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HIGHLIGHTS

« An easy-to-perform method is proposed to determine SSA of irregular aggregate.
« The proposed method is reliable compared to CT.

« Difference among various methods is analyzed.

« Suggestions are provided for selecting proper testing method of SSA.
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A two-dimensional (2D) image-based methodology was proposed to measure the specific surface area
(SSA, specified as the surface area per unit volume) of irregular aggregate by random sectioning.
Conventional methods including spherical assumption, Brunauer-Emmett-Teller (BET) and computed
tomography (CT) tests were used and compared in this study. Results show that spherical assumption
provides the lowest SSA among these methods since the feature of anisotropy in dimension is not con-
sidered. SSA by BET test has one order of magnitude higher value than others, which is attributed to
the fact that BET method measures each position of particles that nitrogen molecule can be adsorbed
on during the applied relative pressure, based on the ‘pixel’ of nitrogen molecule. The proposed random
Random sectioning sectioning method presents very similar SSA result compared to CT method, indicating that it can be con-
Spherical assumption sidered as a reliable method. To improve the estimation of SSA by random sectioning method, factors that
BET may influence SSA result were analyzed. Results indicate that the number of samples should be high
Computed tomography enough to reach a constant result and the thresholding algorithm should be adequate. Besides, a higher
resolution of pixel provides a higher SSA value. The comparison among these methods demonstrate that
it is necessary to determine the scale at which the features of the surface are supposed to be captured
before selecting the optimal testing method.
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1. Introduction

Among the various properties of aggregate, specific surface area
(SSA) is a comprehensive evaluation of dimension, shape, angular-
ity and surface roughness of aggregate [1,2]. From the viewpoint of
mix design, SSA of aggregates influences the amount of surface to
be wetted, hence the requirement of paste in concrete mixture,
which influences the workability [3-5], mechanical properties
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[6,7] and durability [8,9] of concrete. SSA determination of aggre-
gates is thus a topic of great interest for concrete research.

The original estimation of SSA was based on empirical relation-
ships between SSA and certain easy-to-measure properties. For
instance, particle size distribution (PSD) is widely adopted to cal-
culate SSA by dividing the size distribution of aggregate into sev-
eral bins and assuming equivalent spherical or polyhedral
particles that have the equivalent size of each bin [10,11]. Besides,
an equation of the form of SA = eV*%” was proposed by Erdogan
[12] where SA is surface area and V is volume while e is a factor
related to the dimensions of the particles. However, aggregates
are 3D random particles with irregular and diverse shapes. This
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non-equidimensional feature is more remarkable for crushed
aggregates like manufactured sand, which is attracting increasing
attention as fine aggregate in concrete [13]. Certain correction fac-
tors like flakiness & elongation index [14] or surface area factor
[15-17] were used to include the influence of particle shape during
SSA calculation. However, these methods consider the overall
shape influence on SSA but fail to involve the influence of proper-
ties like angularity and roughness, both of which increase the tor-
tuosity of particle surface. In addition to the semi-empirical
estimations, indirect method was proposed by coating aggregates
with a liquid or a powder and comparing the amount of coated
substance on aggregate particles with that on the reference having
a known surface area [18-20]. However, this method is operator-
sensitive and the result is influenced by many factors like aggre-
gate surface features given that different aggregates may have
diverse adsorbing performances. Similarly, gas was also used to
coat particles to approximate the surface area of solids while
Brunauer-Emmett-Teller (BET) method is a most widely used and
standardized one [21,22] SSA can be calculated based on the
amount of adsorbate on the surface of particles. However, BET
method shows higher value since the gas adsorption occurs not
only on the external surface but also on the surface of open internal
pores. BET result is thus highly influenced by the porosity of aggre-
gates, which may arise from factors like weathering and lithology
[23].

