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This work explored the importance of quantitative observation through imaging methods of optical and electron
microscopies on the mechanical properties of particulate polymeric composites. Egg shell powder (ESP) reinforc
ed polypropylene carbonate (PPC) polymeric composites with different filler weight percentage (wt.%) from 1 to
5 wt.% were considered. A cost-effective Image Analysis Software (IAS) was developed to extract black particles
from the original optical images. During this process, the optimal image can be reproduced based on its origi-
nality by controlling the threshold values from 0.1 to 0.6 in real time situation. Using one-dimensional (1D)
Gaussian distribution analysis, the authentication of the particle distribution data was studied and linked to the
tensile strength of the composites. The mean value of the particle area collected from the left and right side of the
scattered curves has a significant effect on the tensile strength of the composites. The proposed model was
validated by comparing the predicted statistical results with the measured tensile strength for different wt.% of
ESP composites. From the results obtained, a close agreement of 99% accuracy was observed between the
experimental results and the proposed model for the tensile strength of the composites. The innovative study
provides more practical and quantitative knowledge on improved particulate polymeric composites, in addition
to the detection of failure processes through optical/electron microscopic examination of images. Evidently, the
proposed cost effective, accurate and less stressful model can be employed by several composite-based industries
to correlate the tensile strengths of particulate polymeric composites with their morphological properties.

1. Introduction structure-property relationship from the electron microscopy images has

not been explored quantitatively. Hence, this work attempts to establish

Nowadays, particulate reinforced polymeric composites attract
many engineering applications. This is due to their unique characteris-
tics, which include lightweight, ease of manufacturing and eco friend-
liness. Several studies on particulate polymeric composites have been
performed, considering effects of various factors: particle size, distri-
bution, shape for the combination of various particles and polymer
system on their mechanical properties. However, prediction of the
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a common method to quantify the distribution of particles in the poly-
mer matrix and their effects on the tensile properties, using Image
Processing Technique (IPT). IPT has gained many attentions among the
researchers, due to its cost effectiveness and the scope of providing data
according to the user requirement [1]. Using this technology, useful
information such as edge detection, contrast, intensity and application
of mathematical operations from the images can be retrieved [2,3]. Due
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to these advantages, the image processing concepts and techniques are
widely used in various aspects of fields and sciences. These sectors of
application include, but are not limited to, medical science, space sci-
ence, biological materials, industrial applications and remote sensing [4,
5].

IPT can be applied in all the aforementioned applications, involving
various algorithms in machine learning, such as Logistic Regression,
Linear Regression, Support Vector Machine (SVM), k-means clustering,
Naive Bayes, K-Nearest Neighbor (KNN), Random Forest etc. [6-9].
Amongst, k-means algorithm is predominantly used in machine learning
for different applications, because it is simple, speedy, efficient and
suitable for larger datasets [10], as its advantages. Xue et al. [11]
investigated into the paleontology microscopic images, using both
k-means clustering and SVM algorithms from machine learning. They
applied the traditional k-means clustering algorithm for the identifica-
tion of distribution pattern of images. Szymkowski et al. [12] evaluated
the eye retina of human paleontological images, using k-means algo-
rithm. It was mainly focused to separate healthy and unhealthy retinas
from dataset. Alnamoly et.al. [13] proposed a newly developed software
EG Bio Image to analyze gel electrophoresis images. K-means clustering
algorithm was applied to achieve the clustering of groups according to
user requirements. However, this software failed to meet the details of
calculating the distance between the particles in the clusters, achieving
similar coefficients in k-means algorithm and not provided Graphical
User Interface (GUI). The k-means algorithm was used in a few studies
relevant to skin cancer by means of detecting different patches of skin
(color) images and discrimination of skin at the region of interest [14,
15]. Due to the random selection of clusters and failure on achieving
proper edge detection, applying the k-means algorithms led to the
long-time process and inability to achieve the exact findings from the
images. Khairul Islam et al. [16] studied the identification of brain
tumor in human body. The concept of principal component analysis
(PCA) and k-means algorithm was applied. The image analysis was done
by constituting the group of pixels called super pixel, however the
clusters were chosen randomly for the purpose of analysis, which failed
to provide quantitative information for the larger dataset. Guo etal. [17]
applied k-means clustering algorithm to identify landslide susceptibility
zonation. The cluster was determined, implying similar pixel values,
which resulted to only less susceptibility than natural breaks. Nawaf
et al. [18] investigated into the defects and the defect free regions in
glass fiber reinforced polymer (GFRP) composites by applying k-means
clustering algorithm of machine learning. The centroid for the region of
defect and defect free images were calculated, later followed by the
distance calculation of two data points, using squared Euclidean dis-
tance. Though, there are several studies that leveraged the merits of
k-means clustering algorithm, but the application of the same can also
be explored further in other area of research. Especially, the parameters
include random identification of clusters and measurement of distance
between the data points, fixing the centroid and selection of threshold
value to choose the optimal images were not used in the of k-means
algorithm in machine learning.

