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Characterisation of the shape of aggregates using image analysis
Daniel Niruban Subramaniam , Dassanayake Hitihamilage Hiruni Pubudika Dassanayake, Navakulan Ahilash, 
Sathushka Heshan Bandara Wijekoon and Navaratnarajah Sathiparan

Department of Civil Engineering, University of Jaffna, Killinochchi, Sri Lanka

ABSTRACT  
Aggregates are packed effectively packed in applications including pervious concrete, mechanical 
performance of which, depends primarily on packing characteristics. Size and shape distribution of 
aggregates affect packing. Several computational methods are used to represent shape of aggregates 
numerically, from analyses of digital images, yet, they have not been compared. This study aims to 
analyse representability of shape aspects of aggregates from different computational methods. 
Crushed rock-aggregates were grouped into five clusters and milled in LAAV machine for different 
number of revolutions (0–2000) to induce morphological changes, Samples were then sieved and 
aggregates from 5 to 30 mm in diameter were obtained (7191 in total). Aggregates were painted in 
black oil paint, laid on white sheets and digital images were obtained and analysed using an open 
source software ImageJTM while shapes were defined based on 14 computational methods. Statistical 
tests Pearson’s Correlations, Principal Components Analysis and K-means Cluster analysis were used to 
assess shape factors. In conclusion, no shape factor singularly represented the morphological changes 
on aggregate particles. A combination of shape factors is required. The data matrix had three 
dimensions and three shape factors Circularity, Kumbrein solidity and Barksdale shape factor optimally 
represented aggregate shape index.
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1. Introduction

The performance and efficiency of materials used in civil 
engineering applications in transportation, geotechnical and 
construction industries depend predominantly on the proper
ties of aggregates. Aggregates are defined by properties such as 
specific gravity, particle size distribution (conformity and 
uniformity coefficients), aggregate impact value, aggregate 
crushing value and Los Angeles Abrasion Value (Akçaoğlu 
et al. 2004, Al-Rousan et al. 2005, Arasan et al. 2011). These 
characteristics determines if an aggregate qualifies to be used 
in subsequent applications. The skeleton matrix that gives 
rise to the strength in civil engineering applications such as 
sub-base in highways, ballast in railwat tracs and concrete in 
construction industry emphatically depends on the packing 
arrangements of aggregates particles (Evangelista and de 
Brito 2007, Aamer Rafique Bhutta et al. 2013, Ćosić et al. 
2015, Subramaniam et al. 2022, Sathiparan et al. 2024).

Understandably, packing is affected by the size distribution 
(aggregates) and the shape distribution of particles. More 
often, aggregates in such applications are considered as of a 
single representative size (mono-size particles) indicated by 
the average size of the sample of aggregates and that they are 
in the shape of a sphere (spherical particles) (Dinger and 
Funk 2013, Chan and Kwan 2014, Pouranian and Haddock 
2018, Subramaniam 2018, Chang and Deng 2020, Sajeevan 
et al. 2022). In contrast, several studies have attempted to 
mathematically optimise the packing model using dual-size 
particles (particles of two distinctive sizes), which still remain 

highly limited in applications (de Larrard and Sedran 1994, 
Gan et al. 2010, Das et al. 2011, Chang and Deng 2020). Natu
ral aggregates come in different sizes and are represented by a 
particle size distribution curve, and mathematically rep
resented by uniformity coefficient, conformity coefficient and 
at times together with effective diameter which corresponds 
to D10 (where 90% of the particles are bigger than the effective 
diameter). While these numerical quotients are employe in 
geotechnical engineering in soils classification as deterministic 
parameters, the efficacy of these numerical values representing 
the size distribution of particle size distribution remains deba
table (Sajeevan 2023). Developing a packing optimisation 
model for a lump of particles with a distribution of sizes 
may need emphatic numerical representation, perhaps as a 
single or a combination of number of coefficients (Mueller 
2010, Ng et al. 2016, Pouranian and Haddock 2018, Shen 
2019).

Natural aggregates, which come in a distribution of sizes, 
are in addition, rarely spherical in shape as assumed in the 
engineering models. Defining the shape of an aggregate has 
been attempted by several researchers resulting in the develop
ment of various mathematical computational models to 
represent the shape of an aggregate (Brzezicki and Kasperkie
wicz 1999, Al-Rousan et al. 2005, Al-Rousan et al. 2007, Ara
san et al. 2011, Bangaru and Das 2012, Zhang et al. 2012, Ding 
et al. 2017, Xie 2017, Ge et al. 2018, Xu and Prozzi 2019, Bhat
tacharya et al. 2020, Ghosh et al. 2020, Zhao 2020). The shape 
of an aggregate significantly impacts the packing of particles 
and thereby the performance including the workability, 
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strength and durability of the engineering product. In geotech
nical and transportation engineering applications, shape of an 
aggregate is represented by aspect ratio, angularity, flakiness 
index and elongation index that have standard methods of 
quantification. Aspect ratio is a measure of the length to 
width ratio of an aggregate particle where aggregate. While a 
higher aspect ratio tends to have lower packing density, a 
lower aspect ratio tend to have higher packing density, 
enhanced workability, strength and durability (Zhu et al. 
2018, Zhang et al. 2019). Angularity on the other hand, is a 
measure of the sharpness of the corners and edges of an aggre
gate particle, that corresponds to the strength and frictional 
properties of aggregates in subsequent applications. Aggre
gates with higher angularity tend to have a higher interlocking 
strength and a better resistance to wear and abrasion while 
lower angularity may result in smoother surface and hence 
reduced strength of materials (Maerz 2004, Man and van 
Mier 2011). Flakiness index is a measure of the degree of 
flatness of the surfaces of an aggregate particle where higher 
flakiness index tends to have lower packing and workability 
and thereby reduced strength (Al-Rousan et al. 2005, Al-Rou
san et al. 2007). Elongation index is a measure of the 
elongation of an aggregate particle and that higher elongation 
index indicates lower packing, workability and strength of 
material (Xie 2017). In addition to these shape factors, other 
parameters that affect the shape of aggregates include texture, 
roundness and sphericity of the particles (Wang 2005, Su and 
Yan 2018). Texture refers to the roughness of the particles, 
while roundness and sphericity refer to the curvature of the 
particles (Mahmoud et al. 2010, Maroof et al. 2020). These 
additional shape factors are hard to be quantified physically 
and are not often considered in civil engineering applications 
and in prediction models developed, although they have sig
nificant impact on performance. Unaccountability of the 
effects of these aspects of the shape of aggregates leads to 
higher uncertainties in the prediction models.

Image analysis is a powerful tool for analysing the shape of 
aggregates in construction materials and is often used to deter
mine the size, shape and texture of individual aggregate par
ticles as well as to quantify the distribution of these 
properties across a sample. Image analysis could be performed 
using a variety of techniques, including microscopy, digital 
imaging and scanning electron microscope (Fletcher et al. 
2003, Bangaru and Das 2012, Gu et al. 2014, Bhattacharya 
et al. 2020). In the case of aggregate shape analysis, digital ima
ging is the most commonly used technique, obtained using 
high-resolution digital cameras and then subsequently ana
lysed using specialised softwares. The software identifies indi
vidual particles and computes their size, shape and texture 
parameters. While image analysis is advantageous to analyse 
several individual aggregates in a sample population, sub
sequent analyses and representing the distribution by numeri
cal values are often seen as challenging (Liu 2017, Krejsová 
et al. 2018).