Image processing technology is another tool that can be used to
approximate the properties of particles based on their two-
dimensional (2D) or three-dimensional (3D) images. For instance,
scanning electron microscope (SEM) images were used to deter-
mine the SSA [17], particle shape and size [24], as well as mineral
compositions [25] of cementitious materials based on image anal-
ysis. However, these 2D methods cannot be directly used for mea-
suring the SSA of irregular aggregates. In terms of 3D image
methods, computed tomography (CT) is a well-developed technol-
ogy with considerable value in many fields [26-28]. The most
remarkable advantage of CT is its ability to quickly image the inte-
rior of solid in three dimensions without any destruction [29]. A 3D
view of the sample can be obtained by stacking 2D slices. Then the
SSA or other geometric features can be measured based on the
reconstructed 3D sample. CT can be regarded as the current ulti-
mate testing method for SSA determination of aggregates. In spite
of the advantages it offers, CT equipment is relatively costly, its
usage for routine analyses is not practical yet. Therefore, CT plays
a better role as a benchmark for estimating new testing methods
in term of SSA.

It can be summarized that improvement on SSA determination
is achieved due to imaging techniques by eliminating human
errors. However, 3D image method like CT for the moment seem-
ingly has limited use for daily analyses owing to its capital inten-
siveness and complicated operation requirement. As a result, it is
of great interest to develop a cheaper and easy-to-perform quan-
tification method of SSA with high accuracy, which can be widely
used for general analyses.

If particles are randomly distributed, 2D sections could be used
to estimate the 3D properties based on the principles of stereology
[30]. SSA of aggregates is possibly determined based on 2D images
if the number of images is high enough given that CT result is
obtained from numerous 2D slices as well. In this paper, a 2D
image-based methodology is proposed to measure the SSA by ran-
dom sectioning of aggregate. The validation of the SSA determina-
tion approach is then accomplished by comparing SSA result with
that from spherical assumption, BET and CT methods. Besides, the
reasons behind the diverse results were discussed. Finally, factors
that may influence SSA result of random sectioning method are
analyzed. It needs to be mentioned that SSA in this paper refers
to the surface area per unit volume of a particle for the
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consideration that aggregates with various lithology have different
apparent densities.

2. Conventional methods
2.1. Spherical assumption

PSD can be used to approximate SSA by dividing the size distri-
bution of aggregate into several bins and assuming equivalent
spherical or polyhedral particles that have the equivalent size of
each bin. The SSA based on spherical assumption can be deter-
mined as follows.

SSA = f % (1)
P D

where p is the average mass density of particle, f, is the volume
fraction of particles with diameter of D, F is an empirical correction
factor 1.13 to consider the particle surface shape [16,17]. In prac-
tice, PSD is determined by sieving. D is determined as the geomet-
ric mean of maximum and minimum diameters of each bin.

2.2. BET analysis

2.2.1. BET model

The principle of BET test is to quantify the amount of an adsor-
bate (nitrogen in this study) required to form a closely packed
monomolecular layer on the whole surface of solid. This amount
can be determined in the low partial pressure region of the adsorp-
tion isotherm. In previous investigations, the specific surface area
was expressed as the amount of area per mass of particles, shown
as follows [31,32].

VinNAR
22400M @)

where A, is the projection area of one vapor molecule which is
determined based on the hexagonal close packing model, N is Avo-
gadro constant, and M is the mass of particles.

For comparison with other methods, the specific surface are of
BET method is then presented as the amount of are per volume
of particles, shown below.

VinNAmp
22400M (3)

where p is the apparent density of measured particles.

SSA =

SSA =

2.2.2. BET test

BET test was carried out using a BET multi-point nitrogen
physisorption equipment (BEISHIDE 3H-2000PS2) [33,34]. Samples
were degassed at 105 °C under vacuum for 6 h before adsorption
test. The nitrogen adsorption capacity was determined from a
six-points adsorption isotherm at 77.3 K in the relative pressure
ranging from 0.05 to 0.30. Each sample was measured for three
times.

2.3. CT analysis

2.3.1. Principle of CT test

During CT testing, X-rays irradiate a 3D sample from various
angles and a detector evaluates the resulting intensity of a known
unidirectional (x-axis) X-ray beam intensity due to the absorption
by the sample, and for different directions of irradiations [35,36].