Todays, the demand for the development of new materials for several
engineering applications is inevitable. Accordingly, the requirement of
particles reinforced polymeric composites for lightweight structural
applications is very high in many manufacturing sectors [19-21]. The
bonding mechanisms between the particle sand polymers were studied,
using several characterization methods [22-24]. However, these
methods have drawbacks in their usage to investigate the parameters of
concern, such as surface topography, chemical components, particle
orientation, voids and to mention but a few [25-27]. In general, the use
of microscopic techniques is prevalent in the field of material science in
order to investigate into the connection between topography and ma-
terial efficiency [28,29]. Specifically, the optical and scanning electron
microcopy images play a crucial role to provide visual observation about
the dispersion of particles in the polymer matrix [30-32]. The afore-
mentioned image capturing techniques are used very effectively in the
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area of particle and fiber reinforced polymer (FRP) composites to predict
the failure mechanism, such as crack propagation, interfacial
de-bonding and particles pullout, among others [33-36]. Similarly,
these techniques were used to provide observations in form of qualita-
tive judgment only, but not exactly in the quantitative aspects.

In addition, several laboratory experiments have been conducted on
various particles, as reinforcing materials in polymer matrices [37-39].
These studies focused on the failure mechanisms of fractured composite
materials with the aid of a microscopic examination. The usage of the
optical processing methods redefined the morphological classification of
particulate composites in terms of their individual sizes and forms. The
key effect of this imaging method was the resolution of the images
produced [40]. The SEM analysis was most suitable for the character-
ization of nano-sized fillers to understand the dispersion nature of par-
ticles, which is the key parameters in deciding the functional properties
of the material system [41]. Study on various forms of distributed par-
ticles in the bulk polymer matrix, such as uneven distribution has been
reported [42]. Patchy distribution and agglomeration of the particulate
fillers has been easily observed [43] from the topography of the SEM
images. Furthermore, the characteristic of particles was directly related
with the interfacial adhesion between the matrix and the filler [44]. The
effect of unequal distribution of the particulate filler facilitated poor
interfacial adhesion at localized regions, which resulted to lower tensile
strength, stress flow, ductility, thermal stability and fatigue has been
researched [45]. Eventually, the outputs of all the optimal microscopy
images mostly provided only qualitative observations in the field of
particulate composites. However, these qualitative observations were
sometimes failed to reproduce a similar failure mechanism, which posed
a question on the repeatability. Some studies have been reported on the
development of a quantitative methodology for analysing the structure
of particle reinforced composites, but dealt with analytical modeling
[46], X-ray diffraction [47], numerical simulations [48] and image
analysis [49].

Hence, this work provided the quantitative analysis on the distri-
bution of particles and their effects on the mechanical properties of
particulate polymeric composites, using optical microscopy images. The
chicken egg shell powder (ESP) was used as a filler in a film casting and
different wt.% of fillers were taken, as inputs for quantitative analysis.
Though, various fillers are available, such as starch, polycaprolactone,
polyhydroxybutyrate and poly (butylene adipate-co-terephthalate),
among others, but ESP is a biodegradable, low cost, an eco-friendly
and easily available material. Accordingly, an effort has been made to
create user-friendly and cost-effective software with aids of microscopic
images as input sources by applying k-means algorithm in machine
learning. The aim of using the developed Image Analysis Software (IAS)
was to analyze the quantitative information on the distribution of
reinforcing fillers in the polymer matrix through microscopic images. A
step-by-step simple and systematic approach was used to perform the
data processing and in-situ statistical analysis. Afterwards, the analytical
model was evidently established to correlate the mechanical properties
of particulate composites and the data obtained from the statistical
study.

