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Abstract

This study aims to investigate aggregate geometric characteristics and analyze the possible aggregate shape factors on their
statistical relationships. The study used 2192 crushed rock particles from 5 to 30 mm in diameter for the investigation. The
particles were milled in a ball mill at 0, 1000 and 2000 revolutions to obtain different morphological aspects. The milled
aggregate was taken and digital image processing techniques were used to obtain images and data of the aggregate which
represent the 14 different shape aspects. The obtained data were statistically analyzed using data analysis tools and repre-
sented the statistical relationships. These statistical classifications can be useful for researchers to optimize the performance
of aggregate mixtures in different morphological shape aspects.

Keywords Aggregate shape factors - Circularity - Sphericity - Solidity - Aspect ratio

1 Introduction
1.1 Background

Concrete is a heterogeneous material, and its mechanical
behavior and durability are significantly influenced by its
composition. To comprehend the primary factors governing
its properties, it is crucial to investigate its composition and
behavior [1]. In contrast, concrete is a composite of hydrau-
lic cement, aggregates, and water, optionally enhanced with
admixtures, fibers, or other cementitious materials. Coarse
aggregates are vital in concrete quality, since they constitute
40-60% of the concrete volume [2]. Moreover, aggregates
exhibit chemical reactivity and can interact with the cement
paste, profoundly impacting the final concrete properties.
These properties, in turn, depend on the geometric and tex-
tural parameters of the aggregates. Geometric parameters
include particle count, area fraction, size distribution, shape
characteristics, spatial distribution and more [3].

Properly graded coarse aggregates result in denser con-
crete, reduced void ratio, and increased packing density.
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Most concrete mix proportioning standards define aggre-
gates as angular and rounded. It has been established that
the shape and texture of aggregate particles exert a sig-
nificant influence on concrete properties, encompassing
strength, workability, and durability [1, 4-10]. If one seeks
to optimize concrete mixtures for specific applications, it
is imperative to comprehensively evaluate the influence of
aggregate shape and texture, as understanding their impact
is essential for achieving desired concrete performance and
characteristics.

Aggregate shape analysis in concrete mixtures relies on
assessing the geometric properties of aggregate particles,
a task often accomplished through digital image process-
ing (DIP). DIP facilitates automated characterization of
aggregate shape, with various techniques available, includ-
ing X-ray tomography, laser profiling, and photo geometry
[11]. While most DIP methods generate two-dimensional
(2D) images of aggregates, some researchers have managed
to capture the third dimension through orthogonal views to
measure aggregate volume [12]. However, it is worth noting
that most DIP techniques primarily facilitate the determina-
tion of parameters, such as faction and not volume or weight,
thereby making it challenging to quantify shape characteris-
tics in terms of mass or volume. Consequently, when assess-
ing aggregate shape factors in concrete, it is vital to recog-
nize DIP techniques' inherent limitations and capabilities for
accurate analysis and characterization [13, 14].
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Numerous studies in aggregate characterization using
digital image processing (DIP) methods have been con-
ducted by previous researchers, particularly to discern shape
factors capable of modeling and predicting the packing prop-
erties of concrete, as exemplified by Das [11]. In the most
recent investigation, Gucluer [15] delved into the impact
of aggregate textural attributes on key concrete properties,
specifically compressive strength and ultrasonic pulse veloc-
ity (UPV). By employing two distinct aggregate types and
employing image analysis methods to quantify parameters,
such as aspect ratio, roundness, length, and the total cross-
sectional area, Gucluer’s research unveiled a notable trend:
an increase in aggregate surface roughness correlated with
elevated concrete compressive strength and ultrasonic pulse
velocity.

Similarly, the work of Mora and Kwan [16], brought the
focus to sphericity, shape factor, and convexity factors in
concrete, utilizing DIP techniques for analysis. Their com-
prehensive data analysis aimed to establish connections
between these shape parameters and the conventional meas-
ures of angularity. The results revealed several shape param-
eters exhibiting a strong correlation with traditional meas-
ures of angularity. However, it was noteworthy that, based on
their findings, only the convexity and fullness ratios proved
suitable for angularity assessment. Further research by Mora
and Kwan challenged the conventional perspective, suggest-
ing that traditional angularity measures in terms of packing
density should be discarded, emphasizing that packing den-
sity is indeed a crucial indicator of aggregate performance
but falls short as a reliable measure of angularity.

Ozen and Guler [17] identified the significance of deter-
mining the maximum ferret diameter as the most suitable
shape parameters for estimating aggregate size distribu-
tion, particularly when computed based on the diagonal
sieve opening. Their research culminated in developing an
algorithm that successfully identified distribution functions,
ultimately leading to calculating an optimum threshold for
precise aggregate shape parameter detection.

In addition to the above contributions, numerous research-
ers, such as Barksdale et al., Li et al., Yue and Morin., Kuo
et al., Lewis and McConchie., Kim et al., Xu and Guida.,
Zhang, et al., etc., have harnessed DIP techniques to investi-
gate morphological characteristics of aggregates. Their col-
lective efforts have yielded a diverse array of shape factors
tailored to model and predict the influence of particle shape
and texture on concrete mixtures. These findings have sig-
nificantly enriched our understating of the role of aggregate
characteristics in concrete performance and have laid the
groundwork for more precise and informed concrete mixture
design.

In this research, we have undertaken a systematic explora-
tion of aggregate shape factors that were identified through a
comprehensive literature review. An attempt has been made
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to deeply analyze the identified shape factors using statistical
methods to understand their statistical relationships and their
morphological aspects that are quantified by them.

The significance of this study lies in its potential to offer
valuable insights to researchers and practitioners working
in the field of concrete technology and design by unraveling
the intricate statistical relationships of these shape factors.

