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A B S T R A C T   

This paper uses a new approach where fly ash is characterized on a particle-by-particle basis using automated 
scanning electron microscopy. The particle data is then analyzed with principal component analysis (PCA) to find 
interrelationships among the particle chemical composition for 20 different fly ashes. Consistent trends were 
observed in 20 fly ashes. These trends from PCA were verified by making comparisons of these trends for in
dividual particles. One application is introduced using this particle data. Each particle is categorized into four 
broad groups with a limited chemical composition. These four groups were found in different proportions in the 
different fly ashes investigated. Compressive strength and surface electrical resistivity were measured from 
concrete mixtures made with these fly ashes and the four groups correlated with the performance in concrete. 
This finding is an important step to develop a more general classification of fly ash based on the individual 
particle make-up, which helps to optimize the mixture design and also benefits the sustainable concrete by 
increasing the effectiveness of industrial by-waste usage.   

1. Introduction 

Fly ash is a by-product of the combustion processes of pulverized 
coal. Fly ash collected from a dust-collection system is typically 
composed of finely divided spherical particles with a diameter of 1 
μm–150 μm [1–3]. The major oxide components of fly ash are SiO2, 
Al2O3, Fe2O3, and CaO with minor oxides, including MgO, Na2O, K2O, 
SO3, SrO, TiO2, MnO, and P2O5 [3–8]. Fly ash has been used in a wide 
range of applications including: a low-cost adsorbent for flue gas 
cleaning and wastewater treatment, a raw material for synthesis of 
geopolymers and zeolites, a supplementary cementitious material (SCM) 
in concrete, a backfill material in mining, and roadway soil stabilization 
[3,5,8–10]. 

Fly ash is a waste material from the point of view of the power 
generation. However, because of the good performance and economic 
and environmental benefits of fly ash in concrete, the demand has grown 
steadily [5,6]. Over 98% of the ready mix concrete companies in the 
United States have used fly ash in concrete [11]. Numerous researchers 
[12–18] have also shown the potential of the utilization of high volume 

fly ash in structural applications. However, several challenges still limit 
its utilization in greater volumes. In particular, inconsistent physical and 
chemical properties among fly ash sources can lead to different perfor
mance when blended in concrete [2,19–21]. Though the demand for fly 
ash as an SCM is increasing, it is still difficult to predict the performance 
of fly ash in concrete, including mechanical performance and durability 
properties [2,19–21]. Comprehensive characterization methods that are 
rapid and correlate with performance in concrete can significantly 
improve the optimization of the mixture design and thus offer oppor
tunities for reducing the environmental impact of concrete. 

The reactivity of fly ash has been historically determined by using 
bulk characterization methods such as X-ray fluorescence (XRF), X-ray 
diffraction (XRD), and leaching tests [2,22–25]. Classification methods 
based on the bulk chemistry are widely used in ASTM C618 [26] and EN 
450 [27]. These classifications can provide general insights but they are 
not useful to predict the performance of the fly ash in concrete. For 
example, ASTM C618 defines two classes of fly ash: Class F and Class C. 
However, ASTM C618 explicitly mentioned that the bulk chemical 
component determinations do not predict the performance of the fly ash 
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with hydraulic cement in concrete. Despite the benefits of the bulk 
chemistry one drawback of bulk chemistry is that it is simply the average 
of the system and cannot consider the complexity of the individual 
particles. Each particle of fly ash may have a different chemical 
composition or a combination of crystalline and amorphous materials 
[28–31]. 

Fly ash is airborne particles that are created by rapidly cooling the 
residues of coal combustion in air. During this process, fly ash particles 
actually created through complex procedures including combustion, 
melting, and solidification [24,32]. Therefore, the study of the indi
vidual particles may provide some insight into this process. Numerous 
researchers reported that certain glass phases in fly ash are associated 
with different levels of reactivity [21,33–38]. Several studies have tried 
to find unique chemical groups of glassy phases by using scanning 
electron microscopy with electron dispersive spectrometry (SEM-EDS) 
to examine polished sections of thousands of fly ash particles [21,33,38]. 
Recently, Durdzi�nski et al. [33] suggested that fly ashes are mainly 
composed of four groups of chemical glasses after investigating 4 fly 
ashes [3 Class C fly ashes and 1 Class F fly ash]: i) silicate, ii) calcium 
silicate, iii) alumino-silicate with low to moderate calcium, and iv) 
calcium-rich alumino-silicate. They also studied the reactivity by using 
synthesized glasses [38]. The work found one critical observation that 
the different glasses showed different levels of reactivity. Both studies 
[33,38] revealed that Ca-rich alumino-silicate has the fastest reactivity 
and silicate is the slowest. 

Morphologies and chemical composition of individual fly ash parti
cles were recently studied using the lab-scale micro-computed tomog
raphy (mCT) and SEM/EDS along with synchrotron-based nano 
computed tomography (nCT) and nano X-ray fluorescence (nXRF) [34, 
35,39]. Though several studies [34–36,40] showed that the fly ash 
particles investigated have multiple phases, the particles investigated 
are primarily composed of a single dominant phase mixed with minor 
phases. This is another critical observation. 

By combining two critical observations obtained from the previous 
studies, the elemental composition of a fly ash particle can be an indi
cation of the major phase in that particle and thus this provides an 
important opportunity to study the variance of these elemental com
positions of individual particles and their effectiveness in a concrete 
mixture. 

The first portion of the paper examines universal interrelationships 
among the elemental oxides in thousands of individual fly ash particles 
through a technique named automated scanning electron microscopy 
(ASEM) [28,41–44]. It is a powerful method because it can investigate a 
statistically significant number of particles without human intervention. 
The chemical composition of thousands of individual fly ash particles 
collected from the ASEM method is then analyzed using principal 
component analysis (PCA) to explore the universal interrelationships. 
After establishing an interrelationship between the chemistries of these 
individual particles for 20 different fly ashes, the performance of a 
subset of 12 of these fly ashes in concrete is investigated for their 

Table 1 
Chemical composition of fly ashes (C: Class C fly ash and F: Class F fly ash).  

Fly ash Chemical composition (% by mass) 