According to attenuation measurements over many views (ray
paths), a 2D cross-sectional image can be mathematically recon-
structed. Then a computer-based reconstruction technique can be
used to produce gray images. Each image represents one slice of
the sample and the contrast in gray levels is attributed to the
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difference of constituents in the sample regarding X-ray absorption
capacity. A 3D view of the sample can be obtained if these images
are successively stacked together. The SSA can be finally calculated
based on the reconstructed 3D structure.

2.3.2. CT test

Tomographic data were obtained using Hector CT scanner at the
Center for X-ray Tomography, Ghent University (Belgium) [37]. The
raw data (sonograms) were reconstructed into 2D slice images
using the in-house developed software package Octopus [38].
The reconstructed voxel dimension is 7> pm> based on a source-
to-object distance of 41.4 mm and a source-to-detector distance
of 1166.0 mm. The reconstructed images comprise 2000 x 2000
pixels and there are 1500 reconstructed images for one sample.

3D reconstruction was accomplished by using the software
Blob3D. The process of 3D reconstruction is illustrated in Fig. 1.
Segment procedures like thresholding, median smoothing, Gaus-
sian filtering and islands/holes removing were adopted to define
pixels that belong to the object of interest, indicated by the trans-
formation of gray images into binarized images. After the forma-
tion of 3D structure by stacking the successive 2D binarized
images, 3D particles contact with adjacent ones. Thus, the proce-
dure of separation was performed, like size thresholding, erosion/
dilation and plane definition, to separate the reconstructed and
connected particles. It is to be noted that erosion/dilation opera-
tions may slightly influence the morphology of a particle, thus ero-
sion/dilation operation was used as less as possible. Finally, SSA
can be calculated based on the isosurface surrounding the object
voxels.

2.3.3. CT result analysis

SSA calculated from various numbers of reconstructed 3D parti-
cles is shown in Fig. 2. It is observed that SSA significantly fluctu-
ates for the first 10 particles. Then a sluggish variation of SSA can
be seen when more particles are involved. The coefficient of varia-
tion of SSA after 60 particles is 1.4% while the maximum relative
error of SSA from more than 60 particles to that from 60 particles
(superposed in Fig. 2) is 2.0%, where such small values indicate that
a relatively constant SSA is available when particle number reaches

Gray image

Block unit

Particle separation
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Fig. 2. SSA results measured from CT method based on various number of
reconstructed 3D particles.

60. Thus 60 reconstructed particles can be considered sufficient for
SSA determination based on CT test, compared to 30 particles in
Ref [2].

3. Random sectioning method
3.1. Theoretical background

Random sectioning method was proposed by Smith and Gutt-
man to measure the internal boundaries in 3D structures [39]. This
method is employed to calculate the SSA of particles in this study.
The derivation of equations for calculating SSA are shown as fol-
lows based on references [30,39].

Fig. 3 describes an irregular solid body with closed surface,
which is intersected by a stack of parallel planes with a distance

Separated particles

Fig. 1. 3D reconstruction process of CT analysis.
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Fig. 3. A solid body intersected by a set of parallel planes.

h. The position of the surface of the object can be defined by the
distance z of a fixed point on the aggregate surface to the intersec-
tion plane. The orientation of this surface can be described by angle
w for simplicity. The area (A) of the intersection is thus a function
of w and z. The average area (A) for all possible positions and ori-
entations of the object, can be determined based on Eq. (4).

= [do [dzA(w,z)
A= "o [dz @

If the orientation is fixed, A(w, z)dz is the volume element of the
object.

/ "Aw.2dz =V (5)
0

where V is the volume of the object.

Therefore, Eq. (4) can be simplified as Eq. (6), which indicates
that the average area of intersection for all possible positions and
orientations of the object is the volume of the body divided by
the distance of the parallel planes.

-V
A= (6)

Now, we consider a surface element of the object (red area in
Fig. 3), which intersects one of the parallel planes. This surface ele-
ment can be taken as a plane shown in Fig. 4. The length of the
intersection is I and its average for all positions and orientations
can be expressed as Eq. (7) [39].