This research is a vital resource, providing a foundation
for researchers and practitioners to build their concrete mix
designs. By understanding the impact of aggregate shape,
they can develop more informed and tailored concrete for-
mulations. In addition, findings will help to engineer con-
crete with optimized properties, aligning with the specific
requirements of various applications and ensuring that the
influence of aggregate shape is systematically considered in
the design process.

2 Materials and Methods
2.1 Testing Program

For this investigation, crushed aggregates were used as the
raw materials, and aggregates were obtained from local
quarries. The typical aggregate size used for this research
is 5-30 mm in diameter. Samples of aggregate selected
from the segregated range were divided into three groups.
The selected samples undergo the Los Angeles Abrasion
(LAA) test as per the ASTM C131 to make them smooth
and, change the shape of the particle significantly. Three
groups of aggregates were processed using LAA in three dif-
ferent revolutions (0, 1000 and 2000). After the revolutions
were completed each sample was taken out and sieved with
30 mm (passes) and 5 mm (retain) sieves and segregated
particle size within the 5-30 mm size range. The segregated
particles were washed using clean water and left to air dry
in the room environment for 24 h.

To use image analysis technics, a specific number of
aggregates were taken from each sample and colored in black
paint, and let dry at room temperature. After drying, colored
particles were spread on a white A4 size paper in a special
arrangement. An image of arranged particles was taken by
covering the entire A4 area. For the second shot particles
were mixed and re-arranged on the sheet and images were
taken again. This procedure was repeated for 12 attempts
and 12 different images were taken for analysis. ImageJTM
software is an open-source software used to process and
analyzed scientific images. The images were cropped with
a completely white sheet and converted to binary scale in
the software (black and white) following the scaling of the
image. The binary images were processed and black zones of
the binary images were obtained from the aggerate surface
area as reference. The diameter of each white zones was
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found and a histogram was obtained through this process
cumulative percentages of aggregates were found and the
particle size distribution curve was plotted.

2.2 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
sieves. In this analysis using the image of aggregates, the
area of each particle is computed individually using the
image analysis tool ImageJ™, and the area-equivalent cir-
cle was drawn the diameter of which was computed and
noted. The analyzed aggregate is assumed of a particle of
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 categorized. 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 diameter. The plot is the PSD of aggregates in the sam-
ple analyzed using an image analysis tool. The mean of the
percentages across all repetitive samples were obtained to
represent the mean PSD of the sample population of aggre-
gates belonging to a particular group.

2.3 Computation of Shape Factors

Imagel is a popular image processing and analysis soft-
ware that allows to perform a wide range of tasks on digital
images. It provides various tools and functions for image
analysis, including measurements of different geometric
properties, such as circularity, aspect ratio, roundness, and
solidity.

Circularity: circularity is a measure of how closely an
object resembles a perfect circle. A perfectly circular object
will have a circularity value of 1, while irregular shapes will
have values closer to 0.

Aspect ratio: aspect ratio is the ratio of an object's width
to its height. It provides information about the elongation or
compression of an object along a specific axis. In ImageJ,
it can measure the aspect ratio by dividing the length of the
longer axis by the length of the shorter axis.

Roundness: roundness is a measure of how close an
object's shape is to a perfect circle. It is calculated as the
reciprocal of the aspect ratio, normalized to a range between
0 and 1. A perfectly round object will have a roundness value

Breadth

Length

Fig. 1 Length and breadth of aggregate particle

Fig.2 Major and minor axes of an aggregate particle

of 1, while elongated or irregular shapes will have values
closer to 0.

Solidity: solidity is a measure of an object's compactness
or convexity. It is calculated as the ratio of the object's area
to the area of its convex hull (the smallest convex polygon
that completely encloses the object). Solidity provides infor-
mation about how concave or convex an object's boundary
is. Solidity values range from O to 1, where 1 indicates a
completely solid and convex object.

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 as breadth and height in
Imagel, as shown in Fig. 1.

Fit ellipse—the best fitting ellipse for this area. For this
method, primary axis and secondary axis lengths were
needed, which are shown as Minor and Major in ImagelJ, as
shown in Fig. 2.

Feret’s dimensions—there are two Feret’s dimensions. It
measures the size of an area along a specified direction, as
shown in Fig. 3.

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 contempo-
rary literature are considered for analyses in this study, the
details of which are given in Table 1.
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Fig. 3 Feret dimensions of an aggregate
Table 1 Shape factors used in this study
ID Shape factor Computation ~ References
uc Image] circularity ( s ‘”@”)2 [18]
perimeter’
DAR  Image] aspect ratio Major axis [18]
Minor axis
IR ImageJ roundness _ Amarea [18]
Xmajor axis®
s Image] solidity Area [18]
Convex area
KS Krumbein sphericity 5 [Breadth [19]
Length?
BSF Barksdale et al. shape factor Length [20]
Breadth”
KMFR Kwan and Mora fullness ratio Area [16]
Convex area
SFFR  Sneed and Folk flatness ratio Bre_ad‘}t‘ [21]
Lengtl
FAR  Feret’s aspect ratio MF+S[ [22]
nFeret
SF Shape factor __ Perimeter
Calculated perimeter
PSC Projected sphericity/circularity w [23]
eret
ICS Inscribed circle sphericity / MinFeret [24]
Feret
C Circularity Perimeter’
Area
PS Projected sphericity %

2.4 Analytical Investigation

Number or revolutions and shape factor as two quantitative
random variables can be characterized using different sta-
tistical tools. In this research Pearson correlation analysis,
Principal component analysis and Clustering analysis mainly
used to verify the efficiency of shape factors in character-
izing the aggregate based on shape affected by the milling
process.