SiO2 Al2O3 Fe2O3 CaO MgO SO3 Na2O K2O TiO2 P2O5 SrO LOIa 

C1 XRF 38.4 19.8 6.2 21.9 5.3 1.4 1.8 0.6 1.4 1.7 0.4 0.4 
ASEM 32.2 22.1 6.3 25.6 5.9 1.0 3.1 0.9 1.0 1.7 0.2 – 

C2 XRF 36.2 19.9 6.7 24.0 5.2 1.4 1.7 0.5 1.4 1.4 0.4 0.2 
ASEM 35.8 19.2 5.6 26.9 5.5 1.0 3.0 0.9 0.7 1.2 0.2 – 

C3 XRF 33.2 17.0 5.8 28.1 7.0 1.9 1.9 0.4 1.4 1.4 0.4 0.9 
ASEM 25.3 19.3 5.2 32.5 7.8 2.6 3.4 0.6 1.1 1.9 0.3 – 

C4 XRF 37.6 23.2 5.5 21.8 4.2 1.0 1.7 0.6 1.6 1.6 0.4 0.2 
ASEM 29.9 24.5 5.3 26.2 4.9 1.4 3.0 0.8 1.4 1.7 0.9 – 

C5 XRF 37.9 19.5 5.7 22.9 5.6 0.9 2.0 0.5 1.4 1.5 0.4 1.2 
ASEM 27.8 20.8 5.9 31.4 7.0 0.6 2.9 0.5 0.8 1.9 0.4 – 

C6 XRF 37.0 20.6 5.3 15.6 3.6 2.9 9.2 0.7 1.3 0.7 0.7 0.7 
ASEM 35.1 23.3 3.0 15.0 4.0 2.0 13.4 0.6 1.1 1.6 0.9 – 

C7 XRF 39.1 20.0 6.2 22.3 4.9 1.0 1.8 0.7 1.4 1.1 0.4 0.4 
ASEM 32.6 21.5 5.9 25.6 5.2 0.9 3.6 1.1 1.0 1.5 1.1 – 

C8 XRF 40.0 20.9 5.9 21.5 5.0 0.8 1.6 0.7 – – – 0.2 
ASEM 40.1 22.6 4.5 19.4 5.7 0.8 3.7 0.9 0.6 1.4 0.1 – 

C9 XRF 36.0 22.4 5.5 24.0 4.8 1.2 1.7 0.5 – – – 0.1 
ASEM 31.5 24.0 6.0 25.7 5.3 1.0 3.7 0.6 0.9 1.1 0.1 – 

C10 XRF 35.9 18.0 6.7 25.8 6.1 1.8 1.8 0.4 1.2 0.8 0.5 0.2 
ASEM 36.0 19.3 5.1 22.7 7.8 2.0 4.7 0.6 1.0 0.3 0.5 – 

F1 XRF 56.3 20.1 5.7 10.3 3.0 0.5 0.6 1.4 1.2 0.1 0.3 0.2 
ASEM 45.2 24.3 6.6 14.7 3.5 0.8 1.8 1.9 0.7 0.2 0.2 – 

F2 XRF 52.0 16.4 4.4 18.7 2.9 0.9 0.8 0.9 1.0 0.3 0.2 1.2 
ASEM 50.4 20.9 3.9 17.1 3.7 0.5 1.0 1.4 0.7 0.1 0.3 – 

F3 XRF 59.2 24.4 6.2 4.0 1.2 0.4 1.4 1.1 1.1 0.1 0.1 0.6 
ASEM 48.8 26.6 6.6 9.3 2.0 0.3 1.7 1.9 1.5 0.1 1.1 – 

F4 XRF 49.7 24.2 4.7 12.9 3.3 0.7 1.0 0.6 1.7 0.5 0.3 0.2 
ASEM 45.3 27.4 4.0 14.6 3.6 0.7 1.5 0.6 1.1 0.4 0.8 – 

F5 XRF 51.5 23.2 11.9 3.9 1.1 0.9 0.9 2.4 1.3 0.2 0.1 2.4 
ASEM 53.2 25.4 11.2 2.1 0.2 0.8 1.0 4.4 0.7 0.0 1.0 – 

F6 XRF 49.0 20.9 16.1 4.9 0.9 1.6 1.1 2.5 1.1 0.1 0.0 1.8 
ASEM 51.8 25.7 12.3 2.5 0.3 0.7 1.6 4.1 0.7 0.1 0.2 – 

F7 XRF 47.7 24.9 14.7 3.7 0.9 0.7 0.7 1.7 1.3 0.3 0.1 2.2 
ASEM 51.9 26.4 8.0 3.3 0.5 1.7 4.0 2.5 0.9 0.6 0.1 – 

F8 XRF 56.9 22.6 4.6 7.3 2.3 0.3 1.7 1.2 – – – 0.5 
ASEM 56.9 23.9 3.4 6.2 2.1 0.1 4.1 1.7 0.3 1.2 0.1 – 

F9 XRF 53.5 19.2 6.3 13.2 3.1 0.6 0.6 1.1 – – – 0.4 
ASEM 48.3 25.0 5.8 12.6 3.3 0.5 1.3 1.8 1.1 0.2 0.1 – 

F10 XRF 57.7 24.5 4.1 8.1 2.0 0.3 0.2 0.9 – – – 0.5 
ASEM 53.6 27.8 2.8 10.5 2.5 0.5 0.3 1.3 0.4 0.3 0.0 –  

a Loss on ignition. 
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strength and electrical resistivity of the concrete surface [45]. 
This paper does not focus on the theoretical understanding of why 

universal interrelationships were observed. Instead, this paper aims to 
report the universal interrelationships of the individual particles and to 
make a tie between the measurements of the abundance and fly ash 
particle chemical composition and the subsequent performance in con
crete. These findings are an important step to the improved classification 
of fly ash, an increase in usage of the waste material. In addition, these 
findings can improve the prediction of the performance in concrete, 
which cannot effectively be done using the previous classification based 
on the bulk chemistry of fly ash. 

2. Materials 

Twenty different fly ashes were investigated in this study. According 
to ASTM C618 [26], ten of the fly ashes were Class C and the other ten fly 
ashes were Class F. All of these fly ashes were obtained from different 
sources in the United States. Thus, fly ashes were produced from varying 
coal sources, boiler designs, and collection conditions. Elemental oxides 
contents for 20 fly ashes were summarized in Table 1. Table 1 shows 
results obtained from both using XRF as per ASTM D4326 [46]and the 
ASEM method as per a previous publication [28]. 

The analysis of the Type I ordinary portland cement (OPC) used in 
this study is summarized in Table 2. This cement was used to prepare all 
concrete mixtures in the study. Limestone and natural sands were used 
as a coarse aggregate and a fine aggregate. Both of them were locally 
available in Oklahoma. The specific gravities of coarse and fine aggre
gates were both 2.6 and their absorptions were, respectively, 0.64% and 
0.55%. 

3. Experimental methods 

3.1. ASEM investigation 

The ASEM method uses SEM-EDS (Aspex Explorer PSEM-EDS) with 
an image analysis operating system. The procedure to investigate fly ash 
was published elsewhere [28,39]. This method has important advan
tages over the conventional analysis of bulk chemistry using XRF [28,39, 
47,48]. The primary advantage of ASEM method is that the analysis can 
rapidly measure the physical and average chemical information of an 
individual particle and collect the information of thousands of particles 
in a reasonable timeframe. With current settings and equipment the 
method can investigate the elemental composition, size, and shape of 
approximately 350 particles per hour with no intervention by the user 
[28]. One challenge with this method is that these particles are not flat 
and so they violate one of the assumptions of EDS analysis. To account 
for this the Armstrong and Love-Scott [49,50] and Armstrong – Buseck 
[51,52] particle correction models were used. These models take into 
account the shape of the particle and make corrections to the collected 
k-ratios. This was done for 12 elements (Na, Mg, Al, Si, P, S, K, Ca, Ti, Fe, 
Sr, and Zr) by using CalcZAF [53,54]. The CalcZAF shape model best 
suited for a sphere was used in the analysis. It should be noted that, 
when the analytical compositions are normalized to 100%, the depen
dence of the shape is significantly decreased and the deviation of models 

is less than 10% [55]. Therefore, slight changes of shapes in the fly ash 
particles are not expected to affect the quantitative results of the ASEM 
method. This approach has been validated in previous publications [28]. 

Table 3 shows the summary of the instrument settings. Consistent 
beam energies were maintained by keeping the probe current constant 
by using a Faraday Cup and pico-ammeter. Table 4 shows the average 
values of standard deviation for three repeat measurements of 50 fly ash 
(Class C) particles. Additional work on the repeatability and accuracy of 
the ASEM method has been presented in other publications [28–30,40]. 
More detailed sample preparation and procedures for the ASEM method 
are found in Appendix A and other literature [28,39]. 

3.2. Principal component analysis 

Principal component analysis (PCA) is a statistical method that can 
be used to reveal complex relationships that underlie a complex dataset. 
This technique uses a mathematical algorithm to reduce the dimen
sionality of the data while still retaining as much information as possible 
[56–58]. In this paper, PCA analysis was used to study the underlying 
relationship for 12 elemental oxides for 2000 particles from each fly ash. 
This number of particles was used as previous studies showed that this 
number of particles was enough to be a representative sample of fly ash 
[28]. Each fly ash data is composed of 2000 measurements and each 
measurement contains 12 variables. The PCA does not include diameter 
as a variable because the particles in fly ashes used had similar size 
distribution as discussed later in the paper. The particle size distribution 
for fly ashes used in this paper can be found in Section 4.2 and Fig. 1. 

The software package R was used for this analysis [59]. A centered 

Table 2 
Properties of Type I portland cements used in the preparation of concrete.  