Several researchers attempted to determine the shape of 
aggregates that led to devising different computational 
methods (Mostofinejad and Reisi 2012), more in the context 
of powder technology (Lin 2016) and ballast in geotechnical 
engineering (Kusumawardani and Wong 2020). While these 

studies assumed as particles were of spherical shape in model
ing packing of particles, several other studies assumed the par
ticles of rectangular shape and incorporated flatness ratio and 
elongation ratio in the packing models (Altuhafi et al. 2013, 
Gong et al. 2016, Ding et al. 2017). Furthermore, another 
study attempted to define the shape of aggregates using Digital 
Image Processing techniques (DIP) with six shape parameters 
including Flakiness ratio, Elongation ratio, Convexity ratio, 
Fullness ratio, Shape factor and Sphericity (Kwan et al. 
2014). Deng et al. (2021) introduced the Maximally Random 
Jammed (MRJ) for ellipsoids, oblate spheroid and prolate 
spheroids. In addition to these, another study used sphericity 
and fullness ratio as parameters to define the shape of aggre
gates (Zheng 2020). Studies have considered both two-dimen
sional and three-dimensional representation of aggregates in 
quantifying the shape and size of aggregates, while some 
studies have approximated three-dimensional representation 
from two-dimensional projection of the same (Masad et al. 
2000, Tafesse et al. 2012, Shuguang and Qingbin 2015, Gong 
et al. 2016).

Although several computational methods have been pro
posed by studies in contemporary literature to define the 
shape of an aggregate, they are mostly confined to the context 
in which the model was either developed or employed (Anbur
uvel and Subramaniam 2022, 2024, Wijekoon 2024). Literature 
has not established a universal representation of the shape of 
an aggregate, that could be used in a mathematical perform
ance model, to incorporate the impact of shape of the aggre
gate on the performance of the material. With the increased 
interest in pervious concrete, the performance of which solely 
depends on the shape and size distribution of aggregates used, 
a more accurate representation of shape and size distribution 
of aggregates becomes critical (Sajeevan and Subramaniam 
2022). Specifically, the permeability and strength of pervious 
concrete, which are the prime performance indicators of the 
concrete are significantly affected by the characteristics of 
the pore structure it encompasses, which in turn depends on 
the shape and size distribution of aggregates. This study 
aims to analyse widely used aggregate shape factors and com
putational models to analyse the efficacy of their represen
tation of the same as a numerical coefficient.

2. Materials and methods

2.1. Aggregate properties

Crushed aggregates of gneiss origin were obtained from the 
North-central region of Sri Lanka, varying in size from 5 to 
30 mm in diameter. Aggregates were then tested for their 
physical properties as explained below. The purpose of the 
study is to analyse the effectiveness of different computational 
methods to numerically represent the shape of aggregates. 
Although different mineralogical constituents of rocks may 
have different morphological changes in the aggregates during 
the process of milling, that dimension is out of scope of this 
study. And therefore, different lithological aspects of aggre
gates on the morphological changes in the shape of the aggre
gates are not considered in this study and a single type of 
aggregate was utilised.
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2.1.1. Aggregate preparation for shape analysis
Aggregates were observed to be flaky, elongated and angular 
in the natural form it was obtained. The measure of LAAV 
(Los Angeles Abrasion Value) is done using the LAAV 
instrument that operates similar to a ball mill, which by 
abrasion deforms the aggregates. Deformation of aggregates 
occurs by abrasion in which the surface of the aggregates 
would begin to loose roughness as the milling process 
undergoes multiple revolutions. As the revolutions contin
ued to increase (milling over a longer period indicated by 
higher number of revolutions), the aggregate then changes 
in shape loosing the angular corners and becoming more 
rounded in shape. On further milling, the aggregate would 
then tend to attain a spherical shape form (with the 
extended amount of milling). Based on this principle, the 
original aggregates obtained for this study was then milled 
for different lengths of time in LAAV machine, including 
500, 1000, 1500 and 2000 revolutions (at a rate of 30 rpm). 
It is understandable that the aggregates particles naturally 
obtained for this study are flaky and elongated, which may 
undergo breakage and wear and tear during the process of 
milling. This would be advantageous for this study instill 
morphological changes significant, that could be analysed 
in subsequent analyses. The impact of different flakiness 
and elongation indexes on the morphological changes on 
the aggregates during the process of milling is beyond the 
scope of this study. A set of aggregates were obtained in 
one batch, and samples for this study were obtained from 
that batch, indicating uniform properties across different 

groups of aggregates that underwent different degrees of 
milling. Therefore, any morphological aspects observed to 
be distinctively different across the groups of aggregates 
are attributed to the degree of milling. Figure 1 shows the 
pictures of the aggregate samples that had undergone differ
ent number of revolutions of milling.

Specific amount of aggregate samples were taken from each 
lump of aggregates, from natural aggregates (that were not 
milled) and each group of aggregates (with different degrees 
of milling). The aggregates were then coloured using black oil 
paint. They were then allowed to air-dry in room temperature. 
After drying, those aggregate particles were spread on a white 
A4 sheet in row-column arrangement. An image of arranged 
aggregates was taken covering the complete sheet. Arranged 
particles were mixed together and rearranged on the sheet 
and an image was taken again. This procedure was repeated 
12 times and 12 different images were obtained to incorporate 
all projections of aggregates in the two-dimensional represen
tations. While taking the image, the background of the sheet 
was lit with white light, to avoid the inclusion of shadow of 
flash in the image adjoining the aggregates.

The images obtained were then processed using ImageJTM, 
an open-source image analysis tool. The image was scaled 
using the dimensions of the A4 sheet size and the image was 
then converted to binary colour scale (black and white). The 
pixel with black in colour bore a pixel value of 0 while the 
pixel with white colour had a value of 256. Collection of 
black pixels corresponded by a black zone in the image indi
cated an aggregate.

Figure 1. Pictures of aggregates that have undergone varied degrees of milling.
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2.1.2. Particle size distribution analysis using image 
analysis
Particle Size Distribution (PSD) is the representation of the 
percentage of particles in each size bin (diameter), drawn to 
a cumulative percentage that passes through particular sieve 
sizes. In this analysis using image of aggregates, the area of 
each particle is computed individually using image analysis 
tool ImageJTM, and the area-equivalent circle was drawn and 
the diameter of which is computed and noted. The analysed 
aggregate is assumed to be a particle with a projected circle 
in shape with the computed diameter.