2.4.1 Pearson Correlation Analysis
Interpreting correlation coefficients involves assessing the

strength and direction of the relationship between two vari-
ables. The correlation coefficient ranges from —1 to+1,
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with a value of 0 indicating no correlation, a positive value
indicating a positive correlation, and a negative value indi-
cating a negative correlation (Fig. 4).

The strength of the correlation can be interpreted as
follows:

o A value between 0 and 0.3 indicates a weak correlation

o A value between 0.3 and 0.7 indicates a moderate cor-
relation

e A value between 0.7 and 1 indicates a strong correlation

2.4.2 Principle Component Analysis

Principal Component Analysis (PCA) is a statistical tech-
nique used to analyze and reduce the dimensionality of large
data sets. It works by identifying patterns and correlations
in the data and transforming the data into a smaller set of
uncorrelated variables called principal components. The
main objective of PCA is to identify the most important vari-
ables that contribute the most to the variation observed in the
data set. These variables are then used to create new vari-
ables (principal components) that explain most of the vari-
ation in the data. The first principal component explains the
largest amount of variation in the data, the second principal
component explains the second largest amount of variation.
When conducting a principal component analysis (PCA),
the resulting output can be interpreted in several ways. PCA
can also be used to reduce the dimensionality of the data set
by retaining only the most important principal components.
This can be useful when working with large data sets or
when trying to simplify the analysis of the data.

o &

Positive Correlation Negative correlation

2o

Curvilinear

no correlation

(or) non linear

Fig.4 Pearson correlation distributions
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2.4.3 Cluster Analysis

Cluster analysis is a statistical technique used to group data
points into clusters based on their similarities. The main
objective of cluster analysis is to identify groups of data
points that are similar to each other, and different from data
points in other groups.

There are different types of cluster analysis techniques,
including hierarchical clustering and k-means clustering. In
k-means clustering, the data points are partitioned into a
fixed number (k) of clusters based on their proximity to a
pre-defined set of cluster centroids.

Fig.5 Pictures of sample
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3 Results and Discussion
3.1 Introduction

To identify the statistical relationship of shape factors and
to understand their morphological aspects, this study deeply
analyzes 14 different shape factors selected from the con-
temporary literature. Pearson correlation analysis, Principal
component analysis and Clustering analysis mainly used for
analysis.

3.2 Visual Inspection of Aggregates

Figure 5 shows the pictures of randomly collected aggregates
from each groups 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
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the characteristics of aggregates significantly differ between
the degrees of milling, particularly, the change in texture
and shape.

The surface texture relates to highly frequent irregulari-
ties on the surface of the aggregates, where the shape would
be indicated by less frequent irregularities as discussed in
the Fourier analysis of the aggregate image. Specifically,
when the milling is more intense (prolonged), the aggregate
tends to become more rounded (spherical in 3 dimensional),
while a lower degree of milling corresponded to smooth-
ing 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
aggregate ranging from texture to macro-shape. The analy-
sis conducted to identify which of the shape factor com-
putational models retrieved from the literature quantify the
morphological change visually observed in the aggregates
shown in the figure.

3.3 Descriptive Statistics of Shape Factors

Table 2 shows the descriptive statistics details of variables
of aggregate characteristics analyzed in this study. Stat-
ics shows for aggregate area 50—150 mm? and 0, 1000 and
2000 LAA revolutions, a total of 2192 aggregate particles.
It can be observed that the minimum and maximum area is
50.00 mm? and 149.88 mm?. The standard deviation of the
area is 26.86 and it is lesser than the mean value (82.70). The
Kurtosis value used describes the shape probability and it
is the measure of the “peakedness” or “flatness” of the dis-
tribution. IJR, KS, SFFR, and PS shows low peak pattern.
However, C and SF shoes very high Kurtosis values which
could represent sharp peak distribution. In addition, it can
be observed that shape factors IJC, IJR, IJS, KS, KMFS,
SFFR, PSC, ICS, and PS show negative skewness (left tail),
while IJAR, BSF, FAR, SF, and C show positive skewness
(right tail). Furthermore, the standard error of skewness is
very low and consistent, the ratio of skewness to its standard
error is within the range of +2 and — 2. Hence, there are no
concerns over the normality of the data.

Histograms of shape factors are used to observe how
widely data are dispersed with the frequencies of each bin
and to check the reliability of the data. As per Fig. 6, it can
be recognized that IJC, IJR, IJS, KS, KMFR, PSC, and ICS
shows a peak to the right of the center and more gradually
tapering to the left side. Furthermore, it shows unimodal
which mode is closer to the right (left-skewed) and greater
than either the mean or median. In addition, the shape indi-
cates that the preponderance of any outliers is lesser than
the mode. On the other hand, IJAR, BSF, FAR, SF, SFFR,
and C shows a right-skewed histogram, where the peak is
left of the center and more gradual tapering to the right side
of the graph. This is unimodal, with the mode closer to the
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left graph and smaller than either the mean or the median.
Furthermore, this shape indicates that there are several data
points, perhaps outliers that are greater than the mode. Shape
factor PS shows a kind of bell-shaped histogram where a
prominent mount in the center and similar tapering to the
left and right. This unimodal shows that data have a single
mode, identified by the peak of the curve. In addition, it can
be considered a normal distribution.

Furthermore, three shape factors were selected from each
unimodal to further investigate the data dispersed in frequen-
cies of different milling.

As per Fig. 7, KMFR shows a similar right skewed pat-
tern of histogram, while BSF shows left skew in 1000 and
2000 milling. PS shows a bell-shaped distribution in 1000
and 2000 millings, whereas 0 milling shows a uniform
distribution.