Chemical test results (%) 

SiO2 Al2O3 MgO Fe2O3 CaO SO3 

20.77 4.57 2.37 2.62 62.67 3.18 
Na2O K2O TiO2 P2O5 SrO BaO 
0.19 0.32 0.34 0.14 0.22 0.07 
Phase concentration (%) 
C3S C2S C3A C4AF 
52.13 20.22 7.68 7.97  

Table 3 
Summary of instrument setting, scanning setting, and EDS setting used for ASEM 
technique.  

Instrument setting 

Spot size 40% 
Accelerating voltage ~20 kV 
Probe currenta 1.15–1.20 nA 
Scanning setting 
Magnification 2500�
Brightness � 15% 
Contrast 90% 
Working distance 17–18 mm 
Aspect ratio �1.3 
Search dwell time 16 μsec 
Measure dwell time 32 μsec 
Threshold lower detectb 128 
Threshold lower measureb 64 
EDS setting 
Minimum counts per second 3500 
Live time (acquisition time) 5 s  

a The probe current collected on a Faraday cup. 
b Gray scale value (from 0 to 255). 

Table 4 
Average values of standard deviation for three independent measure
ments of 50 fly ash particles [29].  

Element Standard Deviation (%) 

Silicon, Si 0.3 
Aluminum, Al 0.4 
Iron, Fe 0.7 
Calcium, Ca 0.8 
Magnesium, Mg 0.3 
Potassium, K 0.6 
Sodium, Na 0.6 
Sulfur, S 0.2 
Phosphorus, P 1.6 

Morphology Standard Deviation 

Average diameter (μm) 0.1 
Perimeter (μm2) 0.4  
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log-ratio (clr) transformation was used to analyze the data as it is 
preferred for compositional data analysis [60–63]. More details on data 
transformation and the discussion of the PCA method is given in Ap
pendix B. 

3.3. Concrete specimen preparation 

Thirteen concrete mixtures were prepared using twelve different fly 
ashes (C1, C2, C3, C4, C5, C6, C7, F1, F2, F3, F4, and F5) and one control 
mixture without fly ash. These fly ashes were chosen as they covered a 
wide range of different chemical compositions. The mixture proportions 
(kg/m3) are given in Table 5. All concrete mixtures used the same w/cm 
of 0.45. The mixtures with fly ash were used at a 20% replacement by 
mass of cement. No chemical admixtures were included to reduce the 
number of variables in the study. 

Aggregates were prepared and stored in a temperature-controlled 
room (22 �C) at least 24 h before mixing. Their batch weights were 
corrected for the moisture content of aggregates. The aggregates were 
charged into the mixer along with approximately two-thirds of the 
mixing water. This was mixed for 3 min. Next, any clumped fine 
aggregate was removed from the walls of the mixer. Then the cement 
and fly ash were loaded into the mixer, followed by the remaining 
mixing water. The mixer was turned on for three minutes. Once this 
mixing period was complete, the mixture was left to “rest” for the 
following two minutes while the buildup of material along the walls was 
removed. Cylinder samples (10.2 cm � 20.3 cm) were prepared, 
covered, and initially cured for 24 h. After this initial curing, cylinder 
samples were demolded and stored in the moisture room at 23 �C for 
specific periods. Compressive strength testing was conducted at 3, 7, 14, 
28, 56, 90, and 180 days in accordance with ASTM C39 [64] and the 
surface resistivity (AASHTO T34 [45]) was also measured at the same 
days. 

3.4. Linear model development 

These concrete specimens were prepared to explore the potential 
application of the particle data. As one potential application, the 
compressive strength and the electrical resistivity were correlated to the 
particle data using two linear models. These linear models for 
compressive strength and electrical resistivity were validated using the 
three-fold cross-validation. In this validation 2/3 of the results are used 
to train a model and then this is validated with the remaining 1/3 of the 
data. This process is repeated 100 times by randomly sampling 2/3 of 
the experimental data and the variation of the results are compared. 
More details of the validation process are summarized in Appendix C. 

4. Results of ASEM and PCA 

4.1. Bulk chemical compositions of fly ashes 

Table 1 shows the bulk chemical composition obtained by both XRF 
and ASEM for all twenty fly ashes. The elemental oxide contents ob
tained from ASEM for all 20 fly ashes were very close to the corre
sponding contents obtained from XRF. 12 out of 193 or 6% of 
comparisons showed more than an absolute difference of 5%. This in
dicates that the two methods agree well with one another. C5 and F3 
showed 10.1% and 11.1% difference for SiO2 and 8% and 5.3% for CaO 
between XRF and ASEM method, respectively. In terms of Na2O, C6 and 
C10 showed 3.4% and 3.0% difference between the two methods. This 
seems to mainly result from the sampling process for either ASEM 
method or XRF because the consistency and accuracy of ASEM methods 
have been confirmed in the previous work [28,29]. It should be noted 
that these differences in bulk chemistry should not affect the PCA results 
because the chemical information of each particle is a critical factor in 
PCA analysis. In addition, the relationships were derived from the 
compositional relationship from 20 different fly ashes with 2000 parti
cles and 12 different oxides for each fly ash, which is a robust number of 
observations. 

4.2. Particle size distribution 

In addition to the composition, the ASEM technique measures the 
size of the particle and produces a particle size distribution (PSD). 
Previous research by Aichele et al. [65] analyzed PSDs of a glass bead, 
fly ashes, and soft latex particles using both ASEM and acoustic atten
uation spectroscopy. This work reported that both analysis methods 
provided similar PSD despite the intrinsically different physics in both 
techniques [65]. The cumulative PSDs of 20 fly ashes investigated are 

Fig. 1. Comparison of the particle size distribution by number fraction of the fly ashes investigated (0.5 μm bin size).  

Table 5 
Proportions of concrete mixtures.  

Material Quantity (kg/m3) 

Fly ash concrete Control concrete 

Cement 290 363 
Fly asha 72 – 
Coarse aggregate 1098 1104 
Fine aggregate 714 721 
Water 163 163 
w/cm ratio 0.45 0.45  

a C1, C2, C3, C4, C5, C6, C7 F1, F2, F3, F4, and F5. 
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summarized in Fig. 1. Most fly ashes varied in size between 0.2 μm and 
50 μm and showed a quite narrow range of PSDs. Class C fly ashes 
showed a slightly wider range of PSDs than Class F fly ashes. Since PSDs 
from 20 fly ashes are similar to each other as shown in Fig. 1, PCA 
analysis performed using the elemental compositions of particles. 

4.3. PCA results 

As mentioned previously, each fly ash obtained from the ASEM 
method was composed of chemical compositions of 2000 particles and 
each particle contained 12 compositional elemental oxide contents by 
mass. In other words, total fly ash data was composed of 40,000 

measurements and each measurement contains 12 variables. To deal 
with this large data, PCA was performed in this study. 

The variance of the data explained by the first ten principal com
ponents (PCs) is summarized in Table A1. More details about the vari
ance of data can be found in Appendix B. In summary, the analysis of 
PC1 and PC2 has the potential to provide important insights into the 
relationships of the underlying chemical composition of the fly ash 
particles. Therefore, the analysis of using PC1 and PC2 was used in this 
work. 

To visualize the results of the PCA, the data was presented with a 
loading plot. A loading plot is a vector-based plot where each vector 
starts at the origin (see Fig. A1). This loading plot can be used to 

Fig. 2. A similar correlation between Na2O and K2O in 20 fly ashes. Each plot is rearranged in decreasing amount of either Na2O or K2O (whichever has the higher 
number of particles). The plots show that Na2O co-exists with K2O in individual particles (the left side of the blue dashed line). (For interpretation of the references to 
color in this figure legend, the reader is referred to the Web version of this article.) 
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qualitatively interpret the interrelationships of the chemical composi
tion within individual fly ash particles [57,58,66,67]. The loading plot 
provides the underlying correlation among elemental oxides: i) 
elemental oxides tending to co-exist in a particle (similar correlation), 
and ii) elemental oxides tending to exclude each other (inverse corre
lation). Full details about the analysis of loading plots obtained from 20 
fly ashes can be found in Appendix B. In this section, the important and 
interesting findings from PCA are summarized below:  

� All 20 fly ashes show consistent trends of chemical composition 
regardless of their sources.  

