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Abstract

The computation-based image processing techniques of the granular aggregates for attaining the

size histograms could be a versatile and efficient alternative to the conventional sieve analysis tests,

which demand laboratory equipments. Herein a new percolation-based framework is developed

for acquiring such particle size distribution which pertains distinctive advantages relative to the

recent techniques. Starting with the local binarization of the given cluster of aggregates, the

connected chains have been identified by means of percolation and the internal aggregates have

been discerned via minimizing the propagation flux and maximizing the roundness in global and

local scales respectively. The method is verified via correlating with the experimental gradation,

where the higher accuracy versus the conventional binarization is achieved and justified and the

correlation with the corresponding resolution is addressed. The developed framework could be

utilized as a fast and versatile method for determining the aggregate size distribution in any given

granular medium, particularly those of containing irregular and random geometries pertaining sharp

corners.
∗Corresponding author; email: aryanfar@caltech.edu
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1 Introduction

Aggregates form the constituents of many large-scale media such as soil [1], concrete [2], powders [3] as

well as agricultural products including rice, beans, etc [4]. Particularly it forms 60%− 75% of a typical

concrete [5] by volume, hence their size distribution, type and quality largely determine the ultimate

physical and mineralogical properties of the concrete [6].

The aggregates analysis includes acquiring shape, texture, size and moisture content, which de-

termines the permeability of the concrete, and combined with the water/cementitious material ratio,

controls its ultimate strength, workability, and durability [7, 8, 9, 10].

Regarding the analyzing the aggregate, sieving is a popular method used in laboratories and industrial

processes to distinguish aggregate particles relative to their sizes [11, 12, 13, 14]. It represents the

obtained aggregate sizes in cumulative curves based on the aggregate weights between two consecutive

sieves [15, 14].

Industrial particle separation using sieves is one of the simplest, yet accurate technique for very short

50µm − 2mm (i.e. dust/powder) [16]. Although sieving is a well-established technique, it contains a

degree of uncertainty since whether a particle will pass a given sieve is dependent upon its instantaneous

orientation and cross sectional shape it lacks measurement of any of its axial dimension [17, 18].

Several image processing techniques have been applied for computing the properties of concrete

aggregates [19, 20, 21, 22, 23]. The most commonly encountered problems in aggregates analysis include

defining an error threshold or precision value to the algorithms used for determining how to convert

areas into masses, since data obtained from images are 2D and data from the sieve analysis are 3D

[24], particularly for stress computations[25]. Previous studies presented a visual comparison of curves

obtained from sieve analysis and image analysis and proposed different techniques of conversion of areas

into masses [26, 17, 27, 28]. In this context, the the projection of size and distribution in the 3rd

dimension (i.e. depth) is performed via assumption of the similar patterns of planar observation, which

could vary based on the application [29, 30]. As well, used two directional (horizontal and vertical)

sectional images have been used to increase the prediction accuracy [21].

As well, the mass and volume have additionally been estimated by flakiness measure [31]. Other
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past works include approximating the critical sieving diameter known as mesodiameter [16], aggregate

scale [15] and larger scale [32] analysis.

Other prominent image processing methods have studied the aggregates sizes and distribution using

fast and low-cost software. Particularly ImageJ has been utilized to measure the shape parameters of

sand aggregates, including the ferret size F and circularity C [33, 34], and analyzes the particle size

distribution via enclosing them within the ellipses of major and minor axis. Such approximation with

elliptic form has been explored in a separate study in 2D [34], and 3D aggregates [35, 30]. Furthermore,

there has been continuous efforts throughout the past decades to develop measures for computing the

convexity, sphericity, and aspect ratio from digital images [36, 37, 38].

Needless to mention that ImageJ provides more geometrical measures such as reciprocal aspect

ratio, rectangularity and feret effect [39], particularly by utilization of tools such as dilate, fill holes

and skeletonization [40, 41]. Other methods include Glow-in-the-Dark [42], noise removal [43], contrast

adjustment [44], image segmentation [27], advanced thresholding for Otsu’s binarization and Canny’s

edge detection [45], determining the third dimension from the standard 2D images [46].