Figure 8 shows box and whiskers plots of BSF, KMFR,
and PS shape factors. The box plot of BSF and PS is fairly
consistence with one from the normal distribution; the
median is fairly close to the center of the box. The box plot
of KMFR is slightly distributed the median is close to the
upper quartile which would be suggesting a negative skew-
ness. Furthermore, PS is with qual length of whiskers. BSF
is positively skewed, because the whisker and half box are
longer on the right side of the median than on the left side.
All three distributions include potential outliers. These out-
liers affect the mean, median, and other percentiles, all 14
shape factors show outliers, where C, SF, BSF, FAR, and
IJAR show outliers above the upper whisker. All other shape
factors show outliers below the lower whisker.

Figure 9 shows the shape factor data vs area distribution
in different millings (0, 1000 and 2000). As per observa-
tions, high revolutions result in low area aggregate area. In
addition, it could be visible that high milling concentrates
the distributions to a corner. IJAR, FAR, SF, and C shape
factors with high milling, data concentrated to the left bot-
tom corner (low shape factor value) while, IJC, KS, KMFR,
BSF, 1JS, and ICS concentrated to the right bottom corner
(high shape factor value). However, SFFR, IJR, PS, and PSC
shape factors show distributed patterns.

It can be concluded that some of the shape factor values
are improved with high milling while the area of the aggre-
gate gets low, while some of the factors decrease. In addi-
tion, some of the shape factors are becomes neutral.

It could observe that PSC and PS shape factors show
similar distribution against all milling. PSC and ICS values
lay in between 0.5 and 1.00 while PS values lay at 0.2—1.00.
Furthermore, SF and C show an identical distribution where
SF values lie in between 1.00 and 1.6 and C values lay in
between 13 and 32.

Figure 10 shows Pearson’s correlation coefficients of
Perimeter (P), projected area (A), and 14 different shape
factors of 50—150 mm? size aggregates with the milling of
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Fig. 6 Histogram distribution of different shape factors
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Fig.7 Frequency vs revolutions
distribution
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BSF (mm ™)

Fig.8 Box and Whiskers of BSF, KMFR and PS

all revolutions (0, 1000 and 2000). As per the results, it can
observe that some of the shape factors show strong corre-
lations (+0.95) and some of the factors show very weak
correlations.

Perimeter (P) and Area (A) shows a 0.97 correlation,
while PSC & PS, SF & C, and IJS & KMFR show a sig-
nificant strength of the relationship between two shape
factors (1.00), and IJR & ICS, and IJAR & FAR show an
(above + 0.95) high correlation. On the other hand, IJC &
SF, IIC & C, IJAR & IJR, IJAR & ICS, and FAR & ICS
show strong negative correlations (above —0.95), where the
more the variable tends to be on the opposite side of their
mean.

Although it can be observed that the IJC & C (—0.99),
IJC & SF (-0.99), and FAR & ICS (- 0.98) show a non-
leaner pattern of their correlation distribution. Probably
the two variables are not related linearly. In contrast, the
correlation coefficients show a strong inverse linear rela-
tionship while plotted data shows a nonlinear pattern. This
relationship illustrates why it is important to plot the data to
understand relationships that might exist. The selected shape
factors correlations further investigate with the number of
revolutions (0, 1000, 2000) to see the correlation variation in
the milling process. The critical correlations are summered
in Table 3.
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KMFR

As per the data shown in Table 3, it can be recognized
that there is no considerable variation of correlation coef-
ficients relevant to different LAA revolutions. It can be con-
cluded that milling would not impact the correlations of the
shape factors.

Principle component analysis (PCA) was performed to
recognize the dimensionality of the data matrix about the
total variance in the same shape factors. For the data, it
can recognize that only six eigenvalues are more than 1.00,
whereas all other PCA shows insignificant eigenvalues lesser
than 1. Table 4 shows the variance and cumulative percent-
ages of the total data matrix. It clearly shows a high variance
(58.854%) more than half of the total variance. Together
these six components show a 99.077% total variance. First,
three component shows 90.714% and this indicates that
greater than 90% of the variance of the data matrix that had
14 dimensions could be explained with just three dimen-
sions. The rest can be considered as noise in the data and
that is lesser than 10%.

Furthermore, PCA analysis data were treated using Vari-
max with Kaiser normalization to recognize the component
loadings (Table 5).

The rotation converged in five iterations and the highest
component loadings can be recognized as, IJR, ICS, and
FAR showing high loadings (4+0.9) in component 1 while in
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Table 4 Principal component

. Component Variance %
analysis, components, and
variance 1 58.854
Table 3 Pearson correlation summary 2 17.073
Shape factor Correlation Coefficient 3 14.787
0 1000 2000 4 3.565
5 1.697
Pand A 0.89 0.97 0.97 6 1.101
PSC and PS 1.00 1.00 1.00
SF and C 1.00 1.00 1.00
E; ani Ifcl\gFR (l)gg (1)(9)(6) (1)2(7) the same component IJAR, SFFR, PSC, and PS show +0.85
an ’ ’ ’ loading. In component 2, IJS and KMFR show high loading
IJAR and FAR 0.99 0.97 0.98 . .
UC and SF 0.99 100 1,00 and are level at 0.957. Furthermore, it can be recognized
e and . _0.98 _0'99 - 1'00 that in component 3 there are no cases that can be identified
an e e T that significantly impact the PCA. Significantly, KS and BSF
IJAR and IJR -0.96 —-0.98 —-0.98 . . .
loadings are low in all three components, and loadings less
IJAR and ICS -0.97 —-0.96 -0.97 . ..
than 0.4 can be regarded as being small and trivial.
FAR and ICS -0.98 -0.99 -0.99 . . .
1S and BSF 0.00 013 012 IJC shows a strong negative correlation with SF and
an e e e C, while IJC is dominant in the second component of the
BFS and KMFR -0.09 -0.13 -0.12

PC (0.822). IJAR strongly correlated with IJR, FAR, and
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Table 5 Rotates component matrix