� Na2O and K2O, SiO2 and [Na2O þ K2O], and CaO and MgO, SO3 and 
P2O5 show a similar correlation to one another within individual 
particles.  
� CaO and [Na2O þ K2O], [Na2O þ K2O] and [SO3 and P2O5] were 

found to inversely correlate to one another within the individual 
particles. 

These qualitative observations obtained from PCA loading plots are 
interesting because it suggested universal trends regardless of fly ash 
sources. These trends would be very challenging to manually find by 
investigating the 480,000 combinations investigated in this work (20 fly 

Fig. 3. A similar correlation between SiO2 and Na2O þ K2O in 20 fly ashes. Each plot is rearranged in a decreasing amount of [Na2O þ K2O]. The plots show that 
particles containing [Na2O þ K2O] are associated with the higher content of SiO2 (more than 35%) as shown in the left side of the blue dashed line. (For inter
pretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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ashes � 2000 particles per fly ash � 12 compounds). However, these 
interrelationships have not been verified and thus work will be done to 
confirm these predictions with quantitative comparisons. 

4.4. Verification of interrelationships among elemental oxides 

To investigate the trends suggested by PCA, comparisons are made of 
the relationship of individual oxides to further investigate the trends 
suggested by the loading plots. Fig. 2 through 7 examine the chemistry 
of 2000 particles per fly ash. The plots have two different Y-axes to 
compare different oxides in the same particle and the X-axis is the par
ticle number. 

4.4.1. Na2O vs. K2O 
Both Na2O and K2O were suggested to play an important role in both 

similar and inverse correlations among elemental oxides, particularly 
SiO2 and CaO. Fig. 2 shows the correlation between Na2O and K2O for all 
20 of the ashes investigated. Each plot in Fig. 2 was rearranged in a 
decreasing amount of either Na2O or K2O (whichever has a higher 
number of particles). For example, C3 fly ash, 737 out of 2000 particles 
contained Na2O and 326 out of 2000 particles had the K2O. Therefore, 
the particles were arranged in terms of the contents of Na2O when 
correlating K2O with Na2O (see C3 plot in Fig. 2). A blue dashed line is 
used to show where the particles with either Na2O or K2O are no longer 
detectable. The results show that for the majority of the particles when 
Na2O was observed then K2O was also found. For example, 99% particles 

Fig. 4. A similar correlation between CaO and MgO in 20 fly ashes. Each plot is rearranged in a decreasing amount of CaO. The plots show a strong correlation 
between the CaO and MgO. 
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(323 out of 326 particles) containing K2O in C3 fly ash also contain the 
Na2O as shown in Fig. 2. This confirms the finding from the PCA loading 
plot. 

There are particles that contain only Na2O or K2O and not the other 
oxide. For example, fly ash C3 had 737 particles with Na2O and 326 with 
K2O and thus there must be some particles that only contain Na2O. 
However, the correlation suggested by the PCA still holds because the 
majority of the K2O containing particles co-exist with Na2O (323 par
ticles) as shown in Fig. 2. 

Since both Na2O and K2O show a similar correlation, the remainder 
of the analysis will just look at the sum of these oxides or the Na2O þ

K2O. This combined group of particles was then compared with the other 
elemental oxides to verify the correlation obtained from the analysis of 
the loading plots. 

4.4.2. SiO2 vs [Na2O þ K2O] 
Another correlation that was suggested by the PCA analysis was SiO2 

and [Na2O þ K2O]. Plots comparing these data sets are shown in Fig. 3. 
The [Na2O þ K2O] data has been plotted from high to low values. The 
data show that particles with relatively high contents of SiO2 (more than 
35%) were observed in the particles containing alkalis (the left region of 
the blue dashed line in Fig. 3). However, particles without alkalis had 

Fig. 5. A similar correlation between SO3 and P2O5 in 20 fly ashes. Each plot is rearranged in decreasing amount of either SO3 or P2O5 (whichever has the higher 
number of particles). The plots show that SO3 tend to co-exist with P2O5 in individual particles (the left side of the blue dashed line). (For interpretation of the 
references to color in this figure legend, the reader is referred to the Web version of this article.) 
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lower amounts of SiO2 as shown in the right region of the blue dashed 
line in Fig. 3. This trend was consistently observed from all 20 fly ashes 
except for C6. This fly ash had a bulk alkali content of 13.4%, respec
tively. Therefore, this has either Na2O or K2O present in almost all of the 
observed particles. 

4.4.3. CaO vs MgO 
The PCA analysis showed a strong correlation between the CaO and 

MgO and this can be seen in Fig. 4. For most of the fly ashes investigated 
it was observed that the contents of CaO and MgO decreased together in 
particles. Such a similar relation is not clearly observed in the F4, F6, F7, 
and F8 due to the small amount of CaO (see Table 1). However, even in 

these fly ashes, it is common for both CaO and MgO to be present 
together. The red crossed particles (particles containing MgO) on the left 
side of the blue dashed line were clearly occurred more often than those 
on the right side of the blue dashed line. This again reinforces the 
findings from PCA. 

4.4.4. SO3 vs P2O5 
Plots showing the correlation between SO3 and P2O5 are shown in 

Fig. 5. The oxide which had a higher number of particles is rearranged 
from the highest content in the same way for the correlation between 
K2O and Na2O. Though the trend is not as strong as Na2O and K2O, these 
plots clearly show that when SO3 is present then so is P2O5. The analysis 

Fig. 6. Opposite correlation between CaO and [Na2O þ K2O] in 20 fly ashes. Each plot is rearranged in a decreasing amount of [Na2O þ K2O]. CaO content increases 
as a decrease in [Na2O þ K2O] content (the left side of blue dashed line). The particles without [Na2O þ K2O] generally have increase content of CaO (the right side of 
blue dashed line). (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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also shows that there are particles that only contain P2O5 and no SO3. 

4.4.5. CaO vs [Na2O þ K2O] 
An inverse correlation between [Na2O þ K2O] and CaO was pre

dicted by the PCA loading plots (see Fig. A2) and Fig. 6 confirms this. For 
each fly ash, the chemical compositional data of particles were rear
ranged in terms of the content of [Na2O þ K2O] and an inverse corre
lation was observed for all 20 fly ashes. The data points on the left of the 
dashed lines in Fig. 6 show that the CaO content increases as a decrease 
in [Na2O þ K2O] content. The particles without alkalis are located to the 
right of the dashed line. Those particles generally had increased CaO 
content. With decreasing alkali contents, the CaO increased up to around 

30%–40%. Only a few particles with a CaO content above 30% were 
found to have either Na2O or K2O. This trend holds for all of the fly 
ashes. Fly ash C6 had Na2O or K2O in almost every particle investigated. 
However, in this fly ash, the inverse correlation between [Na2O þ K2O] 
and CaO can be still observed. 

4.4.6. [Na2O þ K2O] vs.[SO3 þ P2O5] 
These oxides ([Na2O þ K2O] vs. [SO3 þ P2O5]) are suggested to have 

an inverse correlation by the PCA analysis. As shown in Fig. 7, this is 
largely true. The particles have been arranged by low to high amounts of 
[SO3þP2O5]. The data was then arranged from high to low alkali con
tent. This was used to show the correlation between these two variables. 