Other methods, such as laser diffraction and single particle optical sizing have been proposed [36].

While the imaging-based aggregate size detection techniques has proven time and accuracy privileges

over traditional sieving method, their barrier is the inability of single camera-lens systems to capture

the wide range of aggregate sizes in soil [32], and there is still need for standardization of the error [47].

In fact, image processing has been utilized in the broader number of fields, such as detecting aggre-

gates such as rice and beans [48], where it helps evaluating the quality of the crops. In this regard, the

machine learning algorithms could enhance characteristic extraction from 2D images [49], for achieving

higher accuracy [50, 51].

However, the image processing techniques has not been enriched enough to accurately address the

sieve analysis diagrams yet [27]. Additionally, the complexity of their technique has limited its applica-

bility [36] and more computational improvement is needed.

Percolation theory has long been used to study the behavior of systems with interconnected elements.

It has been used in a wide range of disciplines such as transport in porous media [52, 53], morphology and

fracture of composite materials [54, 55, 56], underground hydrodynamic flows [57, 58], fractal dispersion,

reaction kinetics, and biological systems [59]. The formation of random media expands from connection

trees [60, 61, 62] and 2D lattices [63, 64, 65] to multidimensional continuous particles [66, 67], which
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(a) Sample color image, illustrating the red, green, and blue intensity
distributions.
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Figure 1: Sample experiment from Sieve Analysis.

empowers the percolation theory to predict the emergence of highly connected clusters in stochastic

domains [68, 69, 70]. It is particularly deals with a certain threshold where a global scale of connectivity

is stablished [71, 72].

In this paper, a new percolation-based technique has been developed which iteratively minimizes the

percolation flux in the larger regions and maximizes the circularity (i.e. roundness) in the smaller sub-

regions to identify the optimized estimation from the aggregates and measure their equivalent geometric

properties such as area and diameter. The role of the image resolution (i.e. compression factor) on the

precision of the aggregate size distribution has been explained, the higher correlation of method with the

experiments compared with the Otsu’s binarization has been illustrated. The developed methodology

could be used for estimating the size distribution in the given medium, particularly for those of irregular

shapes and sharp corners.

2 Experimental

Five samples of aggregates mixes have been utilized with the total weight of ≈ 500g, sample of each is

shown in the Figure 1a, with the color distribution of Red, Green and Blue. Each set has a different

fineness modulus (FM) as given in the Table 1. Next, sieve analysis was performed on each set using

Standard sieving method (TS EN 933-1, 2012) [73] by placing the aggregates on the top-most sieve and

letting the sieves vibrate for 5 minutes. After the vibration period was over, the mass retained on each
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Sample No. 1 2 3 4 5
FM 6.36 5.93 4.62 5.44 5.04

Table 1: Experimental Parameters.

sieve was recorded , as visualized in the Figure 1b. As well the cumulative passing weight percentage

was calculated.

Subsequently, image capturing was done on the aggregate mixes. The aggregates were placed on

white, non-reflecting paper with a ruler on the side to provide the scale needed for measurements in

image analysis, and a camera was placed at a constant height of 30cm above the aggregates. Two white

light lamps were placed around the setup to provide better and clearer images. The lights placement

was adjusted to minimize the shadow effect. The aggregates were placed as flatly as possible on the

paper surface to avoid overlap due to stacking.