Rotated Component Matrix
Shape Factor Component
1 2 3

IJC 0.488 |0.822 |-0.197
IJAR -0.899 | -0.297 | 0.101
IJR 0.921 |0.236 |-0.066
IJS 0.053 | 0.957 | 0.036
KS 0.687 |0.075 |-0.611
BSF -0.683 | 0.080 |-0.547
KMFR 0.053 | 0.957 | 0.035
SFFR 0.852 | -0.009 |-0.005
FAR -0.906 | -0.295 | 0.104
SF -0.489 | -0.819 | 0.202
PSC 0.853 | 0.437 |-0.067
ICS 0.926 |0.268 |-0.084
C -0.487 | -0.815 | 0.203
PS 0.850 |0.429 |-0.061

Couples of shape factors that show similar correlations in the compo-
nent matrix are highlighted in separate colors

ICS while dominant in the 1st PC component with the
highest loading (—0.899). Shape factor IJR is strongly cor-
related with ICS and IJAR, dominant in 1st PC with high
loading of 0.921. IJS and KMFR are 100% correlated and
dominant in the second component of the PC. KS and BSF
show no correlation with other shape factors. In addition,
there are no considerable loadings can be observed in the
PC. SFFR is not correlated with other shape factors; how-
ever, the factor is dominant in the 1st PC component. FAR
is correlated with IJAR and ICS and is dominant in the 1st
PC component. SF is correlated with IJC and C, further
factor is dominant in the second PC. PSC is strongly cor-
related with the PS and ICS, where the factor is dominant
in the 1st component of the PC. ICS is strongly correlated
with the IJR, and PS, and negatively in IJAR and FAR,
where the factor is dominantly laid in the 1st component
of the PC. C is correlated with SF, and negatively with
IJC while dominant in the second PC. PS is the 14th shape

factor considered in the analysis and PS is strongly cor-
related with PSC. Further PS is dominant in the 1st PC.

Furthermore, it can be recognized that shape factors 1JS
& BSF and BSF & KMFR show a weak negative correlation
(—0.04), where one variable increase and the other variable
tends to decrease, but in a weak or unreliable manner. In
addition, it is noticed that KS, BSF & SFFR shape factors
do not show a strong correlation with other factors.

3.4 Cluster Analysis from Conventional Statistical
Methods

Cluster analysis is used to group similar data into clusters
based on the characteristics of all aggregates. The aggregate
in size ranges from 50 to 150 mm? of projected area. The
arrogates belong to 0, 1000, and 2000 revolutions explained
in this chapter. The cluster analysis was done on the z-scores
of the shape factor to avoid bias due to the computed values.

First, Hierarchical clustering is used to identify the num-
ber of clusters based on the dendrogram.

Figure 11 shows the dendrogram of the hierarchical clus-
ter analysis, it can identify that the distribution is agglom-
erative clustering, where each data point has its cluster and
iteratively merges the closest pairs of clusters until all data
points belong to a single cluster. In addition, illustration
can be used to identify the natural groupings of similar data
points. It can be used to determine the optimal number of
clusters for other clustering algorithms. As per the dendro-
gram considering sections a—a, it can be recognizing three
clusters.

In the constellation plot (shown in Fig. 12) the clusters
are shown as branches. This illustration enables better visu-
alization of the relationship between clusters. In addition,
plot evidence there are three main branches/clusters.

K means clustering used by pre-defining K as 3 based on
the hierarchical cluster finding. The goal of K mean cluster-
ing is to minimize the sum of the squared distance between
each shape factor data point and its assigned cluster centroid
(Table 6).

As per the output, 1208, 829, and 155 data clustered
under clusters 1, 2 and 3, respectively. All data are consid-
ered valid and no missing data are shown. To identify the
cluster membership as a percentage of the total number of
aggregates in each milling, cluster membership data were
used and presented against the degree of milling.

Figure 13 shows the cluster membership as a percentage
of the total number of aggregates in each milling group. As
per the illustration, 25%, 58%, and 62% got clustered under
cluster 1 against 0,1000 and 2000 revolutions. In addition, it
could be observed that a significantly higher percentage of
aggregates that had been milled got clustered in the 2nd clus-
ter as opposed to the first cluster. On the other hand, Clus-
ter 2 shows descending pattern in circles with 43%, 38%,
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Fig. 11 Hierarchical cluster dendrogram

and 35% contributions from 0, 1000, and 2000 revulsions,
respectively. However, Cluster 3 shows a light illustration
with 32%, 4%, and 3% clusters in 0, 1000 and 2000 degrees
of milling. Three clusters did not cluster based on the num-
ber of millings. This indicates that the distance between the
aggregates computed on 14 shape factors is totally not based
variation induced by the process of milling. Moreover, it
could be several other aspects of the shape of the aggregate
that is distributed within each group of aggregates based on
the number of revolutions.

As per Fig. 14, cluster 1 shows law values, while clus-
ters 2 and 3 show extremes of each shape factor. Most of
the highest distance centers belong to cluster 3 (above +2).
In addition, 2nd cluster has the next highest cluster center
z-scores of shape factors indicating they are also distinc-
tively distant from each cluster, and it corresponds to aggre-
gates specifically showing the characteristics of originally
crushed aggregates with a smaller number of un-milled
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Fig. 12 Cluster constellation plot

Table 6 Number of cases in

Number of cases in each
each cluster

cluster
Cluster
1 1124.000
2 888.000
3 180.000
Valid 2192.000
Missing 0.000

aggregate contributions. The variation in all three clusters
indicates a significant pattern relating to the process of
milling.