Fig. 7. Opposite correlation between Na2O þ K2O and P2O5þSO3 in 20 fly ashes. Each plot is rearranged in decreasing amount of [Na2O þ K2O] and [SO3 þ P2O5]. 
The plots show clear four groups. a) Group A: Na2O þ K2O > 0 and SO3 þ P2O5 ¼ 0 (left side of the left blue dashed line), b) Group SP: K2O þ Na2O ¼ 0 and SO3 þ

P2O5 > 0 (right side of the right blue dashed line), c) Group NASP: Na2O þ K2O ¼ 0 and SO3 þ P2O5 ¼ 0 (between blue lines), and d) Group ASP: Na2O þ K2O > 0 and 
SO3 þ P2O5 > 0 (floating red crosses). (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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For the majority of the particles, when Na2O or K2O were present in the 
particles, there was no P2O5 or SO3 (these are on the left side of the blue 
dashed line). This trend indicates that the particles containing the K2O 
or Na2O somehow tend to exclude the content of [P2O5 þ SO3]. This 
trend is observed for all of the fly ashes investigated except C6. In this fly 
ash, K2O and Na2O were present in almost all of the particles. Also, for 
several of the fly ashes, there were particles that did not contain Na2O, 
K2O, P2O5, or SO3. These particles are between the dashed lines in Fig. 7. 

5. Application of particle data 

5.1. Grouping particles using the interrelationships among elemental 
oxides 

The individual particle data allow for exploring numerous ways to 
categorize the particles into different groups based on their elemental 
compositions. The previous section clearly showed that fly ash particles 
have consistent trends among the different elemental oxides regardless 
of their sources. In this study, the authors suggest one possible grouping 
scheme based on these consistent trends described in section 4.4.1 to 
4.4.6 in order to explore the usefulness of this data. Many of the pre
dicted relationships with PCA used either [K2O þ Na2O] or [SO3 þ

P2O5]. In fact, these groups were found to vary inversely as shown in 
Fig. 7. Alkali contents seem to be associated with contents of CaO and 
SiO2 as described in sections 4.4.2 and 4.4.5. Therefore, any fly ash 
particle can be grouped by one of the following four classifications: (a) 
Group A (alkalis): Na2O þ K2O > 0 and SO3 þ P2O5 ¼ 0, (b) Group SP 
(sulfur and phosphorous): K2O þ Na2O ¼ 0 and SO3 þ P2O5 > 0, (c) 
Group NASP (no alkalis, sulfur, or phosphorous): Na2O þ K2O ¼ 0 and 

SO3 þ P2O5 ¼ 0, (d) Group ASP (alkalis, sulfur, and phosphorous): Na2O 
þ K2O > 0 and SO3 þ P2O5 > 0. Group ASP contains particles that are 
not explained by PCA results and the amount of particles in this group is 
very low (~7%). 

To examine the chemical composition of these particles ternary 
density diagrams were made for each of these four groups and are shown 
in Fig. 8. Each of the 40,000 fly ash particles investigated for this paper is 
represented in the plot. Due to the primary interest of Si–Al–Ca system, 
the weight % of SiO2, Al2O3, and CaO are normalized to 100% for the 
ternary density plot. Fig. 8 (a) showed the density plot of 19,689 par
ticles in Group A that contains K2O or Na2O without SO3 and P2O5. The 
SiO2 was found to be between 50% and 70%, CaO less than 20%, and 
Al2O3 between 30% and 50%. However, as shown in Fig. 8 (b), the 
10,116 particles in Group SP have decidedly different chemistry (SiO2 
weight between 10% and 30%, CaO weight between 35% and 60%, and 
Al2O3 weight between 25% and 40%). Group NASP and Group ASP 
showed in Figs. 8 (c) and (d) have chemical compositions between 
Group A and Group SP. It should be noted that the fraction of Group ASP 
in fly ash was generally quite low (less than 10%). 1262 out of 2940 
particles in Group ASP just came from 2 fly ashes (C6 and F5). These two 
fly ashes had alkali oxides much greater than the other fly ashes. 
Therefore, the majority of the particles fell into either Group A or Group 
ASP, For C6 and F5 fly ashes, this Group ASP might be important for 
their performance in concrete. 

Since these groups describe every particle found within the fly ash 
investigated, different percentages of these particles may be able to be 
used to characterize a bulk fly ash sample. A summary of this classifi
cation for all of the fly ashes investigated is given in Table 6. Class C fly 
ashes generally have greater CaO contents than Class F fly ashes. In this 

Fig. 8. Ternary density diagrams for each group obtained from 20 fly ashes. Particles are categorized in four groups with limited chemical compositions. Group ASP 
contains particles that are not explained by PCA results and the amount of this is very low (~7%). 
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classification, Class C fly ashes except for C6 generally have a higher 
fraction in this Group SP [particles with a high CaO content as shown in 
Fig. 8(b)] than the Class F ashes. On the other hand, higher amounts of 
particles in Group A and Group NASP were observed from Class F fly 
ashes. It should be noted that Group A has the highest content of SiO2 
and the lowest content of CaO among the four groups. 

Next, the contents of the bulk major oxides in each of the particle 
groups are shown in Fig. 9. The stacked bars show the major oxides in 
each of the groups and, by placing each of the fly ashes next to one 
another, it is easy to compare them. The variability in Group SP and 
Group NASP is much greater than that observed in Group A and SP. The 
contents of CaO and SiO2 in Group SP varied in the range from 8.3% to 
55% and from 11.6% to 49.6%, respectively. These wide variations of 
Group NASP and Group ASP can also be seen in the wide distribution of 
the ternary plot shown in Fig. 8(c) and (d). However, Group A and Group 
SP from different fly ashes showed similar chemical compositions. This 
chemical composition consistency of Group A and Group SP will be 
discussed in Section 6. 

5.2. Relation between the fraction of groups and compressive strength of 
concrete 

To explore the usefulness of this grouping scheme, a simple linear 
model was derived. It should be noted that the goal of this linear model 
is not to provide a comprehensive and rigorous model to predict the 
compressive strength but to show the benefit of the individual particle 
data of fly ash. The fraction of Group ASP was not included in the linear 
model because the sum of the four groups must be 100%. Therefore, if 
one knows three other groups, the final group (Group ASP) is 
determined. 

Compressive ​ Strength¼ βs1⋅GA þ βs2⋅GSP þ βs3⋅GNASP þ βs4⋅ln
�
tdays
�

(1)  

where GA, GSP, and GNASP are, respectively, the fraction (%) of Group A, 
Group SP, and Group NASP for given fly ash, tdays is the time (>0). The 
corresponding linear coefficients are, respectively, βs1, βs2, βs3, and βs4. 
To simplify the strength development over time, the effects of fly ash 

groups on the strength development were assumed to be independent on 
time and a logarithmic function of time was used in Eq. (1). In addition, 
the effect of PSD on each group was not considered in this linear model 
because all four Groups show similar cumulative PSDs as shown in 
Fig. 10. The results of the modeling are summarized in Table 7 and 
Fig. 11. 

As shown in Fig. 11, the linear model accurately explained the 
compressive strengths of concrete samples prepared using 12 different 
mixtures with an R2 value of 0.96. p values in Table 7 indicate the sta
tistical significance of each predictor. p values for Group A, Group SP, 
and ln(tdays) shown in Table 7 are very close to zero, which means that 
these parameters are meaningful to this model. However, the estimated 
coefficient (βs3) for Group NASP was 0.05 and its p-value was 0.8, which 
indicates that Group NASP was not highly associated with the strength 
development. 

Table 6 
Four different groups, their properties, and fractions of groups in fly ashes.  

Property Group A Group SP Group NASP Group ASP 

Na2O þ K2O >0 0 0 >0 
SO3 þP2O5 0 >0 0 >0 
SiO2 50–70% 10–30% 30–50% 20–60% 
CaO 

Al2O3 

<20% 
30–50% 

35–60% 
25–40% 

15–35% 
25–35% 

5–50% 
25–45% 

Fly ash Percentage by number of particles (%)a 

Group A Group SP Group NASP Group ASP 

C1 45 36 15 3 
C2 43 38 12 7 
C3 31 54 9 6 
C4 44 35 12 9 
C5 42 45 8 5 
C6 58 0 0 42 
C7 44 41 12 3 
C8 41 39 17 2 
C9 37 41 19 3 
C10 31 46 18 4 
F1 48 14 38 1 
F2 49 16 33 2 
F3 59 8 32 1 
F4 39 30 30 1 
F5 71 4 4 21 
F6 74 4 6 16 
F7 71 7 9 12 
F8 70 14 12 5 
F9 42 22 36 1 
F10 47 14 37 2  

a 2000 particles were analyzed for each fly ash. 