Consequently, a calibration factor was calculate to relate real dimension with the image dimension

as below:

α = Scale of the Ruler (m)
Image Dimension (pixels) ≈ 3.75× 10−5 m

pixels

3 Methodology

The extraction of the aggregates in a bare image is typically challenging. As an example, the Figure 1a

could get binarized via adaptive thresholding, [74] as shown in the Figure 2a. Subsequently the cluster

of isolated aggregates could get extracted by means of percolation, as illustrated in the Figure 2b. Since

the aggregates are excessively connected unrealistically, more recognition treatments are needed to get

more appropriate aggregate shape size distributions. Herein we define two appropriate variables for

further identification of the aggregates from each other, as below:

3.1 Propagation Flux δA

We perform percolation on the identified aggregate cluster n through the first-order neighbors (left ←,

right →, top ↑, bottom ↓), until no further progress can be made. For every step k, the added area is
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(a) Binarized Image obtained via adaptive thresholding. (b) Bare chain of aggregates obtained via percolation.
The color spectrum commensurates with the area of
the aggregates in increasing order from blue to red.

Figure 2: The binarized image from the Figure 1a (left) and the initially-connected aggregate regions
(right).

recorded as the propagation flux δAk:

δAk = Ak+1 − Ak (1)

The propagation flux δA in fact represent the infinitesimal areal addition in every step and can be

used to separate any two aggregates from an appropriate necking points, since it identifies the weakly-

connected zones, due to mis-identification.

3.2 Circularity (Roundness) C

Since the physical appearance of each aggregate naturally has a rounded geometry to some extend,

herein we use the roundness measure (i.e. circularity) C, defined as [75]:

C = 4π
A

P 2 (2)

where A is the area of the identified aggregate, and P is its periphery. The roundness value is 1 for a

perfect circle and is 0 for a line (0 ≤ C ≤ 1), which is used to avoid the excessively branched and porous
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Figure 3: Performing the sweeping percolation, and tracking the percolation flux δA, which is the added
area in every step, it becomes locally small in the necks, which signifies the locus of weak connections.
The local minima have been encircled in the subset.

identification of aggregates, shown in the Figure 2a, since branching and porosity leads to smaller area

with higher periphery (i.e. A ↓,P ↑).

3.3 Percolation Framework

Herein, we use the percolation framework to estimate and separate the aggregates from each other,

during the image processing as follows:

1. Each figure has been read into the three distinct red, green and blue matrix distributions

{R, G, B} ∈ [0, 255]. Subsequently it has been converted to the gray-scale image by performing the

appropriate coefficients f from each sub-component image, as [76]:

f =
[

0.299 0.587 0.114
]

Then, the obtained gray-scale image is normalized to the maximum value to achieve the intensity

value of: Ii,j ∈ [0, 1].

2. Due to computational cost, the read image needs to be compressed down for performing an

affordable evaluation. Hence, performing the scale-down by the compression factor of β , each β number

of pixels in the horizontal and vertical directions are grouped into an averaged single pixel.

3. The lower-resolution gay-scale image Ii,j is binarized using adaptive thresholding that was orig-
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Figure 4: Tracking the instantaneous circularity of the percolating region and locating the maximum of
its circularity C ensues the most rounded shape of the propagation, which is encircled in the subset.

inally introduced by Otsu [77] in the global scale. Hence, performing local thresholding through the

group of 1st order neighbors for each pixel, the local grayness threshold Ic determines the binarized value

of Ji,j for each pixel as the following [78]:

Ji,j =


1 Ii,j ≥ Ic

0 Ii,j < Ic

(3)

Such local grayness threshold is attained via the minimization of the weighted intra-class variance

σ2 [74], defined proportionally as below:


σ2 = ω0σ

2
0 + ω1σ

2
1

ω0 + ω1 = 1
(4)

where ω0 and ω1 are the individual weight of each black (0) and white (1) portion as the fraction of

total, and σ2
0 and σ2

1 are their respective variances. Such minimization ensures that either resulted black

and white groups are selected from the most similar numbers in the closest proximity of each other. (i.e.

closest ∼ lowest variance).