2. Methods

Fig. 1 shows the systematic process of developed IAS, where it found
the statistical analysis of images for microscopic images. Fig 1 shows the
overall process of developed IAS, whereby ESP composite images were
taken as inputs, using openCV in Python package deployed in software
and set R = 0, G = 0 and B = 0 to extract black particles and applied k-
means clustering algorithm to find statistical analysis, as output. In a
first step, the microscopic images in any file format, such as JPEG, PNG
and/or BMP were the source data directly uploaded into the software, as
an input. Initially, the scale bar mentioned in the microscopy image was
converted to the number of pixels, which normally can vary image based
on the magnification. During this conversion process, each pixel was
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Fig. 1. Step-by-step process of data extraction and statistical analysis, using newly developed IAS.
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assumed as square lattice with the length of “a” to cover the area of the
scale bar present in the microscopic image. Consequently, the area of the
individual pixel was determined from the built-in software. Following
this, the actual area of the image can be calculated according to the scale
bar appeared in the image.

The area of the image was checked to ensure the reproducibility of
the original image from the software before quantifying the data. Af-
terwards, the size and orientation of the particles were obtained for the
different intensity threshold values, ranging between 0.1 and 0.6. The
number of particles and their clustering of the converted images can be
varied based on the varying threshold values. However, the user has
option to identify the best suitable image based on the comparison of
mapping between original and the particle extracted images for different
threshold values. In this self-developed software tool, a different library
packages, such as open computer vision (CV) and Scikit-learn was used
to develop automation, starting from the extraction of gray scale parti-
cles to statistical analysis. In order to retain the same quality of the
images obtained from the microscopic technique, a specific label called
dots per inch (dpi) was added as a separate field in the designed software
to ensure the verification of image. Similarly, the software can auto-
matically extract the size (height and width) of the original image
through the existence of the meta data. Also, this software can auto-
matically operate to find the area of black feature based on the indi-
vidual pixel value by means of applying grid technique and k-means
clustering algorithm in machine learning concepts. Using Python pro-
gramming concepts, the software was developed.

2.1. Contour technique

Contour technique is a process in which a curve joins all the contour
points to accommodate all the pixels inside the boundary. The contour
area can be calculated in terms of pm?, including all the closely packed
pixels available in the clusters. The Python coding was used to imple-
ment the grid technique, which was described in detail with the help of
schematic diagram, as shown in Fig. 2. The following are the steps used
in the Python coding to express the concept of grid technique for the
irregular contour.

1. Start with any corner node of gray scale particles.

2. To fix single node distance based on the existing calculated gray scale
particle size (a).

3. The splitting method is a package inbuilt in Python used to fix the
area of the square lattices (a2 in um?, according to the particle length
of a in pm.

Y
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Fig. 2. Schematic diagram of contour and grid technique in single
black feature.
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4. Repeat the step 3 to obtain equal partition to the whole black fea-
tures within the contour.

2.2. K-means clustering algorithm

In general, k-means clustering algorithm is used to identify the
clusters in any form of images [54]. A modified k-means clustering al-
gorithm was developed with the combination of grid technique and used
to extract the gray scale particles in the optical images. Normally, a
range of 1-10 clusters can be set in the existing algorithm for a single
image. In this modified algorithm, the grid individual particle technique
was employed to obtain the means of gray scale particles. Hence, the
modified algorithm can increase the productivity through enhanced
computational speed of the process. Furthermore, the mean values of the
extracted gray scale particles can provide better quantified data
[55-57]. To achieve more accurate data processing, the contour tech-
nique was applied in each gray scale particle, followed by the imple-
mentation of grid technique. This technique can create a rectangle,
which was closely bounded in gray scale particles to obtain uniformly
distributed grids within the boundary of the cluster. For an example,
consider a gray scale particle with the size of 1.15 pm, which can be
covered with the square lattice in the size of 1.15 x 1.15 (height and
width), using grid technique. The same process can be equally applied to
other surrounded particles based on the pixel value for the corre-
sponding case.