Fig. 9. Chemical composition of each group from 20 fly ashes.  
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5.3. Relation between the fraction of groups and electrical resistivity of 
concrete 

The electrical resistivity of concrete is affected by the various factors, 
including connectivity of pores, porosity, the conductivity of pore so
lution, moisture content, temperature and so on [68]. Despite a large 
number of variables being combined into a single measurement it is still 
useful to understand how different particles impact the change in re
sistivity over time. 

As shown in Fig. 12, the electrical resistivity over time is propor
tional to the square root of time, the water absorption equation in ASTM 
C1585 [69]was selected as a model equation. The general form can be 
shown as: 

Resistivity¼ SðGA;GSP;GNASPÞ�
ffiffiffiffiffiffiffiffi
tdays

p
¼ðβr1 ⋅ GAþ βr2 ⋅ GSP þ βr3 ⋅ GNASPÞ

�
ffiffiffiffiffiffiffiffi
tdays

p

Eq. (2)  

, where S(GA, GSP, GNASP) is a slope of a linear equation between re
sistivity and 

ffiffiffiffiffiffiffiffiffi
tdays

p
. This slope was expressed using a simple linear model 

in which the corresponding linear coefficients are, respectively, βr1, βr2, 
and βr3 as shown in Eq. (2). Because the electrical resistivity of fresh 
concrete is < 0.06 kΩ m [70,71], the intercept of this equation is 
assumed to be zero. The results are summarized in Table 7 and Fig. 13. 

The model developed using all 12 concrete mixtures explained the 
electrical resistivity values with an R2 value of 0.94. The standard errors 
shown in Table 7 are quite small. p values indicate that Groups A and 
NASP are statistically meaningful but Group SP does not. It is interesting 
to note that Group SP used in the strength model was meaningful but it 
was not useful in the resistivity. This might imply that certain groups 
preferentially impact a specific performance of concrete. 

It should be noted that the developed models used all experimental 

data (84 experimental compressive strengths and 84 surface resistivity 
data) to estimate the best-fitted parameters. Thus, this high values of R2 

in both models are generally expected because all experimental data 
used for the linear regression were applied for the prediction again. To 
validate this model, three-fold validation was applied. More details of 
the validation results and statistical interpretation are summarized in 
Appendix C. After 100 repetition of three-fold cross-validation, 100 sets 
of validation results could be obtained. The three-fold validation 
compared those 100 sets obtained from randomly selecting both training 

Fig. 10. Comparison of the particle size distribution by number fraction of four 
different groups (0.5 μm bin size). 

Table 7 
Model results and statistical results for resistivity of concretes.  

Variables Coeff. Model for compressive strength Model for electrical resistivity 

Estimate Std. Error t-stat P value Estimate Std. Error t-stat P value 

Group A βs1, βr1 0.242 0.013 18.184 3.8 � 10� 30 0.045 0.002 26.692 6.8 � 10� 42 

Group SP βs2, βr2 0.240 0.013 18.376 1.9 � 10� 30 0.000 0.002 � 0.150 8.3 � 10� 1 

Group NASP βs3, βr3 0.005 0.020 0.241 8.1 � 10� 1 0.032 0.003 9.275 2.3 � 10� 14 

ln(tdays) βs4 8.282 0.189 43.823 1.1 � 10� 57 – – – –  

Fig. 11. Comparison of Measured compressive strength with predicted 
compressive strength using a linear model with 12 fly ash concretes. 

Fig. 12. A linear relation between electrical resistivity and the square root of 
time for C1, C3, C4, and F1 fly ash concretes. 
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dataset (2.3 of dataset) and validation dataset (1/3 of dataset). The 
standard deviation of the R2 values for two models for the compressive 
strength and the electrical resistivity was 0.004 and 0.001, respectively. 
These small variations of standard deviations for R2 values from two 
models indicated the stability and robustness of these models. Therefore, 
these models might be used for the other datasets generated from the 
same mixture design with different fly ash. However, it should be noted 
that these models may not be applicable other mixtures with different 
w/c, different replacement ratios, and different cement types. 

6. Discussion 

The correlations predicted by PCA have been confirmed by 
comparing the chemistry of the individual particles. There seems to be a 
fundamental underlying pattern among the elemental oxides that exist 
for the 20 fly ashes studied in this paper. This means that there are 
particles with similar chemistries contained in each of the fly ashes 
despite being produced at different locations and with different bulk 
chemical compositions. Furthermore, this grouping scheme can be used 
to predict the effect of different fly ashes on the compressive strength 
and the electrical resistivity of concrete. 

Though this study does not aim to build a comprehensive under
standing of interrelationships among oxides, the previous literature 
[72–76] suggests that some of the observed interrelationships among 
oxides seem to be the result of the original mineral forms in pulverized 
coal particles. The compositions of fly ash particles are significantly 
influenced by inorganic substances in raw pulverized coal and the ash 
formation during the combustion process [72,74–76]. Inorganic sub
stances exist as either mineral forms or non-mineral inorganic constit
uents in coal [72,76]. 

Alkali bearing minerals in coals are generally composed of illite 
[K1.5Al4(Si6.5Al1.5)O20(OH)4], smectite [Na0.33(Al1.67Mg0.33) 
Si4O10(OH2)] and feldspar (KAlSi3O8, NaAlSi3O8). These minerals 
contain both alkalis and silica but do not have calcium. Thus, these 
minerals might be converted to the fly ash particles in Group A, since 
these fly ash particles do not have calcium. Calcium in pulverized coal 
particles is mainly found in particles containing carbonates, including 
calcite (CaCO3) and dolomite [CaMg(CO3)2] [73]. This might explain 
why CaO and MgO were found to co-exist within fly ash particles. Others 

have shown that Ca and Mg can further interact with aluminosilicates to 
form glassy phases [72]. 

The interrelationships highlighted in this work give a strong insight 
into new levels of understanding and possible classification of fly ash 
particles. Though the current work did not reveal the glassy phases in 
individual particles, this idea is similar to work by others that found 
repetition in the glasses found within polished sections of fly ash [33, 
38]. It should be noted that this work has investigated 20 different fly 
ashes to show that these correlations hold over a wide range of 
materials. 

7. Conclusions 

The large volume replacement of portland cement with SCMs is a 
promising approach to reduce the environmental impact induced by 
concrete; however, it is still limited due to lack of understanding of the 
compositional complexity of SCMs. This paper provides a potential fly 
ash classification technique that uses universal interrelationship among 
the chemical composition found by using an advanced particle analysis 
technique named ASEM and principal component analysis (PCA). These 
methods were used to investigate 40,000 fly ash particles from 20 
different fly ashes (10 Class C and 10 Class F). PCA was used to find 
underlying relationships among the different elemental oxides in the fly 
ash particles. Next, these predicted trends were verified by making 
quantitative comparisons of these trends for individual particles. A 
grouping system was then established based on these relationships and 
the presence of K2O, Na2O, SO3, and P2O5 within the particles. The 
contents of groups in each fly ash are then correlated with both the 
compressive strength and surface electrical resistivity of concretes with 
a 20% replacement by mass of portland cement by fly ash. 