<2,
//K
e

Fig. 4. A unit surface intersected by a set of parallel planes.
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e Jdw [dzl(w,z) 0
 [do[dz
If the orientation is fixed,ldz is surface element of the figure pro-

jection on a certain plane that is normal to the stack of planes and
includes the intersection.

Idz = dSsin0 (8)

where 0 is the angle between the normal direction of the figure
and the normal direction of the parallel planes. Thus, the integra-
tion over z presents the total area of the surface projected on the
vertical plane. The orientation angle w can be expressed as follows.

dw = sin6do 9)

The range (0, 7/2) of 0 covers all possible orientations. Thus, Eq.
(7) can specified as Eq. (10).
S [y2sinod0 nS

2 sinodo [ dz 4h

1= (10)

This result is not confined to plane figures given that any sur-
face is constituted by a large number of plane elements. Besides,
these elements take random positions and orientations when the
figure as a whole dose so. It needs to be mentioned that the contri-
butions to the surface and to the length of intersection are additive.
As a result, Fig. 4 holds for any surface. Therefore, the average

length (I) indicates the average perimeter of all possible sections
of the object.

By combining Eqgs. (6) and (10), the following equation can be
obtained.

—

_ms
A4V

This result does not depend on h, which indicates that the set of
parallel planes are not needed in essence. It is practicable to aver-
age the line length and area of the intersections of any solid by a
randomly-oriented and -placed plane.

Eq. (11) can be presented as the following one, from which the
SSA of a particle can be determined based on the ratio between
average perimeter and average area of sections at random posi-
tions and orientations. This equation is supposed to be valid for
particle mixtures if the number of intersections is large enough.

(11)

S 4

Vo (12)

||~

3.2. Random sectioning test

3.2.1. Sample preparation

Manufactured sand particles between 0.50 mm and 1.00 mm
sieve sizes were used in this study (Fig. 5(a)) in view of its signif-
icantly irregular geometrical features among aggregates. Sand par-
ticles were washed and dried first. Then they were impregnated
into epoxy resin (EpoFix Resin™) in a silicon mold with an inner
diameter of 20 mm. In order to increase the contrast between
objects and background, epoxy resin was blended with 0.5% (mass
ratio) fluorescent dye (EpoDye™) and homogenized beforehand.
The sample was cured at 40 °C for 24 h to harden. The hardened
sample was then ground and polished by a polishing machine
(LaboPol-5, Struers) at a rotational speed of 200 rpm using SiC
papers #180, #320, #1200 and #2000 successively, during which
one-quarter of a turn was made every half a minute for a total of
2 min for each SiC paper. Water was used as the cooling medium.
Finally, a smooth surface with abundant exposed particles can be
obtained after these procedures, seen in Fig. 5(b). Afterwards, the
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Fig. 5. Sand particles (a) and sample for image acquisition (b) under optimal microscope (c).

optical microscope (Leica S8 APO, Fig. 5(c)) with a fluorescent light
was used to capture the section image of particles.

3.2.2. Image processing

The objective of image processing is to measure the perimeter
and surface of particles on the cross section. The captured image
(shown in Fig. 6(a)) was transformed into gray image (Fig. 6(b))
for the convenience of thresholding, which is to identify the objects
from the background. There exist several thresholding algorithms
[40,41], mainly based on the gray tone level histogram of the
image. Among these methods, the minimum error algorithm views
the gray level histogram as a probability density function (PDF) of
the gray levels of both the object and background (j = 1,2). Besides,
each of them is considered to follow a normal distribution with a
mean value of m(j), a standard deviation of ¢(j) and a PDF of P(j).

The PDF of gray level of gray image (Fig. 6(b)) is shown in Fig. 7,
where two normally distributed segments are observed with a fit-
ted R? of 0.960, which indicates the feature of the minimum error
algorithm. Thus, the minimum error algorithm is used in this
study. However, the parameters of m(j), o(j) and P(j) are usually
unknown. Instead, a criterion function J(j) is employed, expressed
as Eq. (13) [42].