Figure 15 shows the parallel coordinate plot displaying
the structure of the observation in each cluster. Using these
plots, it is convenient to understand the difference between
clusters. Cluster 1 shows a higher mean, while the mean
descends in order clusters 2 and 3, respectively. IJC, IJR,
1JS, BS, KMFR, SFFR, PSC, ICS, and PS shows high val-
ues in both clusters 1 and 2, while IJAR, BSF, FAR, SF,
and C show lower values. Therefore, comparatively, it could
be recognizing a similar structure in both clusters 1 and 2.
However, it can be observed that different contributions in
cluster 3.

Figure 16 shows the plot of the points and clusters in
the first three principal components of the data. Circles are
drawn around the cluster centers. The size of the circles is
proportional to the count inside the cluster. The shaded area
is the 50% density contour around the mean (ZScores of
shape factors) and indicates, where 50% of the observations
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Fig. 13 Cluster membership as 3000
a percentage

2000

1000

Revolutions

-1000

Fig. 14 Plot of final cluster
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in that cluster would fall. The clusters that appear to be
most separated from each other are based on their principal
components.

3.5 Geometric Properties Used to Describe
the Shape and Characteristics of Aggregates.

Circularity, aspect ratio, roundness, and solidity are all geo-
metric properties used to describe the shape and characteris-
tics of aggregates [25]. While each property focuses on dif-
ferent aspects of the shape, there can be certain similarities
and relationships among them. Circularity, roundness, and
aspect ratio are all geometric factors that provide quantita-
tive measures of different aspects of the aggregate shape.
They help in characterizing the overall form and appearance.
Furthermore, circularity, roundness, and aspect ratio are all

Cluster

Final Cluster Centers

M ZScorellC

M ZScorelJAR

m ZScorelJR
ZScorellS

W ZScoreKS

M ZScoreBSF

W ZScoreKMFR

W ZScoreSFFR

B ZScoreFAR

B ZScoreSF

B ZScorePSC

W ZScorelCS

W ZScoreC

ZScorePS
Cluster

related to the regularity of the shape. Higher values of cir-
cularity and roundness indicate a more regular, symmetrical
shape, while lower values suggest irregularity [26]. Aspect
ratio specifically measures the elongation or stretching of the
shape along a particular axis [27].

3.5.1 Circularity

Regarding the similarities in aggregate shape, these geomet-
ric descriptors are all related to different aspects of the shape
and can provide complementary information. For example,
circularity and roundness both measure the regularity and
curvature of the shape, in this analysis IJC and C shape fac-
tors describe the circularity in aggregate shape. The ¢ mean
value (16.481) is considerably higher than the mean value
of IJC (0.7669). In addition, the standard deviation values
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Fig. 15 Cluster—parallel coor-
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show greater variability of C (1.34345) comparatively IJC
(0.0548). Furthermore, the histogram shows two different
patterns of distributions belonging to these two shape fac-
tors. IJC shows left skewness (negative), while C shows
right (positive). However, from the statistical analysis, it
was evident higher correlation of the IJC and C in all mill-
ing attempts —0.98, —0.99, and — 1.00 in 0, 1000 and 2000,
respectively. Furthermore, in PCA analysis, the rotated
component matrix indicates both shape factors show high
loadings in component 2 (4 0.8). In addition to that it can

@ Springer

identify from the clustering, the highest cluster centers indi-
cated by IJC and C within the 3rd Cluster.

Therefore, considering all the statistical test it can be con-
cluded that IJC and C shows more potential morphological
similarities within their quantitative distribution. Circular
aggregates tend to pack more efficiently, maximizing the
void space between particles. Similarly, aggregates with
higher roundness can achieve better packing, reducing voids
[28]. Either IJC or C can be used to identify the impact of
circularity on the structure of concrete.
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3.5.2 Aspect Ratio

The aspect ratio can influence the arrangement of particles
in the aggregate, affecting how they pack together. Feret’s
aspect ratio is another shape factor used to quantify the
shape characteristics of aggregates. It measures the elonga-
tion or stretching of an object along its maximum and mini-
mum Feret diameters [29]. In this analysis, IJAR and FAR
describe the impact of aspect ratio in quantitative analysis.
IJAR and FAR show close means (1.355 and 1.378) and
medians (1.292 and 1.324). Furthermore, both show similar
Skewness (2.066 and 2.009) and Kurtosis values (6.736 and
6.436), from the values it can be imagined that the distri-
bution of both shape factors could be right-hand skewed
positive similar distribution of histogram. In addition to the
histogram, both factors show an identical distribution in area
vs shape factor distribution. From the statistical tests, it is
identified that more morphological similarity between these
two shape factors. The correlation between IJAR and FAR
is possibly strong in all three milling attempts (0.99, 0.97,
and 0.98). Further PCA indicates the highest loadings within
the 1st component (—0.899 and —0.906). Therefore, it can
be concluded that IJAR and FAR homogenously contribute
to the analysis and either one of these factors can be used
to investigate the impact of aspect ratio in the structure of
aggregate packing.

3.5.3 Projected and Inscribed Circle Sphericity

Projected sphericity and inscribed circle sphericity are two
measures used to assess the sphericity or roundness of an
object or aggregate. While they both relate to the object's
shape, they capture different aspects of its roundness. Pro-
jected sphericity measures the roundness of an object based
on its projection onto a 2D plane. It quantifies how closely
the projected shape resembles a circle [30]. Typically, pro-
jected sphericity is calculated as the ratio of the area of
the object's projection to the area of a circle with the same
perimeter as the object's projection. Inscribed circle spheric-
ity, on the other hand, assesses the roundness of an object by
considering the largest circle that can be inscribed within it.
It measures how well the object's shape can be approximated
by a circle. Inscribed circle sphericity is calculated as the
ratio of the object's area to the area of the largest inscribed
circle [31].