The particles were arranged in ascending order of corre
sponding diameter and bins of 1 mm were then devised and 
the aggregates were categorised. The total area within each 
bin (summation of the areas of each aggregate in each bin) 
was computed and recorded as the percentage of the total 
area (sum of areas of all aggregates). The percentages of each 
bin were then computed as the cumulative percentage of 
aggregate area up to the bin in consideration (from the lowest 
bin-diameter) and the graph was plotted against the bin-diam
eter. The plot is the PSD of aggregates in the sample analysed 
using image analysis tool. The mean of the percentages across 
all repetitive samples were obtained to represent the mean 
PSD of the sample population of aggregates belonging to a 
particular group.

2.1.3. Computation of shape factors
Computational models to quantify the shape factors require 
the quantification of the following dimensional parameters. 

. Bounding rectangle – The smallest rectangle enclosing the 
selection. This dimension is called breadth and height in 
ImageJ as shown in Figure 2(a).

. Fit Ellipse – The best fitting ellipse for the area is obtained. 
From the ellipse, primary axis and secondary axis lengths 
were computed, which are indicated as Minor and Major 
axis in ImageJ as shown in Figure 2(b).

. Feret’s Dimensions – There are two Feret’s dimensions. It 
measures the size of an area along a specified direction as 
shown in Figure 2(c).

. Feret – The longest distance between any two points of the 
section boundary. (Maximum Caliper)

. MinFeret- The smallest distance between any two points of 
the section boundary. (Minimum Caliper).

The following 14 different computational models employed 
to quantify the shape of aggregate in contemporary literature 
are considered for analyses in this study, the details of which 
are given in Table 1.

2.2. Statistical analyses

Several statistical tools were employed in this study to verify 
the efficacy of shape factors in characterising the aggregates 
based on shape, which is effected by the milling process. Pear
son Correlation: is a measure of how well two continuous vari
ables are linearly correlated, the correlation coefficient that 
results from the test range between −1 and +1. A positive 
value indicates a directly proportional correlation while a 
negative value indicates inversely-proportional relationships. 
In addition, a numerical value of 1 indicates a perfect linear 
correlation while a numerical value close to zero indicates 
the absence of a linear correlation. The test also returns a sig
nificant value, whereas a value of less than 0.05 indicates more 
than 95% confidence in the level of linear correlation indicated 
by the correlation coefficient. The point to consider in this test 
is that the test only tests if the variables are linearly correlated 
and to assess non-linear correlations, the variable would need 
to be correspondingly transformed and then tested again. This 
test is employed in this study to assess if any of the shape fac
tors correlated to the degree of milling (if any of the shape fac
tors directly linearly predict the shape variance), and also to 
understand if any of these shape factors are linearly correlated 
among them so that they can be considered surrogate 
parameters.

Principal Component Analysis (PCA): It is considered a 
pattern recognition tool and not a definitive statistical test, 
and is often employed to reduce the dimensions of the data 
matrix. This test reorganises the variance of data into several 
principal components that are orthogonal to each other and 
computes how much of variance is explained by each of the 
principal components. A rotated matrix about varimax lists 
the variables enlisted in the matrix that are predominantly 

Figure 2. Dimensional parameters used to compute aggregate shape factors.
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aligned to each principal component indicated by a value 
between −1 and +1. The positive value indicates a positive 
impact on the principal component while a negative value 
indicates a negative impact on the variance of the matrix. In 
addition, a value close to 1 indicates a strong impact of the 
variable in the dimension indicated by the corresponding prin
cipal component while a value close to zero indicates the direc
tion of the vector being orthogonal (not impacting the variance 
in the relevant principal component). This test is employed in 
this analysis to identify how many dimensions would be 
required to explain the variance in the data matrix and 
which of the shape factors dominate each principal com
ponent. The results of this study together with Pearson’s cor
relation test would essentially be used to reduce the 
dimensions of the data matrix, which means, removing the 
redundant or surrogate shape factors in the data matrix.

Cluster analysis: is a statistical technical tool that is used to 
cluster similar objects (or cases) together based on predefined 
set of parameters that are common to all cases. It is a powerful 
tool for data exploration, visualisation, pattern recognition and 
interpretation. The technique is based on similarity or dissim
ilarity between objects/cases. The similarity of dissimilarity can 
be measured in terms of distance metrics, such as Euclidean 
distance, Manhattan distance and cosine similarity. K-means 
clustering is a non-hierarchical clustering method, that par
titions data in to K distinct clusters based on similarity. K- 
means clustering aims to partition a set of n observations 
(cases/objects) into K clusters, where each observation belongs 
to the cluster with the nearest mean or centroid. This is a 
method based on interactions, where the algorithm minimises 

the sum of squared distances between each observation and its 
assigned cluster centroid. In this study, K-means clustering is 
adopted that computed similarity between aggregates based on 
several combinations of shape factors, the similarity computed 
based on Euclidean distance.

3. Results and discussion

The purpose of the study is to evaluate the credibility of the 
shape factors used, to represent the shape of an aggregate 
quantitatively and to analyse the sensitivity of the shape par
ameters used in contemporary literature. The results and dis
cussion section of this article includes the following, 

1. Visual identification: This section contains the visual 
inspection and character identification, especially owing 
to the shape characteristics including surface texture, angu
larity, flakiness and elongation (micro and macro shape 
characteristics) of aggregate particles.

2. Descriptive statistics: This section contains statistical 
descriptions of the data matrix of dependent and indepen
dent variables, such as the projected area, the perimeter and 
shape factors of aggregate particles. Statistical descriptions 
discussed in this section include mean 95% confidence 
interval, quartiles and median and frequency distributions 
(histogram) and the characteristics of distribution patterns.

3. Pattern recognitions: This section discusses the patterns in 
the data variables considered in this study, to statistically 
identify the visual character identifications. Pearson’s cor
relation coefficient is used to identify the existence of linear 

Table 1. Description of shape factors.

Shape factor Computation Reference

J.C ImageJ circularity
4p area

(perimeter)2 Rueden 2017

J.AR ImageJ aspect ratio
major axis
minor axis

Rueden 2017

J.R ImageJ roundness
4p area

p × major axis2
Rueden 2017

J.S ImageJ solidity
area

convex area
Rueden 2017

KS Krumbein sphericity

���������
breadth

length2
3

􏽳

Kim et al. 2019

BSF Barksdale shape factor
length

breadth2 Barksdale et al. 1991

FR Kwan and Mora fullness ratio

�������������
area

convex area
2

􏽲

Mora and Kwan 2000

SF.FR Sneed and Folk flatness ratio
Breadth
Length

Lewis and McConchie 1994

FAR Feret’s aspect ratio
Feret

Min Feret
Xu and Di Guida 2003

SF Shape factor
Perimeter

Calculated perimeter

PSC Projected sphericity/circularity
D. Calculated

Feret
Cruz-Matías et al. 2019

ICS Inscribed circle sphericity

����������
Min Feret

Feret

􏽲

Zheng and Hryciw Roman 2016

C Circularity
perimeter2

area

PS Projected sphericity
area
AC
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correlations among dependent and independent variables 
to understand the dependencies of shape factors on the 
size distribution of aggregate particles, and between shape 
factors to identify the presence of surrogate shape factors. 
The second tool used in this section is Principal Com
ponents Analysis (PCA) with which the dimensions of 
the data matrix could be reduced depending on the explica
tion of the total variance of data matrix. Third tool used in 
this section is the process of clustering (K-means) which 
could be used to identify the effectiveness of shape factors 
and combination of shape factors that can cluster aggre
gates based on the shape that is computable using the com
putational models analysed in this study.