J(t) = 1+ 2[P1(t)Lna (t) + Pa(t)Lnay(t)] — 2[Py (t)LnP; (t)

+ Py (t)LnPy(t) (13)

where P;(t) is the cumulative probability of gray values less
than or equal to t while P,(t) is the cumulative probability of gray
values higher thant, which can be determined according to Egs.
(14) and (15) respectively. g (t) is the standard deviation of gray
values less than or equal to t while a5(t) is the standard deviation
of gray values higher than t, calculated as Eqs. (16) and (17)
respectively.

0.035
[ Probability density
0.030 Gauss fitting
>, 0.025
S 0.020
2
= 0.015
o
2
© 0.010
S
A
0.005
0.000
0 50 100 150 200 250
Gray level
Fig. 7. Probability density of gray level histogram of Fig. 6(b).
t
Pi(t) = p(i) (14)
i=0
L-1
Py(t) = > p(i) =1—Py(t) (15)
i=t+1
G ST (16)
1 Pi(0) 2 1
1 L
02(t) = > li—my(t)]* - pi) (17)

Fig. 6. (a) original and (b) gray images.
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where m (t) is the mean of gray values less than or equal to t
while m;(t) is the mean of gray values higher than t. m;(t) and
my(t) are determined as follows.

m(0 = 2P (18)
1 L-1
ma(t) = 51 S il (19)

P,(t)

i=t+1

The optimal threshold t* is then determined by minimizing j(¢),
as described in Eq. (20).

J(©') =minj(t) (20)

The gray image can be transformed into a binary image with the
determined threshold value, which identifies the objects from the
background. Then numbers of pixels representing particles and
their boundaries are available by the software MATLAB. Therefore,
the SSA of the particles can be calculated from (21).

S_4 N
V_TCNAL()

where N, and Np are the numbers of pixels corresponding to
objects and their boundaries, Lo is the edge length of each pixel.

(21)

4. Comparison and discussion

The SSA results from spherical assumption, BET, CT and random
sectioning methods are exhibited in Table 1. It is clear that SSA
from BET is one order or two orders of magnitude higher than
SSA from the other methods while the SSA calculated based on
the spherical assumption shows the lowest value. However, it is
to be noted that CT and random sectioning methods provide very
similar results.

Spherical assumption fails to consider the influence of complex
geometrical features of particles on SSA. For particles with various
shapes, centrosymmetric particle with smooth surface (perfect
sphere) has the lowest specific surface area while SSA increases
if the particle is deviating from central symmetry or if the surface
becomes rougher [11,12]. This means that the spherical assump-
tion underestimates the SSA of real particles and the employed cor-
rection factor is too small to capture the influence of particle shape.
Even though Platonic shapes like tetrahedron, cube, icosahedron,
dodecahedron and octahedron were ever employed to mitigate
the particle shape influence on SSA evaluation, regular shape
assumption cannot be used to accurately calculate the SSA of irreg-
ular aggregate given that the influence of geometric features on the
SSA is not predictable due to the irregular feature. In the case of
BET method, the surface of open inner pores of particles is also
counted in for SSA calculation in addition to their external surface
area. Thus, BET is considered to overestimate the SSA of particles
and this effect is especially significant for particles with porous
structures.

CT and random sectioning methods are direct visual analysis
methods while CT is based on 3D reconstructed particle shape
and random sectioning method is based on the statistical data from
numerous 2D sections. It needs to be mentioned that SSA is not
only influenced by the overall shape of particles, but also affected
by surface features like roughness, which is typically considered to

Table 1
SSA results from different methods (mm?/mm?).
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be the high-frequency, short-wavelength component of a mea-
sured surface. Theoretically, CT and random sectioning methods
are supposed to theoretically consider any geometrical shapes,
depending on their voxel or pixel size.

