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Abstract

Digital image-based determination of aggregate and rock gradation has been only limit-
edly addressed in the existing literature despite its considerable potential to transform
conventional material characterization practices in civil engineering. Rapid and accurate
estimation of aggregate and rock particle size distributions using advanced image-based
analytical methods can significantly improve efficiency, consistency, and scalability in
design, construction, and quality control processes, particularly in large-scale structural
and geotechnical engineering projects where traditional sieve analysis is time-consuming,
labor-intensive, and difficult to apply under field conditions. In this study, an image-based
methodology is proposed to rapidly detect aggregate particles and determine their size-
based proportions within a pile by employing image enhancement, segmentation, and
boundary detection algorithms. The results obtained from digital image processing are
comparatively evaluated against experimental sieve analysis data, demonstrating a strong
correlation between the two approaches. Low RMSE values achieved for larger aggregate
sizes, such as 25.4 mm and 19 mm, indicate high detection accuracy, while the relatively
higher yet acceptable RMSE values obtained for smaller particles, including 12.7 mm and
9.5 mm, confirm that the method maintains practical sensitivity across different size ranges.
By analyzing samples collected from various aggregate and rock piles, the study further
demonstrates the originality, robustness, and effectiveness of the proposed approach in
evaluating heterogeneous material groups. Overall, the findings highlight that digital
image-based determination offers a fast, reproducible, and non-destructive alternative to
traditional sieve analysis, making it particularly valuable for reinforced concrete aggregate
assessment and port fill rock characterization in large-scale structural and geotechnical
engineering applications.

Keywords: aggregates and rock fills; digital image processing; reinforced concrete materials;
rapid particle size determination; sieve analysis

1. Introduction
Recent advances in computer vision, image processing, and artificial intelligence have

enabled the development of reliable and consistent alternatives to conventional experimen-
tal methods in civil engineering. In particular, image-based approaches have been widely
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applied for particle size distribution (PSD) estimation, aggregate characterization, and ma-
terial performance assessment. A hybrid gradation prediction framework integrating visual
foundation models and artificial neural networks demonstrated improved PSD estimation
for densely packed coarse aggregates, significantly reducing prediction errors compared
to earlier non-overlapping particle approaches [1]. Similarly, photogrammetric computer
vision combined with artificial intelligence has been used to enhance the characterization
of fresh concrete workability, establishing strong correlations between image-derived pa-
rameters and the Visual Stability Index (ASTM C1611) [2]. Deep learning-based image
analysis has also proven effective in pavement engineering, enabling accurate prediction
of the International Roughness Index (IRI) and detection of aggregate segregation from
surface images [3].

Beyond pavement applications, multispectral satellite imagery integrated with ma-
chine learning algorithms has improved lithological mapping accuracy [4]. Experimental,
numerical, and image-based approaches have also been employed to investigate fracture
behavior in mass concrete, compressive failure mechanisms in recycled concrete, fracture pa-
rameters in asphalt concrete, and ballast condition assessment [5–8]. Similar methodologies
have been extended to sludge floc morphology, colloidal aggregates, bitumen–aggregate
interaction and recycled concrete characterization [9–12].

A variety of aggregate characterization techniques have been reported, including
neural network-based classification with 3D laser scanning, hyperspectral image fusion
methods, detailed digital image-based shape analysis, and real-time online detection
systems [13–15]. Digital image processing has been extensively used for determining coarse
aggregate PSD, evaluating aggregate–asphalt adhesion, assessing the influence of aggregate
shape on asphalt concrete performance, and estimating aggregate gradation in asphalt
mixtures [16–19]. Considering that aggregates constitute approximately 60–75% of concrete
volume and strongly influence mechanical and durability properties [20], accurate and
rapid PSD determination is critical for quality control. Experimental studies have confirmed
the significant influence of aggregate gradation, size, and content on compressive strength
and workability [20–22].