Following the grid technique, the modified k-means clustering al-
gorithm available in the machine learning techniques was used in Py-
thon coding to obtain more accurate extraction of particles for the
distributed reinforcing filler in polymer matrix [58]. A step-by-step
process of adopting modified k-means clustering algorithm is subse-
quently elucidated. In classical k-means clustering algorithm, the user
has to find k values by a method, such as elbow and silhouette. A user
has to find again and again for correct ‘k’ clusters. In modified k-means
clustering, k values was obtained by the pixel value. The scale bar
mentioned in the image can be converted into the number of pixels
within the area of scale bar, which can vary based on the magnification
of the input images. Each pixel was assumed as square lattice with the
length of “a” to cover the area of the scale bar present in the microscopic
image. From modified k-means, at initial stage, the user get accurate k
values required to form the clusters.

Then, the side of the pixel can be found out, using the following
relations, which is inherently built-in software.

The process was carried out by 200 um scale bar, as a reference for
the conversion of one pixel value. For an example, a total number of 105
pixels were obtained to be occupied in the reference scale of 200 pm
scale.

2.3. Modified K-means clustering algorithm for finding area of each
particle

Input

M = {my,ms....... my} // Group of gray scale particle k was calcu-
lated from 1 pixel value

1 pixel value = Micron meter scale area / Total pixel presented in
specified area k // At initial step the clusters found through IAS software

Output

Assigned k = 2 // the number of gray scale feature in a microscopic
image

K-means clustering algorithms

Assign initial values for mj;, myp, mg, mg........my, // gray scale par-
ticles in each shape

Repeat

1. n observations of black pixel point into k clusters with nearest
mean// black feature values belongs to 1 pixel value = k1 and <
black pixel value = k2 (another cluster)
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2. put the input symbol in the same group k1 as the closest centroid

3. Measure the Euclidean distance between each input symbol and K
centroids

4. Computing new mean for each black feature cluster

Repeat the step 1 to 4 Until no reclassification was necessary.

The modified k-means clustering algorithm was unique when
compared with the conventional k-means algorithm.

Conventional k-means clustering algorithm has biggest problem, as
the clustering outliers are usually far away points and in boundaries
points are removed for robust performance. But, the modified k-means
clustering algorithm overcame outliers’ problem. That is, it included far
away pixel point as well as boundary pixel points for quantitative
analysis, and none of the pixel values were missed. These clustering
outliers can be noted in Fig. 6 right side later, where far away points
were also included in statistical computation and the same time, the
proposed algorithm is robust. The user needs to spend lot of time in
finding k values, using elbow and silhouette. But, here user easily find
exact k-values required at minimum time.

3. Sensitivity analysis

To study the operating procedure of the newly developed software, a
case study on material was conducted. Accordingly, the polymer com-
posite films reinforced with the ESP in polypropylene carbonate (PPC)
polymer were considered. In our previous work [70], mechanical
properties of ESP/PPC composite films with varying reinforced fillers of
weight percentage (wt.%) of 1, 2, 3, 4 and 5 wt.% were studied. Fig. 3
shows the optical microscopic images of ESP/PPC composite films for
varying wt.% of reinforcing filler. The tensile properties of the com-
posite films were analysed with the help of optical microscopic images
(Fig. 3), in terms of qualitative observations, such as distribution of
particles, orientation and agglomeration [70]. However, the quantita-
tive observation of the ESP dispersion in the PPC matrix was not
explored and therefore, it was studied in this current research with the
help of newly developed algorithms in the subsequent sections.