4. We track the propagation flux δAk by performing percolation in the connected clusters of the

previous step to identify the points of weak connections (i.e. necks) which is unrealistic representation
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Figure 5: Aggregate extraction for 4 samples with the compression factor of β = 10 (1/100 resolution),
containing∼ 4002pixels. The first, second and third image in each processing corresponds to the bare
compressed image, locally-binarized image and the extracted aggregates distribution, where the color
range from blue to red corresponds the aggregated area.

of the aggregates. The local minimization of percolation flux helps to identify such separation points,

which could be extracted as:

Minimize δAk = Ak − Ak+1

Such that Ak = α2β2 (∑ 1)k

(5)

Mathematically the local minima is obtained as the locus where the slope changes sign, while main-

taining the positive curvature, hence:


δ

δk
(δAk) .

δ

δk
(δAk+1) < 0 Slope sign change

δ2

δk2 (δAk) > 0 Positive curvature
(6)

Figure 3 shows illustrate an example of connected aggregate cluster, where the individual aggregates

are separated from the necks (dashed lines), by means of locating the local minima in the propagation

flux, which is shown as the inset.

5. Performing the percolation on the each identified aggregate cluster n, we record the roundness
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Figure 6: Aggregate extraction for 4 samples with the compression factor of β = 20 (1/400 resolution),
containing ∼ 2002pixels. The first, second and third image in each processing corresponds to the bare
compressed image, locally-binarized image and the extracted aggregates distribution, where the color
range from blue to red corresponds the aggregated area.

Ck at every percolation step k as given in the Equation 2, as below:

Maximize Ck = 4π
Ak

P 2
k

Such that Ak = α2β2 (∑ 1)k , Pk = αβpk

(7)

where Ak is the area, Pk is the periphery of the growing cluster in the step k, α and β are the calibration

and compression factors and pk is the number of the pixels having less than 4 neighbors, ensuring that

they are not fully surrounded and are part of periphery. Moving forward each new pixel is indexed

in descending order, based on the step number. Figure 4 shows an example of the tracking for the

roundness, where its maximization leads to realistic identification of the aggregate from the rest of the

identified cluster. Hence the cluster with the maximum roundness is extracted out.

6. Repeat the steps 4 and 5 until no white pixel remains in the aggregate chain n.

7. The equivalent diameter dEq of each individual aggregate by presuming the obtained areaA as a

circle, where dEq :=
(4A

π

)1
2 .

Figures 5 and 6 show the compressed low resolution original images, the respective binarized image

and the processed image with the extracted aggregates which are color-coded based on the respective

areas.
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Figure 7: The distributions of the retained aggregates versus the resolution for 4 samples, compared
with their respective experimental sieve analysis.

4 Results & Discussions

The methodology for extracting the aggregates works on the series steps in multitudes of scales. Start-

ing from the scale of entire domain, the extent of connected aggregate chains are initially identified.

Subsequently an intermediate-scale sweeping percolation is performed where the propagation flux is

traced and its respective local minima signifies the locus of weak connections (i.e. necks). Consequently,

the aggregate-scale sweeping percolation is carried out where tracking the instantaneous circularity of

the growing cluster and identification of the locus of maximum roundness ensures extracting the most

natural shape of the aggregates. Such larger-to-smaller scale analysis for a aggregates chain has been

visualized in the Figure 8.

The comparison of the trends of aggregate size histograms presented in the Figure 7 shows that the

higher resolution, which corresponds to lower compression factor β from the original image, provides a

closer correlation with the experimental diameter distributions. In fact comparing the diameter fraction

in the experiments fEXP and the computations fi, one can define the error sum Err as the addition in

the magnitude of their differences as:

Err =
n∑

i=1
|fi − fEXP,i| (8)

Therefore:

β ↑⇒ Err ↓ (9)
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Figure 8: Schematics of how minimization of flux δA identifies the weakly connected regions (dashed
lines) and maximizing the circularity C of the sub-regions (colored) extracts out the closest proximity
to the natural shape of grains.