Despite these advances, achieving an optimal balance between speed and accuracy
in aggregate analysis remains challenging. Automated detection systems have therefore
been proposed to overcome limitations of conventional sieving. Image-based PSD results
have shown good agreement with mechanical sieve analyses [19], while intelligent weight-
prediction systems using Backpropagation Neural Networks have achieved high accuracy
levels (89.49%) for coarse aggregates [23]. Additional studies have focused on aggregate
morphology, including angularity, surface texture, and 3D shape indices [24,25]. However,
many of these approaches rely on images of isolated or non-overlapping particles, limiting
their applicability in real bulk-pile conditions.

Recent research has therefore shifted toward segmentation-based and machine
learning–assisted methods capable of analyzing densely packed or piled materials. Mul-
timodal feature learning models following Watershed segmentation have been proposed
for rock fragment size estimation [26], and ANN-based frameworks trained on shape
descriptors have successfully predicted PSD of densely packed aggregates [1]. Other
methodologies have achieved over 92% accuracy in size class estimation [27], although per-
formance may depend on particle circularity and roundness [28]. Video image processing
and compaction-based image analysis techniques have also been introduced for rock-fill
and aggregate gradation assessment [29,30].

Accurate image-based PSD estimation is influenced by multiple factors, including
particle size distribution, texture, morphology, imaging angle, and lighting conditions.
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Nevertheless, image processing techniques remain attractive due to their practicality, cost-
efficiency, and suitability for large-scale applications.

Particle size distribution is a critical parameter governing the durability, stability, and
structural performance of civil engineering systems. In this study, an image processing-
based methodology is proposed for estimating the PSD of aggregates, stones, and rock-fill
materials in large heterogeneous piles. The results were validated against laboratory sieve
analyses, demonstrating high consistency and robustness under different imaging orientations.

The proposed framework enables rapid, on-site, and cost-effective gradation character-
ization for large-scale fill materials used in earth and rock-fill dams, port embankments, and
reinforced concrete structures. By significantly reducing time, labor, and operational costs
while maintaining high accuracy, the method offers a practical alternative to conventional
sieve analysis for bulk aggregate assessment.

2. Materials and Methods
The basic properties of the aggregates used, including their angular shape and natural

crushed origin, are now reported. In addition, the particle size distributions are presented
through gradation curves. In addition, it should be specified that the aggregates used
were derived from limestone and basalt rocks. In the laboratory, six different samples were
prepared—L (large-1), M (medium-2), S (small-3), LS (large–small-4), LM (large–medium-5),
and LMS (large–medium–small-6)— and then the aggregate specimens were captured as
colored digital images (RGB, in JPEG format) in a vertical orientation, as shown in Figure 1.

. 
Figure 1. Randomly selected images obtained by mixing the six different aggregate samples obtained
from the piles and digital images.

The images were captured using an iPhone 13 smartphone from a distance of 50 cm
and from two different orientations, in order to verify the reliability of the prediction
process based on the acquired images.

In addition, the background used during image acquisition was a gray-toned labo-
ratory surface, which is relatively close to the color of the rock samples. From an image
processing perspective, this makes the distinction between the sample and the background
more challenging. Despite this difficulty, the proposed technique was able to success-
fully discriminate the aggregates from the background. It is therefore expected that the
method would perform even more effectively for different environmental conditions and
textures. The total weights of the samples used in the experimental study were 4.59 kg
for L, 4.24 kg for M, 4.25 kg for S, 4.62 kg for LS, 4.82 kg for LM, and 5.05 kg for LMS.
Sample 1 represented a coarser grain distribution, Sample 2 exhibited a medium grain
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distribution, and Sample 3 had the finest grain distribution. Subsequently, Samples 4, 5,
and 6 were prepared using different combination ratios of these three initial samples, and
their gradation properties were determined through sieve analysis. First, the actual values
representing the percentage of particles passing through each sieve were obtained under
laboratory conditions to establish the gradation curves of the samples.