According to Fig. 3, the number of ESP particles present in the images
progressively increased as the weight percent of fillers increased. Simi-
larly, the ESP particles were randomly orientated in the PPC polymer
matrix in all cases. The random distribution of larger number of smaller
particles is clearly visible in Figs 3(a-b) when compared with the other
wt.%. The number of particles, on the other hand, was substantial in the
higher wt.% system, which implied better mechanical properties, such
as tensile strength and modulus. Despite the fact that the volume frac-
tion of particles increased with wt.% of filler content, it facilitated the
formation of clusters of particles slowly at higher wt.% of filler addition.
Furthermore, particle agglomeration was observed from the increase in
number of larger particles after filler content of 3 wt.%, which was
referred to as a cluster of clusters.

To perform particle quantification and particle clustering, the ESP
particles in the polymer matrix were extracted using developed soft-
ware, as shown in Fig. 4. The extracted particles can change, depending
on the intensity threshold that the user selected. Material users must
choose the proper threshold value in order to reproduce the particle
dispersion shown in the original images. A sample case of addition of 3
wt.% filler to the PPC matrix for various threshold values was obtained
to understand the change of particle extraction with regard to threshold
value, as shown in Fig. 4. The change of particle counts and dispersion
for various intensity thresholds can be readily observed (Fig. 4).

4. Results and discussion
4.1. Optical microscopic images and extraction of particles

Based on the results obtained from this study, a threshold value of
0.45 (Fig. 4e) was observed to reproduce the original picture, as
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previously shown in Fig. 3(c). More also, Fig. 5 depicts the percentage of
variation of number of black dots in the extracted images in comparison
with the original images for different threshold intensities, ranging be-
tween 0.3 and 0.6. The percentage of variation was observed to decrease
as the threshold intensity value increased until it reached 0.4. The
minimal variation achieved from the optimum threshold intensity value
of 0.45, which exhibited the best mapping of the extracted image with
the original. Further increase of threshold value showed the increasing
percentage of variation for other two threshold values. From the result of
the analysis, it was observed that the threshold intensity value varied
case to case, due to the contour required to obtain the black areas.

Furthermore, Fig. 6 left side shows the ESP extracted particles from
the optical microscopic images of the varying wt.% of reinforcing filler
in PPC polymer matrix for optimal threshold intensity values. In each
case, the user can explore the extracted images for the intensity
threshold values between 0.3 and 0.6, and it can be compared with the
original optical images to find out the optimal selection. The range of
threshold can vary based on the particle distribution of different mate-
rials obtained from the microscopic technique. Based on visual inspec-
tion, the best mapped threshold value was identified as optimal value for
the particle wt.%. At higher or more than 3 wt.% of filler reinforced in
polymer composite films, the black features were extracted within the
threshold range from 0.30 to 0.45 to achieve the maximum percentage
of image mapping. On the other hand, the lower wt.% of filler addition
produced better mapping only at the high threshold intensities. Never-
theless, the threshold settings helped the extraction of black features in
images [50-53] for different 5 wt. composite films. However, the same
threshold value cannot be used for all the composite films to extract
optimal black features. This was because the presence of gray scale
particles varied for different threshold values at different wt.% of
composite films, the pixel values was set for black and white, ranging
from 0 to 255.

Besides, Fig. 6 right side depicts the normal distribution of the area of
the particles in each wt.% of the reinforcing filler. In order to obtain the
exact particles distribution, the k-means clustering algorithm came
under unsupervised learning category in machine learning used to find
out the unlabelled data. All the individual particles present in the images
governed by the k-means algorithm could identify k number of cen-
troids, and then cumulated a similar data point to the nearest cluster
[59]. Therefore, this study used a newly developed modified k-means
algorithms aided to find different range of areas of particles using two
different cluster (k = 2) mechanism, similar to the reported work [60].
In this approach, grid technique was applied on all the pixels to model as
a square lattice having the side of a, which was equivalent to the value of
pixel in micron meter [61].