3.1. Visual inspection of aggregates

Figure 1 shows the pictures of aggregates that have undergone 
different degrees of milling (up to 2000 revolutions) where 0 
rev indicates the original crushed aggregates. It is evident 
from the figure that the morphological characteristics of aggre
gates significantly differ between the degrees of milling, par
ticularly, the change in texture and shape.

The surface texture relates to highly frequent irregularities 
on the surface of the aggregates where the shape would be indi
cated by less frequent irregularities as per Fourier analysis of 
the aggregate image (Su and Xiang 2020). Specifically, when 
milling is more intense (prolonged), the aggregate tends to 
become more rounded (spherical in three dimensional) 
while a lower degree of milling corresponded to smoothing 
of the surface, essentially changing the texture of the aggregate 
surface. Shape factors may intend to quantify any or all of the 
changes in the shape characteristics of the aggregates ranging 
from texture to macro-shape. The analysis in this study aims 
to identify which of the shape factor computational models 
retrieved from the literature quantify the morphological 
change visually observed in the aggregates shown in the figure.

3.2. Descriptive statistics of shape factors

Table 2 shows the details of statistics of aggregate shape 
characteristic parameters including projected area, perimeter 
and various shape factors analysed in this study. The statistics 
presented here are for a total of 7191 aggregate particles, 
belonging to groups corresponding to different degrees of 
milling. It could be observed that the area and perimeter 
have a very high standard deviation (more than 50% of the 
mean) and that the skewness is also significantly high. Simul
taneously, several of the shape factors indicate a higher vari
ation among the aggregate particles analysed. Kurtosis 
indicates the roundness or sharpness of the distribution at 
the peaks, which again is observed to vary significantly 
among various shape factors.

Analysis of the variations of these parameters (aggregate 
shape characteristics) within each group of aggregates that 
have been grouped based on degrees of milling would be 
essential for further analysis. Figure 3 shows the mean and 
95% confidence interval of the distribution of J.C, KS, J.R 
and BSF within different groups of aggregates grouped Ta
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based on degrees of milling. The four shape factors that 
showed significant variations among degrees of milling have 
been reported in the figure. It could be observed that the 
shape factors J.C, KS, J.R and BSF have shown an increasing 
trend with the degree of milling, where a rapid increase was 
observed between 0 and 500 Rev compared to the difference 
between a higher degree of milling. Other than BSF, the other 
three shape factors tend to saturate with the degree of milling 
within the scope of the study, attaining saturation at least by 
1500 revolutions.

Further analysis of the distribution of shape factors within 
each group revealed that a higher variation could be observed 
within the group with no milling (natural crushed aggregate 
particles), compared to other groups of aggregates. Specifically, 
J.R reveals a much higher variation, compared to other shape 
factors shown in the figure within the first group of aggregates.

The shape factors are mostly based either on the dimen
sions specifically, length, breadth, perimeter and/or projected 
area of aggregate particles. The quantified shape factors 
would therefore change based on the variations among the 
aggregates when proportions among these dimensions chan
ged. More specifically, the primary shape aspects of aggregates 
such as surface texture, angularity, flakiness and elongation, 
would effect a change in the above-mentioned dimensions. A 
higher variation within a group of aggregates indicates the 
presence of highly varying above-mentioned aspects, while a 
narrower distribution indicates a more uniform presence of 

the same. The narrower distribution of a parameter indicates 
that the aggregate belonging to that group has a more uniform 
distribution of the parameter, while a wider distribution indi
cates the contrary.

For a given area of an aggregate particle, the more deformed 
the shape is (due to surface irregularities, angularity or flaky/ 
elongated nature), the perimeter would be expected to 
increase. The proportion of area/perimeter would therefore 
be lower (increased perimeter for the same area). The process 
of milling is expected to effectively smoothen the surface and 
braking of flaky or sharp corners in lower number of revolu
tions due to abrasion and impact. Milling further correspond
ing to higher number of revolutions is expected to erode the 
corners further and make them more rounded, effectively 
increasing the area/perimeter proportions. This process is 
further expected to make the particles more uniform in 
characteristics.

Considering shape factor J.R it could be observed that the 
distribution is significantly wider for the zero Rev group and 
that the distribution remained rather consistent throughout 
the other groups that had experienced milling, irrespective of 
the degree of milling. This indicates that the process of milling 
with a degree of fewer than 500 revolutions had instigated a 
morphological change that removed random irregularities 
that naturally occurred in the crushed aggregate particles, 
more particularly the surface texture and angular and flaky 
corners. Simultaneously, it could be concluded that J.R has 

Figure 3. Mean and 95% confidence interval of the distribution of J.C, KS, J.R and BSF within different groups of aggregates.
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significantly quantified such morphological shape aspects of 
aggregate particles, compared to other shape factors such as 
KS, that showed rather trivial differences between the distri
butions among the groups.

Figure 4 shows the box and whiskers plot of the distribution 
of shape factors, J.R, J.C, KS and SF, among the group of aggre
gates grouped based on degree of milling. The difference 
between the plot given in Figure 3 is that in the box and 

Figure 4. Distribution of shape factors among groups of aggregates.
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whiskers plot, the quartiles (with median at the centre) and 
maximum and minimum are indicated by the box boundaries 
and the outliers are also shown whereas in the previous plot, it 
was the 95% confidence shown with mean where outliers are 
also included. It is evident from Figure 4 that several shape fac
tors such as J.C and SF have a higher number of outliers, dis
tant from the median, while other shape factors such as KS had 
less number of outliers, for the same aggregate particles ana
lysed. This indicates that several shape factors can identify 
different aspects of the shape characteristics of aggregate 
particles.

Owing to the different distributions and presence of out
liers, it is also worth to make observations on the histogram 
of the parameter values for the group of aggregates considered. 
Figure 4 also shows the histogram (frequency distribution) of 
shape factors J.C, J.R, KS and SF, among different groups of 
aggregates. Both J.C and J.R show a uniformly distributed par
ameter in the first group of aggregates (0 Rev) compared to 

other groups, which shows a log-normal distribution with a 
high frequency mean and skewness. On the other hand, SF 
shows a rather narrow, but more normal distribution. Shape 
factor KS has a similar trend to that of SF, yet there is also a 
trend of reducing range within even higher degree milling 
groups. This observation reinstates the discussion of texture 
and angular corner morphological changes and the effective
ness of each shape factor in quantifying the aspects. Further 
statistical tests are required to analyse the effectiveness of 
each shape factor in quantitatively representing the shape 
aspect of aggregate particles. Most of the other shape factors 
had a similar trend as shown and discussed in this section.