The following observations have been made:  

� The following elemental oxides were found to co-exist or correlate to 
one another within individual fly ash particles: Na2O and K2O; SiO2 
and Na2O þ K2O; CaO and MgO; SO3 and P2O5.  
� The following elemental oxides were found to not exist together or 

inversely correlate to one another within individual fly ash particles: 
CaO and Na2O þ K2O; Na2O þ K2O and SO3 þ P2O5.  
� Four particle groups with repeatable chemistry ranges were found in 

each fly ash despite the material being taken from many different 
sources.  
� The four proposed classification groups were found in different 

numbers in all 20 fly ashes investigated. The relative amount of these 
groups are able to be used to predict the strength and resistivity of 
concrete mixtures with a 20% replacement by mass of the cement 
with fly ash.  
� The simple models based on the developed grouping scheme could 

predict compressive strength and the electrical resistivity for con
crete mixtures with 12 different fly ashes with an R2 value of 0.96 
and 0.94, respectively. 

The grouping scheme established in this paper for fly ash may allow 
improved fly ash usage and also improve the effectiveness of the ma
terial. While more work is needed to understand why these different 
groups impact performance, this work provides a methodology for 
improving the accuracy of performance prediction of concrete con
taining fly ash. In addition, the fly ash particle data used in this study 
may give insights into the interactions between fly ash and alkali acti
vators in alkali activated materials because the properties of alkali 
activated materials are also highly dependent of fly ash sources and their 
composition. 

Fig. 13. Comparison of measured resistivity with predicted resistivity using a 
linear model with 12 fly ash concretes. 
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The methods in this paper could be used to study other types of 
supplementary cementitious materials and this should be investigated 
with future work. 
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Appendix A. Automated scanning electron microscope method (ASEM) 

Initially, each fly ash was sieved to obtain 75 μm diameter and less using the No. 200 sieve. This sieving was done to prevent the large particles from 
skewing the bulk analysis results because one large particle can have an equal volume of thousands of small particles. The sieving process does not 
affect the quality of fly ash because fly ash particles are the result of the capturing process using electrostatic precipitators and filters used to separate 
fly ash from bottom ash. Large particles (>45 μm) generally cannot stay airborne and fall to become bottom ash. Thus most of the particles are 
composed of small and similar sizes of particles <75 μm. In addition, particle size distributions of unsieved C1 and C2 fly ashes were measured and 
compared using the ASEM technique and acoustic attenuation spectroscopy [65]. These results confirmed that the size of the majority of the particles 
is within the range between 30 and 50 μm [65]. 

Between 0.015 g and 0.018 g of the sieved material was then placed in a 50 ml polypropylene conical vial. Following this, 50 ml of a mixture of 
alcohol (25 ml of ethyl alcohol and 25 ml of isopropyl alcohol) was added to the vial. The vial was capped, sealed and, then sonicated for 30 min to 
disperse the particle and hold them in suspension. After sonicating the sample, three droplets (two to three drops using pipette) of the suspension with 
dispersed fly ash were placed on the double-sided adhesive carbon tape. These samples were then stored in a vacuum desiccator and the liquid was 
allowed to evaporate, leaving the particles on the surface of the carbon tape. These samples were stored in a vacuum desiccator until testing. 

The ASEM technique was performed using the AFA equipped SEM-EDS (FEI ASPEX Explorer PSEM-EDS system). Table 3 shows the summary of the 
instrument settings, the scanning settings, and EDS setting used in this study. It should be noted that the constant beam performance was achieved by 
keeping the probe current constant with a Faraday cup and pico-ammeter. A region of interest on a sample was randomly chosen, and the particles in 
that field of view (81 μm � 81 μm) were screened according to pre-established requirements on their shape and size. This screening was the process to 
remove overlapping or touching particles from the analysis and tentatively identify foreign particles such as dust that were accidentally captured. The 
range of particle size that can be determined by the ASEM technique is between 0.2 μm and 50 μm. An aspect ratio of 1.3 was found to be a good 
parameter to search for a single fly ash particle. Each particle that meets the requirements was measured for its size, shape, perimeter, area, location, 
and its elemental composition using EDS. 

2000 particles were selected from each fly ash (total 20 fly ashes), of which this number ensure the representative sample [28–31]. The elemental 
composition of each particle was then corrected by the atomic number dependent scattering, adsorption, and fluorescence effects (ZAF correction). 
The ZAF corrections were performed using the versatile free software called CalcZAF [28,53,54]. 

Appendix B. Principal component analysis of 20 fly ashes 

The PCA uses a mathematical algorithm to reduce the dimensionality of the data while retaining as much information as possible [56,57]. After the 
PCA, the set of new variables is called the principal components (PCs) and these PCs are uncorrelated and maximize the variance of information of the 
raw data [56,57]. Therefore, analyzing these PCs can provide insight into the interrelationships among variables and underlying structures of the data. 

For each fly ash, the original raw data obtained from the ASEM method is composed of chemical compositions of 2000 particles and each particle 
contains 12 compositional elemental oxide contents by mass. In other words, each fly ash data is composed of 2000 measurements and each mea
surement contains 12 variables. 

It should be noted that the elemental oxide contents for each particle sum to a constant of 100%. Therefore, any increase in the value of a certain 
elemental oxide automatically requires the other elemental oxide content to decrease, demonstrating the “constant-sum constraint”. Such constrained 
multivariate data is not suitable for the standard multivariate statistical analyses (including the PCA) [60,61,77]. To employ the PCA using the 
compositional data, the appropriate transformation of the data is essential. In this paper, the centered log-ratio (clr) transformation was used because 
this transformation is the preferred option for compositional data [60–63]. The clr transformation is based on dividing each sample by the geometric 
mean of its values, and taking the logarithm as shown in Eq. (B.1). In Eq. (B.1), the D dimensional composition data x ¼ [x1, x2, …,xD] is transformed to 
the data y ¼ [y1, y2, …, yD] by the clr transformation. The clr transformed data is then used for the PCA.  

y¼ ½y1; y2; y3;⋯; yD� ¼

�

ln
�

x1
� ffiffiffiffiffiffiffiffiffiffiffiffi

ΠD
i¼1xi

D
q �
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�
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� ffiffiffiffiffiffiffiffiffiffiffiffi

ΠD
i¼1xi

D
q �

;⋯; ln
�

xD
� ffiffiffiffiffiffiffiffiffiffiffiffi

ΠD
i¼1xi

D
q ��

(B.1) 

The PCA generates a new set of variables called principal components (PCs), which are mathematical transformations of the original data. Each PC 
is the linear combination of original variables that maximize the variance among all linear combinations. This combination, thus, accounts for as much 
variance in the data as possible. The first PC is the best linear combination of the variables to maximize the variance of the data analyzed. The second 
PC is the second-best linear combination under the condition that it is orthogonal to the first PC. In this way, the variance already considered in the 
first PC is not accounted in the second PC. The number of PCs can be produced up to the number of variables. 

After PCA, each measurement has values corresponding to new variables (PCs). These new values of PCs are called scores and these scores can be 
interpreted geometrically like any other data points [56,57]. In addition, the correlation coefficient between a certain principal component and a 
certain variable is called loading. For example, in this fly ash study, each of the 2000 measurements contained 12 elemental oxide contents. These 
could be expressed 2000 � 12 matrix. After PCA, a new 2000 � 12 matrix was generated and each value in the matrix is a score that was calculated 
using the PC loadings. The first principal component (PC1) would have 12 loadings corresponding to the 12 elemental oxides. Each of the other PCs 
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Fig. A1. Loading plots for C7 and F4, PC stands for the principal component. ‘similar correlation’ means that two (or more) elemental oxides tend to exist together in 
the same particle. ‘inverse correlation’ indicates that one oxide leads to suppress or decrease the content of the certain oxide in the same particle.  

Table A1 
Percentage of variance explained by the principal components.  