On the other hand, Krumbein sphericity, developed by
W.C. Krumbein, is a measurement used to describe the
shape of sediment particles. It quantifies how closely a par-
ticle approximates a sphere, indicating its roundness. The
calculation of Krumbein sphericity involves measuring the
longest and shortest axes of the particle and using these
dimensions to estimate the surface area [32]. The spheric-
ity value provides a standardized measure to compare the

roundness of different sediment particles [31]. Therefore,
IR, KS, ICS, and PS shape factors describe the impact of
roundness in an aggregate structure. From that statistics, it
can observe that, the means of all factors are not within the
same range (0.761, 0.419, 0.859 and 0.687). All four fac-
tors show negative skewness and positive Kurtosis values
which indicate left skewed histogram distribution; however,
PS shows an odd shape compared to the other three factors,
it is a kind of bell distribution with a prominent mount in
the center and similar tapering to the left and right. Further-
more, by investigating the statistical results it can be recog-
nized that, IJR and ICS show a strong correlation in all three
milling attempts. In addition, PS shows a strong correlation
with IJR. Therefore, considering the IJR, ICS, and PS it can
recognize certain similarities in analysis. The fact justifies
the PCA analysis by indicating the highest loading of all
three factors under the 1st component. On the other hand,
KS does not show a correlation to the other three factors
and all other 13 shape factors, and PCA does not indicate
concentrate loading on one component. Therefore, it can
be concluded that IJR, ICS, and PS shows the similar mor-
phological contribution to the aggregate structure, while KS
shows a different impact.

Moreover, PS shows identical similarity with the PSC in
the area vs shape factor distribution. Because could check
the Pearson correlation, it justifies that PS against PSC is
highly correlated (1.00). Both shape factors are laid in the
Ist component of the PCA and are identical in cluster dis-
tances clusters 2 and 3. Therefore, PSC also shows similar
morphological contributions along with IJR, ICS, and PS.

However, the relationship between projected sphericity
and inscribed circle sphericity lies in their shared objective
of evaluating roundness, but they approach it from different
perspectives. Projected sphericity focuses on the 2D pro-
jection of the object, examining its planar shape. Inscribed
circle sphericity, on the other hand, considers the 2D shape
within the object, specifically the largest circle that can fit
inside it. Projected sphericity may be more sensitive to elon-
gated shapes that deviate from circularity in their projection,
while inscribed circle sphericity is sensitive to irregulari-
ties within the object that prevent a tight fit of the largest
inscribed circle [33]. Projected sphericity is a 2D measure,
capturing the object's roundness when projected onto a
plane. Inscribed circle sphericity is also a 2D measure, as
it focuses on the shape of the object in a single plane [34].

In general, higher projected sphericity values indicate a
closer resemblance to a circle in the object's projected shape.
Higher inscribed circle sphericity values suggest a better
fit of the object's shape to an inscribed circle, represent-
ing a more rounded or spherical object [35]. Therefore, it is
important to note that both measures have limitations and
assumptions, and their applicability depends on the specific
context and requirements of the analysis.
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3.5.4 Solidity

Solidity, also known as compaction or density, is an essential
property of an aggregate mixture used in construction. The
impact of solidity on aggregate mixtures is significant and
affects various aspects of the performance and durability
of the resulting construction materials. [36]. Solidity plays
a crucial role in determining the strength and load-bearing
capacity of concrete, asphalt, or other composite materi-
als that use aggregates. Higher solidity generally leads to
stronger and more durable structures, as densely compacted
aggregates provide better interlocking and resistance to
deformation under load. Solidity contributes to the structural
stability of a construction material [37]. Adequate solid-
ity ensures that the aggregate particles are tightly packed,
reducing the potential for settlement, settling, or shifting
of the material over time [38]. This stability is particularly
important in applications, such as roads, pavements, and
foundations. Solidity affects the permeability and porosity
of an aggregate mixture. A higher solidity results in lower
porosity which reduces the passage of water and other sub-
stances through the material [39]. This is advantageous in
applications, where water infiltration can lead to degrada-
tion, such as in concrete structures exposed to freeze—thaw
cycles. Furthermore, solidity enhances the interlock between
aggregate particles, creating a stable matrix within the con-
struction material. This interlock improves the resistance
to shear forces and contributes to the overall stability and
load transfer capacity of the structure [40]. To optimize the
impact of solidity in aggregate mixtures, necessary to care-
fully select and proportion the aggregates, adjust the com-
paction methods, and control moisture content during the
construction process. By ensuring appropriate solidity, they
can enhance the overall performance, strength, and longevity
of the resulting construction materials [41].

In this analysis, 1JS represents the solidity in an aggregate
mixture. According to the statistics, the distribution of the
1JS shows negative skewness (— 1.499), while the Kurtosis
value is 3.663. Furthermore, the area vs shape factor reveals
that IJS and KMFR show identical distribution. Considering
the means of IJS and KMFR it can identify that both shape
factors show similar distribution in statics. Furthermore, the
fact justifies the results of Pearson’s correlations analysis.
IJS and KMFR show the strongest correlation (1.0) within
all milling attempts. Furthermore, PCA analysis indicates
the highest loading in 2nd component (0.957). In addition,
cluster analysis shows that both shape factors lay in the third
cluster with the same cluster distances. Therefore, consid-
ering the statistical analysis it can be recognized that both
shape factors give an identical outcome against different
milling attempts. Therefore, for further analysis either one
of these shape factors can be used to recognize the impact
of solidity in a mixture of aggregate.
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BSF, SFFR, and SF are the remaining shape factors con-
sidered for this analysis which was not discussed above, Kawn
and Mora have investigated the angularity impact on the aggre-
gate mixture. They have found that several shape parameters
have a good correlation with the traditional measure of angu-
larity. Among them, only the convexity ratio and fullness ratio,
which are closely related to roundness and angularity, may
be taken as measures of angularity [3]. The flatness ratio is a
measure of the elongation or flatness of an aggregate particle
and is calculated by dividing the minimum dimension of the
particle by its maximum dimension. The minimum dimension
is typically considered as the smallest width or thickness of the
particle, while the maximum dimension is the largest width or
length [3]. Sneed and Folk have investigated on flatness ratio
impact on an aggerate mixture.