3.3. Pattern recognition among aggregate 
characteristics

Prior to analysing data with statistical tests, it is vital to analyse 
the trends and patterns among different parameters pertaining 

Figure 5. Variation of shape factors with projected area of aggregate particles.
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to aggregate shape characteristics. As computation of most 
shape factors are based on the dimensions of aggregates, the 
variations of shape parameters with the two primary par
ameters considered in this study area and perimeter are ana
lysed. Figure 5 shows the variation of shape factors KS, BSF, 
FAR and SF with the projected area of aggregate particles. A 
distinct pattern is observed in both KS and BSF with the 
area of aggregates, where the shape factor quantified decreases 
with the increase in area. Furthermore, in BSF and KS, a 
boundary is observed (a top boundary for KS and a bottom 
boundary for BSF), indicating a restriction to the parameter 
with the area. This could be due to a shape aspect that the fac
tors quantify, which approaches an asymptote with respect to 
the projected area. Shape factors FAR and SF on the other 
hand do not show any correlation to the projected area, yet, 
do exhibit a boundary (lower boundary) as observed in KS 
and BSF. All other shape factors not shown in the plot had 
no significant impact from the projected area and followed a 
similar distribution but did not show a distinct boundary as 
observed in these cases.

3.3.1. Pearson’s correlations
A Pearson’s correlation analysis was conducted between the 14 
shape factors and revolutions (milling degree). Seven cases 
were analysed, the descriptions of the cases are given below 
(Table 3). The cases were analysed for seven groups of aggre
gates, grouped based on the size of aggregates (projected area).

Table 4 shows the Pearson’s correlation coefficient of Per
imeter (P), projected area (A) and 14 shape factors for 7 
cases, with degrees of milling (number of revolutions). The 
size of aggregates indicated by P and A has not shown any sig
nificant correlations with number of revolutions, indicating 

that any bias due to the size of aggregates with the number 
of revolutions is insignificant in the subsequent analysis. How
ever, C06 shows a higher correlation between P and Rev, 
whereas, such an anomaly is not reflected in the correlation 
between A and Rev. Therefore, the distribution of aggregates 
of all sizes could be considered uniform across the number 
of revolutions.

For the case of C01 where aggregates of all sizes were ana
lysed, none of the 14 shape factors has shown any significant 
linear correlation with Rev, indicating none could directly 
quantify the morphological change induced by different 
degrees of milling. The highest correlation coefficients how
ever were obtained for shape factors KS, SF and C with 0.4, 
0.35 and 0.35, respectively, indicating a degree of represen
tation compared to other shape factors. Further analysis across 
the cases C02 – C07 where the size of aggregates was con
sidered, correlations coefficients of several shape factors varied 
significantly with Rev across the cases. Assuming a significant 
relationship exists with a coefficient above 0.5, seven shape fac
tors including J.AR, J.R, KS, BSF, SF.FR, FAR and ICS revealed 
insignificant relationships across cases whereas the other seven 
factors showed significant relationships with Rev as the aggre
gate size varied.

Figure 6 shows the variation of Pearson’s correlation coeffi
cients of seven shape factors with Rev, across seven cases ana
lysed (C01–C07). While C01 was the case with aggregates of all 
sizes, which could be considered as the mean representation of 
the relationship irrespective of aggregate sizes, C02 till C07 
represented an increasing trend in aggregate sizes. From the 
figure, shape factor J.C initially had a negative correlation 
(even though it was not significant) with aggregates less than 
35 mm2 in area, it swiftly rose to a positive correlation when 
aggregates up to 50 mm2 were considered, yet remaining 
insignificant as the coefficient was close to zero. However, as 
the aggregates increased in size across C04 – C07, the linear 
correlation between J.C and Rev became significant with the 
coefficient assuming a value close to 0.8 for C06. A general 
trend indicates a rapid increase in the impact of Rev on J.C 
between aggregates of size up to 150 mm2 and then saturated, 
indicated by rather constant coefficients. Simultaneously, JF, 
FR, PCS and PS showed a similar trend of rapid increase up 
to 150 mm2 and then saturating at a significant linear 

Table 3. Descriptions of grouping of aggregates for analysis.

Case Aggregates size range

C01 Aggregates of all sizes ranging from 20 to 800 mm2

C02 Aggregates of all sizes up to 35 mm2

C03 Aggregates of all sizes up to 50 mm2

C04 Aggregates of all sizes ranging between 150 and 200 mm2

C05 Aggregates of all sizes ranging between 300 and 350 mm2

C06 Aggregates of all sizes ranging between 500 and 550 mm2

C07 Aggregates of all sizes above 600 mm2

Table 4. Pearson’s correlation coefficient of variables with degree of milling (revolutions).

C01 C02 C03 C04 C05 C06 C07

P −0.382 −0.073 −0.131 −0.316 −0.291 −0.769 −0.491
Area −0.321 −0.178 −0.117 0.119 −0.049 −0.364 −0.267
J.C 0.369 −0.104 0.062 0.556 0.387 0.806 0.59
J.AR −0.211 0.16 0.046 −0.414 −0.335 −0.191 0.306
J.R 0.187 −0.169 −0.042 0.41 0.352 0.199 −0.279
J.S 0.185 −0.106 0.085 0.482 0.579 0.761 0.681
KS 0.397 −0.05 0.039 0.332 0.3 0.288 0.002
BSF 0.274 0.115 0.076 −0.272 −0.188 0.081 0.128
FR 0.185 −0.107 0.085 0.479 0.578 0.759 0.68
SF.FR 0.123 −0.084 −0.017 0.304 0.26 0.091 −0.101
FAR −0.233 0.115 0.016 −0.425 −0.373 −0.274 0.211
SF −0.348 0.103 −0.056 −0.52 −0.309 −0.782 −0.559
PSC 0.249 −0.117 −0.001 0.493 0.407 0.572 0.029
ICS 0.225 −0.114 −0.006 0.43 0.396 0.295 −0.187
C −0.336 0.102 −0.054 −0.504 −0.277 −0.773 −0.548
PS 0.246 −0.115 0.002 0.494 0.411 0.586 0.041
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correlation. Shape factors SF and C on the other hand showed 
a similar yet negative correlation. This indicates that these 
seven shape factors can represent a specific shape characteristic 
of aggregate, given that the aggregate is of sufficient size. They 
may not be able to quantify those aspects of the shape of the 
aggregate when the aggregates are smaller in size.

It is also relevant to note, that several of the shape factors 
indicated very similar trends with other shape factors, indicat
ing a possibility that they may be quantifying the same aspects 
of the shape of an aggregate particle. Figure 7 shows the Pear
son’s correlation coefficients between the 14 shape factors ana
lysed. It could be observed that several shape factors revealed 
very high linear correlations with others while some shape fac
tors did not correlate with any other factors. FR-J.S, C-SF and 
PS-PSC showed perfect correlations indicating they had quan
tified the same aspects of the shape of an aggregate and could 
be considered surrogate parameters. Simultaneously, several 
others shown in green reveal very high correlation (pro
portional and inversely proportional indicated by positive 
and negative coefficients), indicating that they may be quanti
fying similar aspects of the shape of an aggregate but not the 
same aspects. Shape factors including SF.FR, BSF and KS 
showed no correlation to any other shape factors, indicating 
they quantify some shape aspects of aggregates that are not 
assessed by the remaining shape factors. This observation 
vouches for further analysis of dimensionality of the data 
matrix considered for this study.