Moving forward, k-means clustering algorithm can be used to fix the
cluster and devise a group, covering all related areas of the particles
closest to the centroid [62]. Consequently, given the large number of
particles placed further from the centroid, the mechanism extended to
the next stage. Similarly, the loop replicated in an outward direction
before all the usable pixels were converted into the real particle field.
Accordingly, the k-means algorithm determined the means of each gray
scale particle and created a single cluster. Finally, measurement of the
centroids for the clusters was obtained by taking the sum of all the data
points of the corresponding cluster. These updated k-means algorithms
were extended to all threshold values within the defined range. Topic
experts manually pick the acceptable threshold value after the naked eye
inspection of the extracted gray scale particle with the original picture of
the specific wt.% of the reinforcing filler in the polymer matrix. K-means
applied expectation-maximization approach to provide the solution for
the issues [63-65]. The expectation-step was used for data points to the
nearest cluster and the maximization-step was utilised to measure the
centroid of each cluster. Distance-based calculation was adopted to
assess the correlation between data points. By using the k-means clus-
tering algorithm, it was convenient to locate the region of each gray
scale particle and, in turn, the total black area of the picture was
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Fig. 3. Optical microscopic images of ESP/PPC composite films with filler contents of (a) 1, (b) 2, (¢) 3, (d) 4 and (e) 5 wt.%.
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Fig. 4. ESP particle extracted images of 3 wt.% filler reinforced ESP/PPC composite films with varying threshold intensities of (a) 0.30, (b) 0.35, (c) 0.40, (d) 0.45,

(e) 0.50 and (f) 0.55.

determined.

Table 1 presents the overall area of the picture considered for this
study, which was kept constant in all cases. As a consequence of the
study, the area ratio (area of the particles divided by the total area of the
image) of the particles for the different wt.% of the composites were
observed to be 0.80, 1.50, 7.50, 7.70 and 8.58% for the 1, 2, 3, 4 and 5
wt.%, respectively. A smaller area ratio was reported in the case of lower
wt.%, but it was observed to be increased in the case of higher wt.%.
However, the higher change in wt.% did not indicate any exponential

growth in the percentage of area ratio, instead it appeared to stay stable.
This implied that the growing wt.% of particles has overlapping of
particles in single positions and consequently, appeared at minimum
places than that of lower wt.%. At a lower wt.%, randomly oriented
smaller particles were observed, but the appearance of particles in the
optical images were exactly reflected in the extracted gray scale particle
images to the maximum extent. At the same time, the specified wt.% of
the composites cannot be related with the area ratio, since it was diffi-
cult to extract the portion of the particles inside the film in the depth
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direction and overlapping of particles in this surface morphological
analysis. Similarly, the region of the particles occupying the images can
be expanded by increasing the threshold amount, but the real picture
produced from the microscopic technique should be mapped accurately.

4.2. One dimensional Gaussian distribution statistical analysis

In an attempt to establish the validity of the extracted gray scale
particle data, one-dimensional (1D) Gaussian normal distribution was
obtained, using developed software [66]. Fig. 7 shows the Gaussian
distribution for varying filler wt.% from the extracted gray scale particle
images. Customized k-means clustering algorithm was used to process
Gaussian normal distribution results. Consequently, the results were
primarily divided into two clusters dependent on the reference of the
centroid values obtained for each cluster [67-69]. Finally, the average
values for both the left and the right categories were defined and plotted
as a separate distribution. They expressed the importance of all the data
derived from the image analysis. The following steps demonstrated a
customised k-means clustering algorithm, overseeing the standard dis-
tribution of Gaussian.

Using the pre-processing method, which was normalization of re-
sults. After standardization, both variables have a common impact on
the model, improving the consistency and efficiency of the learning al-
gorithm. Identify the data samples as left and right, using the k-means
algorithm (left and right) required specifying the classification number
as 2 to reflect these two extreme conditions, including all the gray scale
particles in the pictures. Python coding was used to view automated
plots for left, right and total mean distribution curves.

From the statistical distribution curve (Fig. 7), it can be easily
identified that the left side distribution curves displayed sharp peaks at
lower wt.% of the filler distribution up to 4 wt.%, relative to the other
wt.%. Similarly, the right-hand curves for these materials displayed a
broad peak, owing to a reduced number of larger particles. This implied
that the existence of tiny particles was significant when compared with
the larger particles up to the reinforcing filler of 4 wt.% in the polymer
matrix. On the other hand, the behavior of the left and right-side curves
varied with the higher percentage of filler addition. In comparison, there
was a considerable number of larger particles in higher wt.%, and the
right-side distribution curve often showed relatively sharp peaks.