As an example, the experimental histograms of the Sample 5 is compared against the histograms

obtained in our framework as well as Otsu’s method for 3 resolutions in the Figure 9. Visually, the

error sum Err in the histograms translates into the distance between the peaks, where the closer the

experimental and computational peaks, the more accurate the histogram approximation. Since the

optimization due to minimizing the propagation flux δA and maximizing the circularity C divides the

larger identified clusters to smaller ones, as illustrated in the Figures 4 and 3, we observe in this that

such error is significantly reduced in our computations, versus the traditional Otsu’s method.

Additionally, due to decomposition of the larger aggregates to the smaller one with variety of the

equivalent diameters, it is observed that the distribution from the established framework has a wider

distribution, as opposed to the spike-like histogram obtained from the Otsu’s method, which is in more

agreement with the experimental findings.

Moreover, the established framework contains advantages relative to the ImageJ software since

imageJ is limited to the assumption of the elliptic shapes and does not capture the other geometries,

while the current percolation-based method can capture the aggregates with sharp corners and finer

details.

Consequently, the 2D (image) results from the simulations 3D (real) results from the experiments

correlate with the diameters as follows by dimensional analysis:
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Figure 9: The correlation of the experimental measurements (blue) with the obtained charts of different
resolutions (solid) and the Otsu’s method (dashed), illustrating the effect of the resolution.

A ∝ d2 , V ∝ d3 (10)

therefore, one can obtain the areal and volumetric distributions from the diameter. Since the his-

togram fractions are less than one (fi < 1) applying higher powers will shrink the values, and such

shrinkage is the highest for the volumetric distribution than the areal counterpart. This is already

observable from the histograms in the Figure 7, as the experimental distributions are wider and in some

cases contain more than one peaks. As well the peaks in the volumetric distributions should be shorter

than the areal version, which is already observable from the obtained histograms in this Figure.

Finally, it should be mentioned that imposing the compression factor of β uses only ∼ 1/β2 infor-

mation from the original image (i.e. only 1% of image information for β = 10), hence the projected

grain size distributions is deemed appropriate. Henceforth, we ascribe that developed percolation-based

computation particularly useful as a fast tool for obtaining the peak of the histograms, containing the

dominant diameter dEF F containing the maximum fraction. (fmax, dEF F ), as the wholistic size measure.
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5 Conclusions

In this paper, a new method has been developed for obtaining the size distributions of the aggregates

from the experimental images. The framework initially proceeds via binarization and resizing of the

experimental image. Subsequently percolation has been performed through the aggregate networks

to identify the maximum coverage of the connected clusters, where no further percolation is possible.

Subsequently another round of percolation has been run on the connected islands, where the locus of

weak attachment (i.e. necks), where identified via tracking the local minima in the propagation flux.

Consequently, in order to realistically capture the mainly rounded and convex shape of the individual

aggregates, the last round of percolation has been performed in local scale for maximizing the circular-

ity of the propagation. The obtained histograms have been compared/verified with our experimental

measurements, the correlation with the compression factor has been analyzed, and the advantages to

other image processing frameworks such as ImageJ and Otsu’s method have been conveyed. The estab-

lished framework could be useful for the on-site and realistic estimation of the aggregate distributions,

particularly those of unusual geometries with sharp peripheries.

List of Symbols

α: Experimental calibration factor (m/pixels).

β : Computational Resize factor.

A : Area of the aggregate.

P : Perimeter of the aggregate.

p: peripheral pixels

d : Calculated diameter of the aggregate

m : Mass of the aggregate

V : Volume of the aggregate.

σ : Variance based on Otsu’s method.

σ0: variance of white pixels

Ii,j: Normalized intensity image.

FM : fineness modulus.

Err: Error sum

fi: fraction of di in the simulations

fEXP : fraction of di in the experiments

σ1: variance of black pixels

ω0: fraction of white pixels

ω1: fraction of black pixels

C : Roundness (Circularity)

δA : Propagation flux

N : Number of aggregates found

Ji,j: Binarized image.
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Data Availability

The row data for producing the results in this manuscript are freely available either through the uploaded

MethodX folder, or upon request from the corresponding author at aryanfar@caltech.edu, which include:

• The image processing MATLAB scripts for the reading analyzing, computing and extracting the

data.