3.3.2. Principal components analysis (PCA)
Principal Component Analysis (PCA) would be required to 
understand the dimensionality of the data matrix with regard 
to the total variance in the same. Considering all sizes of aggre
gates (C01), a KMO and Bartlett test was carried out which 
returned a Kaiser-Meyer-Olkin value of 0.697. This indicates 
that the subsequent PCA would be credible for interpretation. 
From the PCA, only three PCs had an eigenvalue of more than 
1.00, whereas other PCs were considered insignificant that 
contained eigenvalues less than 1. Table 5 shows the 

percentage of the total variance in the data matrix explained 
by each principal component derived from the PCA. The 
first PC explains approximately half of the variance observed 
in the data matrix (46.50%) while all three PCs together 
explain more than 90% of the total variance. This indicates 
that 90% of the variance of the data matrix that had 14 dimen
sions could be explained with just three dimensions. Consider
ing the noise in the data and assuming 10% could be attributed 
to the noise, the total data matrix could be reduced to 3 dimen
sions from the 14 dimensions that it represents.

Table 6 shows the rotated components (about varimax) 
from the PCA. First PC is dominated by J.R, J.AR, FAR, 
SF.FR, PSC, ICS and PS (above 0.85) indicating that these par
ameters could be considered as a single dimension. However, 
loading of these variables may be on either side of the PC1, 
indicating similar but not exact surrogate parameters, which 
may get an indication from Pearson’s correlation. The second 
PC is dominated by J.C, J.S, FR, SF and C, where these too 
could be considered as a single dimension when the total var
iance of the data matrix is considered. Out of the 14 shape fac
tors analysed, 12 factors have been aligned to two orthogonal 
principal components, where the remaining two shape factors 
KS and BSF lay along the third PC. Their loading along the 
third PC is not as affirmed as several other variables along 
first two PCs. In addition, KS, SF.FR and BSF have been 
observed not to correlate linearly with any other shape factors, 
which may indicate that they could well be individual dimen
sions. However, considering the total variance observed and 
the noise in the data should also be considered, the individual 
dimensions these shape factors may represent may not be very 
significant in the shape variations observed in the aggregates 
used in this study.

PCA among the cases C01–C07 was conducted and the 
rotated components in each case are given in Table 7. It 
could be observed that the PCs and the variables dominating 
in each PC for each case do not vary significantly except for 
the KS, BSF and SF.FR. All other variables have similar dom
inations along the principal components, and their impact on 

Figure 6. Variation of Pearson’s correlation coefficients across cases considered.
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the PCs also remained rather consistent across different aggre
gate sizes. In cases C02 and C05, only two PCs had eigenvalues 
more than 1, indicating that the 14 dimensions of the matrix 
could be reduced to just two dimensions. In those instances 
(C02 and C05), BSF, KS and SF.FR had significant loading 
along the first PC. How effective these shape factors are in clas
sifying the aggregates based on similarities of shape will need 
to be assessed.

3.4. Cluster analysis from conventional statistical 
methods

A cluster analysis is done on all aggregate samples, ranging in 
sizes from 20 to 800 mm2 of projected area. The aggregates 
belonged to five different degrees of milling as explained 

above, 0, 500, 1000, 1500 and 2000 Revs. The first analysis in 
clustering was done to restrict clustering to five clusters with 
the expectation that each group of aggregates with a different 
degree of milling would get clustered based on the 14 shape 
factors computed. The cluster analysis was done on the z- 
scores of the shape factors, to avoid bias due to the computed 
shape aspect values.

Figure 7. Pearson’s correlation coefficients between shape factors.

Table 5. Variation explained by each PC from PCA.

PC % of Variance Cumulative %

1 46.505 46.505
2 31.059 77.564
3 12.49 90.054

Table 6. Rotated (varimax) components and variables.

PC1 PC2 PC3

J.C 0.437 0.850 0.197
J.AR −0.924 −0.262 −0.060
J.R 0.945 0.202 0.038
J.S 0.072 0.900 −0.317
KS 0.446 −0.025 0.796
BSF −0.360 −0.038 0.869
FR 0.072 0.900 −0.315
SF.FR 0.796 0.013 −0.080
FAR −0.930 −0.266 −0.061
SF −0.410 −0.847 −0.223
PSC 0.871 0.419 −0.001
ICS 0.948 0.239 0.045
C −0.394 −0.838 −0.231
PS 0.868 0.411 −0.009
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Figure 8 shows the cluster membership as a percentage of 
the total number of aggregates in each group based on degree 
of milling. For example, approximately 30 and 31% of the 
aggregates that had 0 Revs of milling got clustered in the 
first and second cluster, respectively, while another 17% was 
in cluster 4. It is therefore apparent that the five clusters did 
not cluster the aggregates based on degree of milling. This 
indicates that the distance between the aggregates computed 
based on 14 shape factors did not solely rely on the variations 
induced by the process of milling, and that they were either 
assessing several other aspects of the shape of aggregate that 
had been distributed within each group of aggregates grouped 
based on number of revolutions or that the morphology of 
aggregates in the 0 Rev group was highly distributed (as 
observed in the previous distribution frequency analysis). On 
the other hand, it could be observed that a significantly higher 
percentage of aggregates that had been milled got clustered in 
the 5th cluster as opposed to other clusters. This indicates that 
the 14 shape factors are identifying an aspect that was 
deformed by the process of milling. The fifth cluster had less 

than 10% of the 0 Rev aggregates while it had 34, 37, 51 and 
46% of aggregates that had 500, 1000, 1500 and 2000 Revs. A 
closer observation reveals a slight increase in the percentage 
of aggregates from 1500 and 2000 Revs present in the 5th clus
ter, where the lower degree milled aggregates’ presence was 
significantly lower. Observations on the 4th cluster reveal a 
higher presence of lower-degree-milled aggregates compared 
to higher-degree-milled aggregates, indicating a significant 
process of identification of degree of milling.

According to Figure 9, cluster 3 has cases that lay on the 
extremes of each shape factor (either tail, indicated by positive 
and negative z-scores). Most of the z-scores of the shape fac
tors of the cases belonging to cluster 3 are above ±2, the 
cases lay beyond 2 standard deviations from the mean of 
each shape factor. This is evident from very few numbers of 
aggregates as could be seen in Figure 8, and they are mostly 
from unmilled aggregates. 2nd cluster has the next highest z- 
scores of shape factors indicating that they are also distinc
tively distant (different) from other clusters, and it corre
sponds to aggregates specifically pertaining to original 

Table 7. Rotated components (varimax) for cases C01–C07g (orange and green colour indicate significantly high negative and positive correlations).