From the statistical investigation, it is difficult to recog-
nize a morphological pattern within these three shape fac-
tors. Therefore, it can be recognized that these shape factors
individually describe different morphological properties
[21]. However, considering KMFR, KMFR shows a strong
correlation with IJS (1.0), where 1JS describes the impact of
solidity. As above discussed, KMFR is identical to IJS and
shows statistical similarity in analysis. However, there is no
direct similarity between the two concepts. Solidity refers to
the compactness or convexity of an object, specifically in the
context of its boundary shape. It is calculated as the ratio of
the object’s area to the area of its convex hull.

SFFR does not show any statistical analysis similarity with
the other 13 shape factors, However, SF shows a strong cor-
relation with C (1.0) and area vs shape factor distribution justi-
fies the identical distribution of SF and SFFR. However, PCA
shows different placements where C loads in the 2nd Compo-
nent and SF loads in the 1st Component. This indicates, even
though the distribution placements are similar values of both
factors are not similar. Furthermore, K means cluster shows
similar clusters centered within C and SF, while the contribu-
tion is laid in the 3rd cluster. Considering all the facts it can
be concluded that either C or SF can be used to identify the
aggregate shape impact in terms of circularity in an aggregate
mixture.

3.6 Summery of the Discussion

Circularity, roundness, aspect ratio, and solidity are all geo-
metric properties used to describe the shape and characteris-
tics of aggregates. Findings of the analysis are concluded in
Table 7.
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Table 7 Summery of conclusions under each geometric property

Geometric Property  Findings

Circularity

1JC and C describe the circularity and roundness of the aggregate, where 1JC and C show similar statistical distribution

and morphological characteristics, where IJC and C can be used to identify the impact of aggregate packing of concrete

structure

Roundness

Projected sphericity and inscribed sphericity measure the roundness of an object. IJR, KS, ICS, and PS can be recognized

as shape factors that describe the sphericity of an aggregate. Using the data obtained from the correlation analysis, it can
be concluded that IIR-ICS and IJR-PS show a strong correlation with each other shape factors. Furthermore, IJR, ICS,
and PS show certain similarities that are justified by the PCA analysis. However, KS does not show a similar morpho-
logical analysis. On the other hand, KS shows identical similarity with the PSC in distribution as well as in correlation.
Therefore, it can be concluded that IJR, ICS, and PS show similar morphological aspects in analysis to understand the

impact of sphericity in a mixture of an aggregate

Aspect Ratio

IJAR and FAR describe the impact of aspect ratio in a mixture of aggregate. Based on the statistical analysis it can be

recognized that IJAR and FAR homogenously contribute to the analysis and one of these shape factors can be used to
identify the impact of aspect ratio in aggregate packing

Solidity

Solidity enhances the interlock between aggregate particles by creating a stable mixture. IJS can be recognized as a

shape factor that describes the aggregate shape in solidity. IJS and KMFR show identical outcomes in different milling
attempts, where 1JS and KMFR describe similar aspects in aggregate solidity

Other

BSF, SFFR, and SF are the shape factors which does not directly explain an aggregate geometry. BSF and SFFR do

not show statistical similarity with other shape factors. However, SF shows a strong correlation with SF, and further
identical distribution can be observed. In this sense, SF can be used to obtain circularity aspects, where BSF and SFFR

independently describe their shape aspects

4 Conclusions and Recommendations

In this paper, aggregate geometric characteristics were inves-
tigated and analyzed to identify the possible aggregate shape
factors and their statistical relationship. Furthermore, data
were used to understand their morphological aspects that are
quantified by the shape factors.

5-30 mm in diameter naturally crushed rock particles
were used for the investigation. Particles were milled in a
ball mill for 0, 1000 and 2000 revolutions to obtain differ-
ent morphological aspects. The milled aggregate was taken
and digital image processing techniques were used to obtain
images and data of the aggregate that represent the shape
aspects. The following conclusions were made from the
analysis.

¢ During the investigation it was revealed that correlations
of the shape factors do not impact the degree of milling.
PSC-PS, SF-C, and IJS-KMFR show strong correlations
(1.00) in each milling revolution. Furthermore, IIR-ICS
and IJAR-FAR show a strong correlation (+0.85), while
IJC-SF, IJC-C, IJAR-ICS, and FAR-ICS show a nega-
tive strong correlation. Furthermore, it was revealed that
KMFR, BSF, and KS do not show any correlation with
other shape factors. From the principal component analy-
sis, it was identified that IJAR, IJR, SFFR, FAR, PSC,
ICS, and PS shape factors were dominant in component
1. IJCE IS, KMFR, SF, and C shape factors were domi-
nant in component 2. KS and BSF do not show a signifi-
cant impact in any of the components, while there are no
considerable loadings that can be seen in component 3.

e Circularity, roundness, aspect ratio, and solidity are all
geometric properties used to describe the shape and
characteristics of aggregates. Based on the statistical
analysis the findings are summarized under each geo-
metric property. IJC and C shows similar morphologi-
cal characteristics in teams of circularity. IJR, KS, ICS,
and PS can be recognized as shape factors that describe
the sphericity of an aggregate. Aspect ratio impact
defined by the IJAR and FAR, while IJS and KMFR
show identical impact in terms of solidity, BSF, SFFR,
and SF do not show any direct aggregate geometry.

The findings of this research will help researchers and
practitioners to develop their mix designs considering the
impact of aggregate shape on the characteristics and sen-
sitivity of the concrete for targeted applications.
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