Fly ash Variance explained by PC (%) 

PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 PC10 Total 

C1 36.2 15.9 12.6 8.1 7.3 6.1 4.9 3.6 3.4 1.9 100.0 
C2 39.4 12.9 10.0 9.5 7.7 7.1 6.3 3.6 2.6 0.8 99.9 
C3 39.1 12.4 11.5 10.7 7.4 5.9 4.8 3.8 2.9 1.4 100.0 
C4 41.0 18.6 12.8 7.8 6.3 4.6 3.2 2.7 1.7 1.3 100.0 
C5 39.1 12.4 11.5 10.7 7.4 5.9 4.8 3.8 2.9 1.4 100.0 
C6 36.5 15.5 10.9 9.1 8.0 7.0 5.2 3.6 2.9 1.3 100.0 
C7 44.3 13.5 10.7 8.2 6.4 5.6 4.5 3.7 1.9 1.1 100.0 
C8 35.3 17.5 10.6 9.5 7.3 6.6 5.0 3.6 3.0 1.6 100.0 
C9 36.4 17.2 11.4 9.0 7.4 6.7 4.4 3.8 2.7 1.0 100.0 
C10 33.9 19.9 12.9 8.8 7.9 5.7 5.1 3.0 2.3 0.5 100.0 
F1 37.3 14.9 12.1 9.6 8.5 5.6 4.6 3.9 2.4 1.1 100.0 
F2 33.7 16.5 11.4 8.6 7.9 6.9 5.2 4.0 3.6 2.2 100.0 
F3 35.5 22.1 9.3 7.9 6.8 6.1 4.9 3.1 2.8 1.5 100.0 
F4 39.0 15.5 12.1 9.4 7.3 5.0 4.3 4.0 2.4 1.0 100.0 
F5 29.6 21.9 11.8 11.0 8.4 6.0 4.6 3.8 1.9 1.1 100.0 
F6 28.6 21.7 12.2 11.0 7.4 6.9 4.7 3.5 3.1 1.0 100.0 
F7 33.6 18.7 11.5 9.5 7.5 5.7 5.2 3.9 2.9 1.4 99.9 
F8 35.2 17.9 13.5 9.7 7.3 6.6 3.6 3.1 2.5 0.6 100.0 
F9 39.4 13.6 12.1 8.5 8.0 6.6 4.7 2.8 2.7 1.6 100.0 
F10 40.0 16.8 11.3 7.5 7.1 6.2 4.6 3.8 2.1 0.6 100.0 

* Variances of PC11 and PC12 are essentially zero so they were not shown in this table.  
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also has its own 12 loadings. Therefore, loadings for a PC are capable of indicating what that PC represents, and what trends of variables in the data 
exist [56–58]. In this paper, all the statistical calculations were performed using the statistical software R [59]. R is a highly extensible free software 
that provides a wide variety of statistical and graphical techniques. 

The clr transformation does not allow zero values in compositional data. The zero values are rounded zeros that are below the detection limit. For 
this reason, a parametric zero value imputation inside the command impRZilr is applied to the compositional data. The clr transformation is, then, 
applied using the command cenLR. Classical PCA (using the command PCA) is applied to this transformed data. 

Table A1 shows the variance of the data explained by the first ten principal components (PCs). It is interesting to note that the variances of the PCs 
for each fly ash are more or less identical. This indicates that all 20 fly ashes investigated had similar potential to be described with their PCA results. 
For 20 fly ashes, between 28.6% and 44.3% of the variation was described by PC1 and between 12.4% and 22.11% for PC2. This means that 20 fly 
ashes investigated PC1 and PC2 explained 50.2%–59.6% of the variability of the chemical composition. While including PC3 and PC4 could explain 
more variability, their inclusion was investigated but there were no significant findings. 

To interpret the results of the PCA, the data was presented with a loading plot. Two loading plots are shown in Fig. A1 for C7 and F4. Each line is 
shown with a unique color and corresponds to an oxide. PC1 is shown on the x-axis and PC2 is shown on the y-axis. The variance explained by either 
PC1 or PC2 is shown on their respective axis. 

A loading is the correlation coefficient between a certain principal component and a certain variable. Therefore, a longer or higher magnitude 
vector indicates that the specific oxide is well described in the corresponding PC. However, if a loading vector has a low magnitude and is close to the 
origin, then the specific oxide seems to be only moderately described in the corresponding PC. The direction of the vector represents the correlation 
between the elements. If vectors are located close to one another, that means the elements will be found to correspond to one another [57,58]. For 
example, in Fig. A1, the vectors for SO3 and P2O5 obtained from C7 and F4 are found close to one another. This means that as one of these elements 
exists in a particle then so will the other. This seems to also be true for CaO and MgO from C7 and F4. In addition, SiO2, K2O, and Na2O also show a 
correlation. Furthermore, if vectors are found in the opposite direction of one another then they will have an inverse relationship. An example of this 
can be seen in both plots shown in Fig. A1 as SiO2, K2O, and Na2O are the opposite of SO3 and P2O5. This means that in both of these fly ashes that as 
the amount of one of these groups exists then the amount of the other will decrease or not exist. It is important that the two plots in Fig. A1 look similar 
to one another. Each quadrant has more or less the same vectors for fly ash C7 and F4. These similarities suggest that there are commonalities in the 
elements that are found together in the analysis. This is surprising since one fly ash is a Class C and the other is a Class F and their bulk chemical 
compositions are very different. As can be seen from the bulk chemical composition in Table 1, the content of SiO2 in C7 and F4 was 38.3% and 57.7% 
respectively. Furthermore, C7 had 21.5% CaO but F4 only had 8.1%. 

The 20 individual loading plots in Fig. A2 have been plotted with the same color for each oxide so that it is easier for the reader to make quick 

Fig. A2. Loading plots for 20 fly ashes, PC stands for the principal component. The plots are very similar. The vectors for Na2O and K2O, the vectors for CaO and 
MgO, and the vectors for SO3 and P2O5 are located close together showing similar correlations. The vectors for K2O and Na2O are almost the opposite of CaO, showing 
an inverse correlation. This indicates that there are universal trends that can describe the chemical composition of the individual fly ash particles. 
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comparisons between the plots and quickly realize similarities and differences. The readers should realize that even though each of the plots is not 
exactly the same; however, the plots are very similar. For example, two green and dark green colored vectors (indicating Cao and MgO, respectively) 
are close to each other. Thus, CaO is similarly correlated with MgO in all 20 fly ashes. Orange (Na2O), magenta (K2O) and red (SiO2) vectors are mostly 
close together on the right side of the axis as shown in Fig. A2. This indicates that Na2O and K2O and SiO2 have a similar correlation in all 20 fly ashes. 
Because consistent trends are observed in all 20 fly ashes it suggests that there are universal trends that can describe the chemical composition of the 
individual fly ash particles for the materials investigated. 

Appendix C. Validations of models 

The developed models were validated using the three-fold cross-validation. The original sample (84 data) was randomly partitioned into three 
equal size subsamples. Two subsamples (56 samples) were used to determine the coefficients and the remaining single subsample was used as the 
validation data. In other words, 2/3 of the datasets are only used for fitting the parameters and 1/3 of the data is used for prediction. This three-fold 
validation was repeated 100 times and thus 100 sets of validation results could be obtained per each modeling (either compressive strength or surface 
resistivity). The statistical results of three-fold cross-validation were summarized in Table A2. It was found that the coefficient of determinants (i.e. R2) 
for the compressive strength and the electrical resistivity models have small standard deviations, 0.004 and 0.001, respectively through the 100 sets of 
three-fold cross-validation. In addition, root means square error (RMSE) and mean absolute error (MAE) between the observed and predicted values 
for the cross-validations are 2.434 � 0.093 MPa and 1.898 � 0.081 kΩ m respectively. These small standard deviations for RMSE and MAE for 100 sets 
of validation indicated that the presented approach can be used for predictions with other datasets. In addition, the variation of each coefficient used 
in the model is summarized in Table A2. For example, the βs1 (the Group A coefficient for the compressive strength model) only varies within 0.242 �
0.015 for 100 sets of the compressive strength model. Other coefficients obtained from 100 sets of three-fold cross-validation also varied within very 
narrow ranges, which indicates the stability and robustness of these two models. It should also be noted that the significantly small p values in Table 7 
also represent the statistical robustness of the proposed approach. However, it should be noted that these models may not be applicable to other types 
of concrete mixtures. 
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