from mohair
fibre by using the identification method. The obtained results have
effective on microscopic images to classify with the deep learning
method. In another study, geometric substances in irregular shapes
have been studied with the fractal dimension, which can reflect the
characteristic is appearing in nature. It has been used to explain
numerous fragmenting and branching in various fields. The output
has a binarised image with a one-pixel-wide boundary appropriate
to be used for box-counting calculations for the approximate fractal
dimension of the boundary. The box-counting technique has been
implemented for fractal dimension calculations [18-20].
Agglomeration of the solid particles refers to the non-uniform
dispersion of the particles in film/composite structure. The
agglomerated areas in a polymeric thin film can be seen easily with
the naked eye or via microscopic techniques. The agglomeration
level defines the dispersion level of the particles that are related to
the quality of the polymeric film. The material scientists quantify
the dispersion level with the help of SEM or light microscopy
images. Then the obtained images can be used in image processing
techniques in order to compare some experimental results such as
flame retardancy test, thermogravimetric analysis (TGA),
antibacterial activity etc. This study can be accepted as a novel
since the usage of image processing technique for determination of
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Fig. 1 Light microscopy images of UV-cured polymeric films in various MMT amounts

(@) 1%, (b) 3%, (¢) 5%, (d) 7%

Fig. 2 Example of

(a) Original grey level image, (b) Binary image, (¢) Agglomerated objects detection, (d) Removing the agglomerated areas from the image

dispersion quality levels of nanoparticles in polymeric films for the
comparison of TGA results, has never been tried before. In this
study, the light microscopy images of the polymeric films
containing MMT nanoclay particles were used to compare the
TGA results of these films with the help of the dispersion level of
the solid particles. First, the polymeric films were casted in three
different MMT percentages then the microscopic images were
captured from the film surfaces. In the preprocessing stage, the
images were processed for feature extraction. The fractal and
morphological analyses were generated for feature extraction.
According to the feature matrix, the microscopic images were
recognised and classified with Naive Bayesian. The image analysis
can provide a new characterisation and evaluation aspect regarding
the dispersion quality of solid particles inside the polymeric films.
Comparing the results of TGA and image processing, this study
gives promising results to define the dispersion quality.

2 Experimental setup
2.1 Preparation of polymeric films

Polymeric films were produced with the TDI-HEMA-PVB
synthesis reaction as in previous studies [21, 22]. A round-bottom
flask equipped with a magnetic stirrer, a nitrogen gas inlet and a
condenser were used for the reaction medium. TMPTMA (50
wt.%) was used as a reactive diluent. The synthesis reaction was
performed at 3 h at 75°C. Polymeric films were then cast by using
photoinitiator and MMT nanoclay as nanofiller in various
percentages (1, 3, 5, 7 wt.%) then exposed to UV-light for 4 min
between two glass plates. Before casting the films, a magnetic
stirrer was used to disperse the clay particles homogeneously in the
solution. The light microscopy images of polymeric films were
captured by using an Olympus BX51 microscope (Fig. 1). Thirty
different images with the size of 2080 x 1544 pixels were captured
from the polymeric film surface for each MMT percentage. Then
the obtained images were used in the image processing technique.

2.2 Thermal gravimetric analysis

MMT is a type of inorganic, economical, recyclable, non-toxic
clay, which is typically consisting of one octahedral aluminate
layer that is sandwiched between two octahedral silicate layers. It
has intrinsically flame retardant property. In the literature, several
studies have been made investigating the flame resist behaviour of
MMT in composites [23, 24]. TGA is used to investigate the
physical, chemical properties and thermal decomposition character
of material as a function of increasing temperature. By using TGA,
flame resist behaviour of composites can be searched. In this study,
TGA (TA TGA Q50 instrument, under nitrogen flow, with a
heating rate of 10°C/min, between 30 and 600°C) was employed to
observe the flame resist properties of the prepared polymeric films
with various MMT amounts.
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2.3 Thresholding and binarisation

The light microscopy images of polymeric films were converted to
binary level to represent the polymer and filler zones. In order to
identify the percentage of filler content, an appropriate threshold
value was chosen. Through visual investigation of binary images,
the MMT fillers in microscopic images are shown in white colour.
After thresholding, the agglomerated particles were removed from
binary image with a predefined threshold level that was set during
the polymeric film casting process. In order to remove the
agglomerated areas from the image (Fig. 2c¢), the image was
masked with thresholder thus a uniform dispersion image was
obtained without any agglomerated area (Fig. 2d). This process can
be seen in Fig. 2. During the thresholding and binarisation
processes, various surface characteristics such as the total area, the
number of objects, average distance between objects, number of
agglomerated objects, the total area of agglomerated objects, the
average area of agglomerated objects, irregularity and standard
deviation of agglomerated objects were all used as features in order
to define the MMT percentages. In the binary level, eight different
features and fractal dimension were used for the evaluation
process.