Figure 8. Cluster information on membership of aggregates among five clusters after KNN cluster analysis using all 14 shape factors.
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crushed aggregates. Although the number of aggregates is less 
and they are mostly from unmilled aggregates group, aggre
gates from different degrees of milling are also present 
(approximately 8–14%), that increased steadily with degree 
of milling. The third cluster had the next distant centres 
based on shape factors which corresponded to aggregates 
that had a higher degree of milling. Another important obser
vation is that the shape factors that had high positive z-scores 
in clusters 3 and 2 have now negative values and vice-versa in 
cluster 5. This indicates a significant shift in the shape factors 
relating to the process of milling.

To analyse the impact of dimension reduction on the clus
tering analysis, several combinations of shape factors were 
used in the KNN cluster analysis. From several trials, it 
could be observed that two shape factors, J.C and J.R were 
sufficient to obtain similar clustering as obtained using all 14 
shape factors. Figure 10 shows the cluster membership percen
tage of each aggregate group across different combinations of 
shape factors. It could be observed that the cluster membership 
significantly changes across the combinations and that the 
impact of addition of different shape factors indicates that 
they quantify different aspects of shape that are varied by 

Figure 9. Final cluster centre information of the KNN cluster analysis.

Figure 10. Summary of cluster membership percentages across different combinations of shape factors.
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degree of milling. For example, the addition of SF to J.R and 
J.C grouped several aggregates in one group that had an almost 
equal percentage of all degree of milling (cluster 01) as 
opposed to other combinations of shape factors. Of all the 
combinations tested, the combination of J.R, J.C, KS and 
BSF yielded a distinct cluster membership where 0 Rev and 
2000 Rev had been significantly isolated to the highest accu
racy, while 500, 1000 and 1500 Revs had been distributed 
among the clusters.

An important observation made in this analysis is that the 
combination of shape factors was congruent to the analysis 
from PCA and Pearson’s correlation. J.R was dominant in 
PC1, while J.C was dominant in PC2. In addition, KS and 
BSF were predominantly laid in PC3, and they were not line
arly correlated. The other shape factors were dominant in 
either PC1 or PC2 and simultaneously were observed to line
arly correlate to either J.C or J.R (proportional or inversely 
proportional), yielding a higher correlation coefficient. They 
could hence be considered surrogate parameters, and they 
did not significantly contribute to the clustering of aggregates. 
In addition, including redundant shape factors as such 
increased the blur in cluster membership, effectively reducing 
the distinct clustering of aggregates, specifically 0 Rev and 2000 
Rev. Although SF was linearly correlated to J.C (inversely pro
portional), it could be observed from Figure 10, the addition of 
SF to the combination of 4 shape factors (J.C, J.R, KS and BSF) 
significantly enhanced the distinction in cluster membership.

From the trials, it was also observed that another combi
nation of three shape factors, J.C, J.S and J.R also yielded a 
higher distinction of cluster membership, as shown in 
Figure 11. However, J.S is dominant in PC2, while it does 
not have a significant correlation to J.C or J.R or SF. Although 
it looks very similar to the membership observed where all 14 
shape factors were used, the percentages are significantly better 
in the analysis with three factors alone. 50 and 55% of 2000 Rev 
and 1500 Rev group aggregates got clustered in the 5th cluster 
that only had 7% of 0 Rev aggregates.

When the number of clusters is set to 2, the combinations 
discussed have clustered more than 75% of 0 Rev aggregates 
to cluster 1 and more than 75% of all other aggregates to clus
ter 2 as shown in Figure 12. The membership of aggregates 

with different degrees of milling was observed to shift gradu
ally between the two clusters as shown in the figure.

Several aspects may cause a blur in distinction between the 
clusters. Firstly, even though all aggregates were milled over an 
equal number of revolutions for a group based on the degree of 
milling, all aggregates may not have received equal treatment, 
owing to the milling action itself. The uncertainty in the treat
ment may have resulted in noise in the data. Secondly, not all 
original aggregates are of the same size and shape that may 
have undergone different morphological changes when equal 
treatment was given in the milling process. Thirdly, the aggre
gates may have a shape aspect that was not affected by the 
milling process, and that remained distributed across the 
aggregate groups with different degrees of milling. Fourthly, 
the shape factors considered in this study may not have quan
tified some shape aspects of the aggregates, that have under
gone morphological change in the milling process. Fifthly, 
the process of clustering may not effectively capture the differ
ent degrees of impact each shape factor may have imparted on 
quantifying the shape of an aggregate. All these uncertainties 
may contribute to noise in the variance of data used in this 
study, reducing the effectiveness of clustering distinctively.

It could therefore be concluded that the degree of accuracy 
obtained in this analysis is significant and that the dimension 
reduction and correlation between shape factors are significant 
and valid. In essence, two combinations of shape factors could 
be considered statistically significant in defining the shape of 
an aggregate; 

1. J.C, J.R, SF, BSF and KS
2. J.C, J.R, J.S, BSF and KS

A further reduction in dimensions of the data matrix may 
be considered, with J.C, J.R and either SF or J.C, with a com
promise on the distinction between the cluster membership. 
To understand the effectiveness of the shape factor in cluster
ing within two groups of aggregates, the KNN cluster analysis 
was conducted between two groups of aggregates (0 Rev–500 
Rev, 0 Rev–1000 Rev and 0 Rev–2000 Rev). Figure 13 shows 
the results of two cluster analyses using different combinations 
of shape factors, indicated by the percentage of each group of 

Figure 11. Cluster information on membership of aggregates among five clusters after KNN cluster analysis using J.C, J.S and J.R shape factors.
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aggregates in each cluster. The combinations shown are the 
most effective clustering obtained over trials of various combi
nations. Rows 01 and 04 show the results of the analysis with 0 
and 500 Rev aggregate groups, while rows 02 and 05 show that 
of 0 Rev and 1000 Rev and columns 03 and 06 show that of 0 
and 2000 Rev. Simultaneously, the first column shows the 
results for the combination where all shape factors are used, 
while other columns show combinations of different shape fac
tors as indicated on the top of each bar chart.

Should a combination of shape factors perfectly identify the 
morphological changes effected by the degree of milling, each 
cluster would have a representation of a single group of aggre
gates, indicated by just one colour for either of the bars (one be 
orange and the other be blue, with 100% representation of each 
group of aggregates). The general observation would be that no 
combination was perfect in clustering and that the clustering is 
consistently improved between 0–500 Rev, 0–1000 Rev and 0– 
2000 Rev. The observations from this analysis indicate, that the 
effectiveness of shape factors to represent morphological 
changes during milling does vary with degree of milling, as dis
cussed in the descriptive statistics section. When all shape fac
tors are considered for the analysis, even though a higher 
portion of milled aggregates are grouped to cluster 02, it failed 
to differentiate 0 Rev aggregates in significant distinction.

Considering Column 01 of Figure 13, a consistent improve
ment in clustering higher degree milled aggregates, the 0 Rev 
aggregates were equally distributed among cluster 01 and clus
ter 02. In addition, all other combinations shown in this figure 
have higher distinctions in clustering of aggregates, specifically 
0 Rev aggregates, compared to the case where all shape factors 
are used. As suggested from earlier discussion based on Pear
son’s correlation analysis and Principal Component Analysis, a 
dimension reduction is not just adequate, but also essential.