Table 2 presents the average values of the left and right-side distri-
bution curves for different wt.% of the fillers in the PPC matrix com-
posites. There was a growing trend in average particle area values on
both left and the right-side distribution curves. However, the rate of
increase in the size of the particles varied between the successive wt.%
of the fillers in both distribution curves. The rate of increase of the
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Fig. 6. Left side- ESP extracted particle images obtained from the software for
different wt.% of filler with optimal threshold values of (a) 1 wt.% at intensity
threshold of 0.6, (b) 2 wt.% at intensity thresholds of 0.6, (c) 3 wt.% at intensity
thresholds of 0.45, (d) 4 wt.% at intensity thresholds of 0.45 and (e) 5 wt.% at
intensity thresholds of 0.4 and Right side - Particle distribution histogram plot
for the ESP reinforcing fillers of (a) 1, (b) 2, (c) 3, (d) 4 and (e) 5 wt.% in
PPC matrix.

Table 1
Calculation of black feature area for different wt.% in a microscopic image.

Weight Total area of an Calculated black Total pixel
percentage (wt.%) image (pm2) feature area (pm2) count

1 1,914,556.8 94,954.20 978

2 1,542,96.,12 1214

3 1,838,77.,32 1421

4 3,657,16.,56 1902

5 2,807,53.,44 1509
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Fig. 7. 1D Gaussian plot distribution for ESP reinforcing filler of 1 to 5 wt.% in PPC polymer matrix.

It was also observed from the 1D Gaussian distribution curve that
there was a small change in the overall mean for increasing wt.% of
fillers. It can be deduced that the formation of a particle cluster could be
the reason for the change, but it was not very significant.

particle size in the left side curve was flattened after the addition of 3 wt.
% filler, but the same was significantly increased for the right-side
curves. This phenomenon can be attributed to the agglomeration of
the particles, with the addition of a higher wt.%, which could facilitate a
coherent adhesion between the particles. Furthermore, the excessive
addition of particles could not spread across the system, due to the
constraint of the surrounding particles.
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Table 2
1D Gaussian normal distribution for left and right means.

Weight percentage (wt.%) Mean value of black particle

208.7547
403.1531
788.2115
928.9237
1010.8052

g b wWwN =

4.3. Tensile strength

The experimental investigation of the tensile strengths of the ESP
reinforced PPC composites was investigated for differing wt.% of the
filler or reinforcement. The results obtained indicated that an
improvement in tensile strength was obtained with an increase in wt.%
of the filler. At the same time, the rate of increase was decreased after a
certain limit or threshold. The decrease in tensile strength can be
attributed to the development of agglomerations, as earlier discussed in
the literature. Furthermore, there were no objective tests relevant to
particle size and distribution.

More also, Table 3 presents the comparison of tensile strengths from
experimental results, using proposed technique and model. The model
results were tensile properties of ESP reinforced PLA composites, as a
function of egg [70], as shown in Fig. 8.

In the derived or predicted model, the tensile strengths of the ESP/
PPC composites were correlated with the size and distribution of the
particles. The tensile strength values measured from the model were
observed to be in good and close agreement with the experimental re-
sults. The outcome indicated the visibility of the random direction of the
particles of all varying wt.% of the composites. From the data analysis, it
was evident that the addition of particles increased the tensile strengths
of the composite samples to a threshold loading of 4 wt.%, above which
a sudden decrease was observed. Increased particle size was observed
with the increasing number of particles apparently noticeable from the
declining bandwidth of the right-side normal distribution curve in the
statistical study. In comparison, a small change in the average values of
the total mean in the Gaussian distribution curve often suggested a rise
in particle size, due to the formation of cluster particles.