The object area and the total area were calculated for all the
particles. All distances between each object pairs were calculated.
The average value of the distance was used as a feature. In order to
calculate the pairwise distance, Euclidean distance metric was
used. The Euclidean distance between pairs can be defined
according to the following equation:

dy = (3= y)(xs — )’ 45

where xg and yare given as vectors, which are objects centroids.
These centroid values are used to define the Euclidean distance
between pair objects. Then, the average value of the distance is
used for the feature.

2.4 Fractal dimension and image analysis

The word fractal means that it is a kind of figure that consists of
similar small elements in irregular shapes. It can be accepted as an
alternative to the Euclidean geometry for the identification of
natural structures. Fractal dimension quantifies the features of
objects or characteristics of the event, which are shape, texture,
number, colour, repetition, similarity, randomness, regularity and
heterogeneity [25]. Thus, the fractal dimension can be explained as
a feature tool used to interpret several texture features [26—28].

The most common method of calculating the fractal dimension
is the box-counting method. In this method, the shape or image of a
particular size is coated with box. For different sizes of boxes
counted the number of the box with the shape of a part at a time
and log-log scale to the number of the squares is applied with a full
box. According to Fig. 3, boxes laid over an image of a sample
with a certain size. The boxes are situated with a repeated position
through the image.
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Fractal dimension is defined as the slope obtained from (2). Box
counting method, is concerned with self-affinity size and gives the
same number in most cases. The following equation shows the
relation between the scale factor » and box number N(r);

D, = logN()
I 1 ®)
log(;)

According to (2), an image can be divided by r and N(r) that are
run on the same property. The 7 is reduced while the process is
continued. In the process, the number of boxes is determined for
each value of . According to the N(r) of r is plotted. The slope of
Dy which is obtained from (2), is related to the image without any
agglomerated area (Fig. 2d) [29]. In this study, after finding the
slope from (2), the mean values for each binary images were used
as a feature to define the dispersion quality of polymeric
composites with other binary features. Additionally, the value of
the fractal dimension was found as 1.9 on an average.

2.5 Classification by Naive Bayes

Naive Bayes classifier networks are the basic model among
Bayesian networks. Friedman et al. [30] describe the term of
‘Naive’ as the strong independence hypothesis between variables.
A class node is the main element of all attribute nodes, which are
graphically represented by a hierarchical structure [30, 31].
Therefore, the Naive Bayes is the possibility of a given sample that
is belonging to a certain class node [32]. All attributes are
represented by each node. For each value of the relevant attribute,
it is related to the conditional probability table (CPT), which
contains all the conditional probabilities according to the values of
the class nodes [33]. In this study, the Naive Bayes algorithm was
used to classify the coating quality of polymeric composites by
using the fractal dimension and binary features.

3 Results and discussion

The light microscopy images of the samples in four different MMT
contents were given in Fig. 1. For each MMT amount, 30 different
images were captured. It can be seen that a well-dispersed and
homogeneous coating layers were obtained in Figs. 1a—c, whilst in

Fig. 3 Example of boxes on an image

Fig. 1d, some agglomeration of nanoparticles in the coating layer
were observed as black regions. It was assumed that 5%
nanoparticle inclusion to the coating layer could be accepted as
optimum concentration. After that, in 7% nanoparticle inclusion,
agglomeration occurs due to the particle holding capability of
fabric in its pores. This result is also consistent with the TGA
results, as can be seen in Table 1. Accordingly, the increment in
nanofiller content caused an increase in char yield. In other words,
MMT inclusion to the formulation increases the flame resist
behaviour to 5%. Although 7% of nanofiller inclusion has the
highest nanofiller content, the highest char residue in other words,
the best flame resist behaviour was observed in 5% nanofiller
inclusion.

In this paper, based on the flame retardant property, the coating
quality levels were defined as best, good, average, and poor for
each MMT loadings. Fig. 4 shows the score plot of the number of
agglomerated objects for each quality level based on 60 test
samples 15 for each level. It is possible to see that all quality levels
of the composites were separated distinctly from each other.
Although only a few samples’ coating quality levels were recorded
as ‘average’, the number of samples in ‘best’ and ‘good’ quality
levels were so close to each other. So it is clear that the coating
quality levels can be identified easily by using these features;
average distance between all objects, number of objects, the
average area of objects, fractal dimension, and number of
agglomerated areas. Among all these features, the number of the
agglomerated area has a very excellent ability for characterisation
and discrimination of the microscopy images of the polymeric
films in different particle loadings. The best quality level belongs
to the sample containing 5% MMT. This result is also consistent
with the TGA result. According to Fig. 4, although the average
quality level has the lowest agglomerated area, it cannot be
accepted as best level due to having a very little amount of MMT
as can be seen in Fig. la.