Considering the combination of BSF/KS (column 02), a sig
nificant improvement was observed in clustering 0 Rev aggre
gates with 78% in cluster 01 and 22% in cluster 02, with a 
compromise on clustering efficiency of milled aggregates. 
The 0–500 Rev and 0–1000 Rev of the same combination 
even had not improved the milled aggregate clustering 
efficiency. Yet, a highly significant improvement is observed 
in the case of 0–2000 Rev, where 87% of 0 Rev got clustered 

in cluster 01 and 82% of 2000 Rev aggregates got clustered 
in cluster 02. Adding J.C to the combination (of BSF/KS) sig
nificantly improved all cases (column 03) where in the case of 
0–2000 Rev, 92% of 0 Rev aggregates and 84% of 2000 Rev 
aggregates got clustered in clusters 01 and 02.

Considering the combination J.C/J.R/KS, a slight improve
ment in clustering milled aggregates is observed with a larger 
compromise on the 0 Rev aggregates clustering efficiency, 
compared to the combination discussed above. Although the 
clustering efficiency slightly increased for 0 Rev aggregates, 
90% efficiency was observed in this combination for 2000 
Rev aggregates. BSF and KS had a significant increment across 
degree of milling as opposed to other shape factors that satu
rated beyond 500 or 1000 Rev. This had effected a significant 
shift between 0-500 Rev analysis and 0-2000 Rev analysis. In 
addition, from the earlier discussion where J.C had a signifi
cant reduction in the range (frequency histogram) between 0 
Rev and milled aggregate groups, it has contributed to improv
ing the clustering of 0 Rev aggregates, where BSF and KS had 
similar distribution across all aggregate groups. On the other 
hand, J.R had a wider range of distribution across all aggregate 
groups, which negatively impacted the clustering efficiency in 
the third combination (column 04, rows 01-03) with the 
absence of contribution from BSF.

Considering the analysis with the combination of J.S and 
SF, it has a somewhat similar observation with the combi
nation where all factors were used, with a significant improve
ment in clustering 0 Rev aggregates. This combination is 
observed not to contribute significantly to reduce noise and 
effectively cluster aggregates. However, as discussed above, 
the addition of BSF and KS to this combination has signifi
cantly improved the clustering efficiency and this further 
reinstates the quantification of a distinct shape aspect of aggre
gate that has undergone morphological change in the process 
of milling is represented in BSF and KS, distinctively. A com
bination of J.C, J.R, BSF and KS (column 04) showed rather 
less efficiency in clustering as opposed to other combinations 
discussed above. Although each shape factor may have a sig
nificant impact on the clustering, a combination of factors 
resulted in agglomerated impact that may have inhibitions 
from other factors in the combinations. Out of this analysis, 

Figure 12. Cluster information on membership of aggregates among two clusters after KNN cluster analysis using J.C, J.S and J.R shape factors.
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the best combinations were observed to be BSF/KS/J.C and 
BSF/KS/JSF/SF where BSF and KS are considered significant 
contributors in identifying the aspect of aggregates varied 
across degree of milling.

Further clustering attempts were done between 200–500 
Rev, 500–1000 Rev and 1000–2000 Rev groups, using the 

same combinations and other combinations. None of them 
revealed a clustering efficiency more than 70%. This indicates 
the morphological changes induced by the process of milling 
beyond 500 revolutions were not quantifiable using the 
shape factors considered, or perhaps, the changes were trivial 
for numerical quantification based on dimensions. 

Figure 13. Two cluster analysis of various combinations of shape factors, indicated by the percentage of each group of aggregates in each cluster.
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Considering the distribution of shape factors within the group 
of aggregates, it could also imply that the other shape aspects 
within the group of aggregates were more pronounced than 
the morphological changes induced by higher degree of 
milling. It could also be possible that the noise in the data, 
or the impact of aggregate size on the computation of shape 
factors significantly reduced the representation of morphologi
cal aspects that were quantified by the shape factors.

4. Conclusions

This study analysed the aggregate shape factors, computed 
based on dimensions obtained from images of aggregates, in 
representing the shape aspects of aggregate particles ranging 
from 5 mm to 30 mm in diameter. Aggregates were obtained 
from naturally crushed rocks and milled in a ball mill for 
different number of revolutions (degree of milling) to instill 
micro and macro morphological shape aspects of aggregates. 
The following conclusions are made from the analysis. 

. Shape factors had varied distribution patterns among the 
group of aggregates (degree of milling), that significantly 
changed across groups, indicating the ability to quantify 
different shape aspects. Most shape factors had a significant 
difference in mean value between 0 Rev group of aggregates 
and 500 Rev group, where the texture and angular flaky cor
ners of aggregates were observed to change. Other than BSF 
and KS, other shape factors did not show a significant 
difference between the means 1000, 1500 and 2000 Rev 
aggregates. Histogram (frequency distribution) of shape 
factors showed a significant difference in the range and dis
tribution, specifically for J.C and J.R between milled and 
unmilled aggregates, while KS and BSF showed similar dis
tributions across the group of aggregates. The range of 95% 
confidence was significantly reduced for some shape factors 
such as J.R and J.AR, between milled and unmilled aggre
gates, indicating the effect of milling on the unique texture 
the crushed aggregates displayed. None of the shape factors 
showed a linear correlation with revolutions, indicating that 
none were capable of assessing the shape changes due to 
milling, as a single factor. A combination of factors is there
fore necessary.

. Several of the shape factors had perfect or almost perfect 
linear correlations between them, indicated by Pearson’s 
correlation coefficients 1 or close to 1. Shape factors in 
pairs such as SF/FR, J.R/J.AR, SF/C, J.S/FR, PSC/PS, SF/ 
FR and J.R/ICS had perfect correlations and could be con
sidered surrogate parameters. While most shape factors had 
significant correlations indicated by a value at least greater 
than 0.7 in Pearson’s Correlation test, KS and BSF showed 
no significant correlation to any other shape factors. A Prin
cipal Components Analysis (PCA) suggested the 14-dimen
sional data matrix be reduced to 3 dimensions explaining 
more than 90% of the total variance. Considering the dom
inance shape factors had in defining the principal com
ponents and in congruence with the correlation between 
the shape factors, J.R from PC1, J.C and SF from PC2 and 
KS and BSF from PC3 were chosen as influencing shape fac
tors for combinational analysis.

. A Five-cluster analysis revealed that neither of the combi
nations could effectively cluster aggregates congruent to 
the degree of milling. However, a significant trend in clus
tering the members across was observed with a reduced 
number of shape factors, the combinations as indicated by 
PCA and Pearson’s correlations. A two-cluster analysis 
confirmed efficient clustering of aggregates congruent to 
degree of milling, specifically between milled and unmilled 
aggregates. The combinations BSF/KS/J.C and BSF/KS/J.S/ 
KS as the best to cluster at an accuracy of approximately 
90%. This also indicates that the BSF and KS are critical 
in quantifying the morphological changes instilled by 
degree of milling, where they were also observed as unique 
shape factors, that did not correlate with any other shape 
factors.
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