There is no doubt that CT is the most accurate method to verify
new methods if the resolution is proper given that there are a lot of
factors like assumptions and degassing conditions, influencing the
result of BET methods [17,43]. From the viewpoint of resolution,
we can take the surface of a particle as the combination of huge
numbers of small pixels. The resolution of BET method is approxi-
mately the diameter of one N, molecule (around 0.4 nm) while the
resolutions of CT and random sectioning methods depend on the
resolution of equipment (CT scanner and optical microscope
respectively) or/and user’s selection, 7 um and 4 pm respectively
in this paper. When the resolution is too low, the roughness is
unable to be captured and SSA is underestimated. However, an
overestimated SSA will be provided if the pixel is too small due
to “roughness” induced by pixilation. This explains why BET
method shows much higher SSA than other methods. To sum up,
it is necessary to determine the scale at which the features of the
surface are intended to be captured before selecting the optimal
testing method.

It is considered that 3D image methods are supposed to mea-
sure the SSA at a higher accuracy than 2D image methods due to
the fact that 3D methods are able to capture the surface features
on the third dimension. However, if the number of 2D sections is
high enough, this influence can be alleviated. Besides, a lot of test-
ing steps and image processing procedures were performed on
samples to obtain data for SSA calculation and a lot of parameters
were selected during image processing, especially for CT method.
Each procedure and parameter affects the SSA result. From this
viewpoint, more deviations are likely to be employed during image
processing of CT method. As a whole, random sectioning method
provides similar result with CT test while their resolutions are
comparable. Since the ‘real’ surface area of the sample is not avail-
able, the accuracy of these two methods cannot be evaluated. How-
ever, in general, CT is well considered to be able to accurately
measure the SSA. Thus, random sectioning method can be taken
as a reliable method compared to CT.

5. Influence factors on SSA results of random sectioning method

This section is to analyze the factors that may influence SSA
results, including the number of particles used for calculation,
threshold value and the resolution of pixel.

5.1. Number of particles

Number of particles should be large enough to present intersec-
tions at random positions and from random orientations, indicated
by a steady SSA result. Fig. 8 shows the SSA results calculated from
various numbers of particles. It is seen that SSA presents rather
fluctuating value within the first few tens of particles and then
shows increasingly steady results as the number of particles
increases. To be specific, SSA in the range of 12 mm?/mm?® to
13 mm?/mm? can be noticed if more than 400 particles are used.
In addition, the coefficient of variation of SSA from 800 to 1500
particles is 0.4% while the maximum relative error of SSA from
more than 800 particles to that from 800 particles (i.e. SSA/

Methods Spherical assumption
SSA 9.6

BET CT
329.7 12.6

Random sectioning
12.2
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Fig. 8. SSA results versus the number of particles used for calculation.

SSAgpo-1, superposed in Fig. 8) is 1.0%, where such a small error
means a rather steady SSA without obvious variation is reached
from 800 particles. As a result, we believe that 800 particles are
sufficient to approach the steady SSA based on random sectioning
method for the tested manufactured sand particles.

It needs to be mentioned that the number of particles for a
steady SSA result depends on the dispersity of particle shape and
particle size. A larger number of particles are required when parti-
cles have higher dispersity in shape and a wider particle size
distribution.