Table 2 shows the classification results as a confusion matrix. In
the classification process, four features were used; average distance
between all objects, number of objects, the average area of objects,
and fractal dimension. As can be seen in Table 2, 15 test and train
images for each quality level, so totally 60 test and train images,
were all used in the confusion matrix. According to the results, the
‘best’ coating quality level was recorded with a 100% accuracy
rate. In the ‘poor’ coating quality level, only one sample was
classified as ‘best’. For ‘good’ and ‘average’ coating quality levels,

Table 1 Thermogravimetric data of the UV-cured polymeric
films
Montmorillonite amount, %

Char yield, % Quality levels

== Average

® Good
-***Best A
~Poor ,/f//\’x

S 5

Number of Agglomerative Objects

Number of Test Samples

1 9.1 average
3 10.7 good
5 12.6 best
7 8.8 poor
//Ky
e
[\
f Y'\V 7
/ %\\
\
\
\

Fig. 4 Quality levels in terms of the number of agglomerated area for fifteen test samples per level
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Table 2 Classification results and accuracy rates as a confusion matrix with four features

Best Good Average Poor Classification accuracy, %
best 15 0 0 0 100
good 0 13 0 2 86.7
average 2 0 13 0 86.7
poor 1 0 0 14 93.3
overall classification accuracy, % 91.7
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Fig. 5 Classification results of microscopy image of samples in four different coating levels with its ROC curves by using four features

Fig. 6 Binary image of 7% MMT included coating to show the
agglomerated areas on the coating surface

two samples from both of them were classified wrongly. The
overall classification accuracy for the experiment was found as
91.7%. The classification scheme with a number of objects and the
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average distance between objects features and its receiver
operating characteristic (ROC) curve were all illustrated in Fig. 5.

In the experimental process, the agglomerated areas were
evaluated by using the mentioned four features. Agglomeration
means an irregular allocation of nanofillers resulting in non-
uniform dispersion. Thus, fillers stick together and appear in
greater dimensions than they really are. Fig. 6 shows the
agglomerated areas in red squares that belong to 7% MMT
included coating. The agglomerated areas were counted and
extracted as a feature for adding feature vector in order to make a
decision about the size of the agglomerated area. After the
binarisation process, small objects were selected on the surface and
removed. Then the rest of the image was subtracted from the
original one to find the bigger ones; in other words, the
agglomerated areas.

After adding the number of agglomerated areas into the feature
vector, the classification result can be seen in Table 3. Best, good
and average coating quality levels were classified truly. Only one
level from poor coating was misclassified. So the total
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Table 3 Classification results and accuracy rates as a confusion matrix with five features

Best Good Average Poor Classification accuracy, %
best 15 0 0 0 100
good 0 15 0 0 100
average 0 0 15 0 100
poor 0 1 0 14 93.3
overall classification accuracy, % 98.3
2600,
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Fig. 7 Classification results of microscopy image of samples in four different coating levels with its ROC curves by using five features

Table 4 Classification results and accuracy rates as a confu

sion matrix with nine features

Best Good Average Poor Classification accuracy, %
best 15 0 0 0 100
good 0 15 0 0 100
average 0 0 15 0 100
poor 0 0 0 15 100
overall classification accuracy, % 100

classification accuracy was found as 98.3%. The feature of the
number of agglomerated areas helped to determine the different
MMT percentages in coatings. Thus, classification performance
was affected positively. Fig. 7 shows the classification schema of
the number of objects and the average distance between objects
features with its ROC curve by using five features.

In the previous experiment, five features were used for the
feature extraction process while at this time, another four features
were added to enhance the classification accuracy. These are a total

2010

area of agglomerated objects, the average area of agglomerated
objects, irregularity, and standard deviation. Table 4 gives the
classification results of agglomerated images by using nine
features. Fig. 8 shows the classification schema of the number of
objects and the average distance between objects features with its
ROC curve by using nine features. Accordingly, the best
classification accuracy with 100% was obtained with the usage of
nine features. It can be seen that whenever the number of feature
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Fig. 8 Classification results of microscopy image of samples in four
different coating levels with its ROC curves by using nine features

vectors increases, the classification accuracy also increases. So all
samples were classified correctly when nine features were used.

4 Conclusion

The aim of this study was to develop a quality classification
method for particle added polymeric films by using an image
processing technique. For this purpose, polymeric films were cast
with the inclusion of nanoparticles (MMT) in various percentages
and then evaluated in terms of the flame retardant property by
using TGA. According to the TGA results, the highest flame
retardant property was recorded in 5% MMT included a sample.
Then the light microscopy images of these polymeric films were
captured and used in order to obtain the binary features and fractal
dimensions during the feature extraction process. Results proved
that the binary feature characteristic and fractal dimension method
could both well describe the textural feature of the microscopic
images of polymeric films with particle loaded in various
percentages. The binary feature characteristics such as the average
distance between objects, total filler area, number of fillers, and the
number of agglomerated objects were all showed effective and
feasible results for evaluation of nanofiller dispersion quality in
polymeric films. Naive Bayesian classifier was applied on the light
microscopy images of polymeric films in four different coating
quality levels for identification. The best classification accuracy
was recorded by wusing nine discriminative features. The
classification process of microscope images was performed by
using the fractal dimension and binary features, and verified based
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upon TGA results, successfully. Future work will be in the way of
classification the coating quality levels depending on the
quantitative characterisation of polymeric composites.
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