Furthermore, the increasing pattern was observed up to 4 wt.% of the
filler, in excess of which the declining value was observed at 5 wt.%. At a
lower range of wt.%, the minimal increase in the number of particles
indicated an increased tensile strength value, which means the distri-
bution of smaller particles. On the other side, the slope of the increase in
particle size was observed to be high, but the consequence of the same
was not substantially expressed in the tensile strength. Around the same
period, a small improvement in intensity was observed, which can be
attributed to the dispersion of the highest proportion of the minimal size
particles in the corresponding wt.% of the filler or reinforcement. After a
certain limit at 4 wt.% of the filler, a diminishing pattern was observed
in both number of particles and tensile strength plots, as shown in Fig. 9.

The increasing size of the particles after the creation of a cluster can
be a reason for the reduction of the number of particles. Additionally,
these clusters of particles might have decreased the tensile strength of
the composites, due to stress concentrations at the boundary of the
agglomerated particles and lack of binding materials between loosely

Table 3
Comparision of tensile strengths of experimental results and model.

ESP in the composite Tensil strength (MPa)

(wt.%) Model results Experimental results
1 17.7 £ 0.4 18.01
2 21.1 £ 0.8 21.50
3 25.5 + 1.0 26.00
4 30.6 + 1.7 31.20
5 22.5 + 0.9 26.30
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Fig. 8. Comparison of tensile strengths from experimental result and prdic-
ted model.
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Fig. 9. Comparison between the experimental tensile strengths and the number
of particles with increasing wt.% of ESP filler or reinforcement in PPC matrix.

bonded filler materials.

In order to establish the relationship between the wt.% of filler and
the statistical parameteres with the tensile strengths of the composites, a
linear regression Eq. (1) was derived and solved for the constant co-
efficients with the coefficiant of correlation, R = 0.93 and standard error
value as 3.5%.

Y =A+ BX, + CX, + DX; (@D)]
where A, B, C and D are the constant coefficients and X; = weight
percentage of filler, X5 = mean value of the left side Gaussian distribu-
tion and X3 = mean value of the left side Gaussian distribution. The
following constant coefficient values were obtained after solving the
linear regression equation: A = 12.639350, B = —2.492641, C =
0.007444 and D = 0.010012.

The curve fitting of the linear regression model and the experimental
tensile strengths of the ESP/PPC composites with all varying wt.% of the
filler followed similar trend. Therefore, the material scientists should be
able to estimate the tensile strengths of different particulate composites
with any range of wt.%, using the proposed model. However, the in-
fluence of random orientation of the particle was not included in this
study. This research was entirely based on examination of the region of
the size of the particles with reference to the tensile strengths of the
composites.
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5. Conclusions

A novel IAS has been developed, using Python coding to explore the
quantitative observations from the optical imaging technique. The
modified k-means clustering algorithm with the combination of grid
technique was invented to predict the actual particle size based on the
reference scale used in the optimal images. During the process, the
extracted particle image was obtained for the optimal threshold value
with the maximum percentage of mapping with original image. The 1D
Gaussian normal distribution showed two groups of data distributions,
according to the size of the particles. An increase in particles size with
the wt.% of the fillers was observed from the shifting of total mean to-
wards right.

Also, the statistical analysis established that the left and right mean
values for varying wt.% of the fillers were the important parameters,
which directly influenced the tensile strengths of the composites. The
predicted linear regression model was fitted well with the experimental
results, connecting the variables such as filler wt.%, left and right means
of the particles size in 1D Gaussian distribution curve. The proposed
models closely predicted the values of experimental tensile strengths,
and 99% accuracy was obtained.

However, the overlapped particles in the optical images could not be
explored from this analysis. Therefore, manufacturers of particle rein-
forced compounds can only use this derived product and model to gain
insight into the correlation between their tensile properties and
morphology based on their defined filler wt.%, prior to the real-time
practice.

Finally, through the developed software, it was possible to study or
find the connection between the structure property and the behavior of
the composites, including shape and even particle distribution as well as
wt.% at which the agglomeration was formed and suitable wt.% for
optimal selection of material with best strength. The proposed technique
can be implemented for other composite materials, including glass fiber/
polymer, wood, mud bricks, reinforced concrete, to mention but a few.
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