• The prepared experimental images from the row experimental snapshots, as the input for the

image processing framework.

Acknowledgment

This work has been financially supported by the Scientific Research Project Coordination Center of

Bahçeşehir University Project No. BAP.2020.01.12. The authors would like to thank the support from

the Masri Institute from American University of Beirut, Grant Award No. 103919 for the student Maria

Khoury.

References

[1] E Amézketa. Soil aggregate stability: a review. Journal of sustainable agriculture, 14(2-3):83–151,

1999.

[2] Vivian WY Tam, Harshana Wattage, Khoa N Le, Anthony Buteraa, and Mahfooz Soomro. Methods

to improve microstructural properties of recycled concrete aggregate: A critical review. Construc-

tion and Building Materials, 270:121490, 2021.

[3] Senthil Kumar Kaliyavaradhan, Tung-Chai Ling, and Kim Hung Mo. Valorization of waste powders

from cement-concrete life cycle: A pathway to circular future. Journal of Cleaner Production,

268:122358, 2020.

[4] Payam Shafigh, Hilmi Bin Mahmud, Mohd Zamin Jumaat, and Majid Zargar. Agricultural wastes

as aggregate in concrete mixtures–a review. Construction and Building Materials, 53:110–117, 2014.

15

http://aryanfar@caltech.edu


[5] Mohamadreza Moini, Ismael Flores-Vivian, Adil Amirjanov, and Konstantin Sobolev. The op-

timization of aggregate blends for sustainable low cement concrete. Construction and Building

Materials, 93:627–634, 2015.

[6] Subha Ghosh, Nirjhar Dhang, and Arghya Deb. Influence of aggregate geometry and material fabric

on tensile cracking in concrete. Engineering Fracture Mechanics, 239:107321, 2020.

[7] PK Mehta and PJM Monteiro. ’concrete: Structure, properties and materials’, prentice hall inc.,

englewood cliffs, nj, 1993, 548 p.

[8] Sidney Mindess, J Francis Young, and David Darwin. Concrete prentice-hall. Englewood Cliffs, NJ,

481, 1981.

[9] Steven H Kosmatka, Beatrix Kerkhoff, William C Panarese, et al. Design and control of concrete

mixtures, volume 5420. Portland Cement Association Skokie, IL, 2002.

[10] Xingwang Wang, Hainian Wang, Ponan Feng, Chonghui Wang, Chen Zhang, and Amir Golroo.

The movement property characterization of coarse aggregate during gyratory compaction based on

3d-printed aggregate. Construction and Building Materials, 361:129608, 2022.

[11] Jerzy Wawrzeńczyk and Agnieszka Molendowska. The use of a special stereoscopic microscope

attachment for the sieve analysis of aggregate in concrete. Applied Sciences, 9(9):1853, 2019.

[12] M Abdullahi. Effect of aggregate type on compressive strength of concrete. International journal

of civil & structural engineering, 2(3):791–800, 2012.

[13] Ante Jadrijević. Wet sieve analysis of fresh concrete correction procedures. Cement and concrete

research, 23(6):1307–1316, 1993.

[14] Emanuel Azmon. Field method for sieve analysis of sand. Journal of Sedimentary Research,

31(4):631–633, 1961.

[15] Fátima Cristina Lira and Pedro Pina. Grain size measurement in images of sands. In VISAPP (1),

pages 371–374, 2006.

[16] Eric Pirard, Nicolas Vergara, and Vincent Chapeau. Direct estimation of sieve size distributions

from 2-d image analysis of sand particles. Proceedings PARTEC 2004, 2004.

16



[17] Joanne MR Fernlund. The effect of particle form on sieve analysis: a test by image analysis.

Engineering Geology, 50(1-2):111–124, 1998.
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