5.2. Threshold value

Thresholding is a vital procedure for image processing. Various
threshold values ranging from 20 to 200 were used for image pro-
cessing and SSA were calculated as shown in Fig. 9. In general, SSA
decreases with the increase of gray level. SSA shows a dramatic
decrease before a critical value, followed by a sluggish decrease
after this critical value. This critical value is considered to be the
threshold value, which is 40 for the gray image (Fig. 6) according
to the minimum error algorithm (see above). The binary images
after thresholding at 30, 40 and 100 are shown in Fig. 10. It is
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Fig. 9. SSA results and threshold values from several commonly used thresholding
methods.
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observed that when threshold is smaller than the critical value
(Fig. 10a), particles were partially eroded, making boundaries more
tortuous. Erosion decreases the area of objects and increases their
perimeter at the same time. This influence is supposed to be more
significant when thresholding value further decreases. As a result,
SSA sharply increases with the decreasing threshold value before
the critical point. However, the increase of threshold value after
the critical point dilates the particles (Fig. 10c), which overesti-
mates the area of objects on one hand. On the other hand, objects
will merge with the adjacent ones, resulting in loss of perimeter.
Thus, the SSA is decreasing with the increase of threshold value.
This influence is gentler, indicated by the sluggish decreasing
trend. In addition to the minimum error algorithm, other com-
monly used thresholding methods including tangent-slope method
[44], K-means method [40], Otsu’s method [45], fuzzy algorithm
[46] and entropy maximization method [47] were also tried and
the determined threshold values are also superposed in Fig. 9. It
is observed that different thresholding methods provide diverse
threshold values, ranging from 27 to 129. For the bimodal his-
togram of gray level in this paper, various algorithms are expected
to provide similar threshold values around the valley between the
peaks of foreground histogram and background histogram. How-
ever, this valley is quite wide and flat according to Fig. 7. Minor dif-
ferences between the algorithms can make the resultant threshold
values vary a lot. As a result, compared with SSA based on the min-
imum error algorithm, the tangent-slope method shows 54.2%
higher while K-means method, Otsu’s method, fuzzy algorithm
and entropy maximization method respectively present 17.0%,
17.1%, 17.1% and 27.0% lower SSA results than that from the min-
imum error algorithm.

5.3. Resolution of pixel

A proper resolution is desired for image analysis. Fig. 11 shows
the SSA variation with the resolution of pixel. It needs to be men-
tioned that a smaller pixel size requires more particles for an unbi-
ased estimation. SSA results in Fig. 11 are obtained based on
sufficient particles for each resolution of pixel. It is clear that SSA
exhibits an increasing trend with the increase of resolution (de-
crease of pixel size). Specifically, SSA shows 24.0%, 35.8%, 54.0%,
55.5% and 56.6% higher values when the resolution increases from
128 pm/pixel to 64 pm/pixel, 32 pum/pixel, 16 pum/pixel, 8 pm/
pixel, and 4 pum/pixel, respectively. This trend is attributed to the
fact that a higher resolution captures more details on the geomet-
rical shape like surface texture.

It can be seen in Fig. 12 that boundaries information is increas-
ingly clear when the resolution is gradually improved. Therefore,
the resolution should be as high as possible for SSA determination
when the geometrical features at smaller scale are expected to be
considered. However, it is also noted that SSA shows a sluggish
increase when the resolution is higher than 16 pm/pixel. Specifi-
cally, SSA increases by 2.8% when the resolution increases from
16 um/pixel to 8 pm/pixel. Further improvement of resolution
from 8 pum/pixel to 4 pum/pixel provides 2.0% higher SSA value.
Therefore, a resolution higher than 16 pm/pixel provides relatively
reliable SSA result while 4 pm/pixel is used in this study if not
specified otherwise. In engineering practice, the balance between
pixel size and number of particles should be made to make the
result reliable with both pixel size and number of particles
considered.

6. Conclusion

Random sectioning method was proposed for the determination
of SSA of irregular-shaped aggregate. For validation, conventional
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Fig. 11. SSA results under various resolutions.

methods including spherical assumption, BET and CT methods
were used for comparison. Factors that possibly influence SSA
result were analyzed, like number of particles, threshold value
and the resolution of pixel.

Spherical assumption provides the lowest SSA result due to the
fact that the influence of irregular geometric features on SSA is not
considered. BET method measures the surface that nitrogen mole-
cule can reach and be adsorbed on in the relative pressure range of
0.05 to 0.30, including open pore surface. This method approxi-
mates the SSA based on the ‘pixel’ of nitrogen molecule. As a result,
BET method provides one order of magnitude higher SSA than the
other three methods.

Both CT and random sectioning measure the SSA of particles
based on direct visual analysis. Random sectioning method pro-
vides very similar result with CT test and can be considered as a
reliable method compared to CT result in terms of accuracy.

Besides, the implementation of random sectioning method is sim-
ple, independent of expensive equipment and complicated
operations.

In practice of SSA determination, it is necessary to determine
the scale at which the features of surface are supposed to be cap-
tured before selecting the optimal testing method.
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