2.1. Sieve Analysis

The sieve analysis method is a fundamental and widely used technique in civil engi-
neering and material characterization for determining the particle size distribution (PSD)
of granular materials such as aggregates, sands, soils, and rock fragments. The method
is based on the principle of mechanical separation, in which a representative sample is
passed through a series of sieves with progressively smaller openings to classify particles
according to their size. In a typical procedure, the aggregate sample is first oven-dried to
remove moisture and then placed in the top sieve of a stack arranged in descending order of
mesh size. The stack is subjected to vibratory or mechanical shaking for a specified duration
to ensure thorough separation of the particles. After sieving, the mass of material retained
on each sieve is measured, and the percentage passing or retained is calculated relative to
the total sample mass. These data are then used to plot a gradation curve, which represents
the cumulative particle size distribution. Sieve analysis provides essential information
for assessing aggregate quality, gradation uniformity, and suitability for construction
applications such as concrete, asphalt, and geotechnical fill materials. Despite being a
time-consuming and labor-intensive process, it remains the standard reference method
(ASTM C136/EN 933-1) against which alternative and automated techniques—such as
digital image processing—are evaluated for accuracy and efficiency.

The aggregate materials used in the study and the corresponding sieve analysis
procedures are presented in Figure 2.

The particle size ratios contained in each sample were determined through sieve
analyses and are presented in the table below. Here, Samples 1, 2, 3, 4, 5, and 6 correspond
respectively to the L, M, S, LS, LM, and LMS aggregate pile sizes. Table 1 presents the
sieve analysis results and the percentage of material passing through each sieve for the
tested samples.

Table 1. The percentage distributions of six different samples passing through each sieve.

Sieve Size Mass-Based Passing %

Ex
pe

ri
m

en
ta

l

mm 1 2 3 4 5 6

25.4 100 100 100 100 100 100

19 59.44 96.27 100 78.33 85.46 86.76

12.7 7.66 27.36 99.62 48.54 22.15 42.25

9.5 0.40 1.99 85.50 36.90 2.24 23.72

4.75 0.10 0.14 30.85 13.02 0.76 8.47

2 0.10 0.12 0.46 0.27 0.08 0.44

0.425 0.09 0.11 0.35 0.17 0.07 0.31

0.075 0 0 0 0 0 0
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Figure 2. The aggregate materials used in the study and the corresponding sieve analysis procedures.

As shown in the table, all samples passed 100% through the maximum-sized sieve.
As the size of the sieve decreased, the proportion of passing particles in the L sample
decreased rapidly. In contrast, for the other samples containing smaller particles, this ratio
changed more gradually. Naturally, the proportion of particles passing through the same
sieve size was higher in samples dominated by smaller (S-size) particles and lower in those
dominated by larger (L-size) particles. The analyses also revealed that the smallest particle
size in all samples was greater than 0.075 mm.

2.2. Digital Image Processing Analysis

In larger aggregate piles containing particles of various sizes, performing traditional
sieve analyses may be impractical or constrained by time, labor, and financial limitations. To
address these challenges, numerous image processing-based methods have been proposed
to enable the rapid and efficient determination of aggregate particle sizes. However,
research efforts continue to focus on achieving higher accuracy and faster computation.

The Otsu image processing method differs from other thresholding techniques by au-
tomatically determining the optimal threshold value through the maximization of between-
class variance, without requiring any prior user-defined parameters. It rapidly generates
predictions using the image. This characteristic reduces operator dependency and en-
ables more objective and repeatable segmentation results, particularly for heterogeneous
aggregate structures.

In this study, the effectiveness of the Otsu method was evaluated separately for
aggregates with different particle sizes. In addition, aggregate samples mixed at specific
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proportions were analyzed using images acquired from two different orientations, namely
0◦ and 90◦. The image processing results were compared with conventional sieve analysis
test outcomes to assess the particle size distribution estimation capability of the proposed
approach. The findings demonstrate that the Otsu-based image processing method provides
reliable predictive performance across varying particle sizes and imaging orientations.

In this study, a framework is proposed that combines image processing, segmentation
and computational analysis, and its methodology is illustrated in the flow chart specified
in Figure 3.

Figure 3. Flowchart of the gradation detection system for aggregates and rocks.

Digital images can be corrupted due to various noise sources, such as temperature and
the type of sensor used. It is quite difficult to distinguish and filter the original signal from
the low-frequency noise mixed into it. Many computational algorithms have been proposed
to extract useful information or to improve the quality of the image by eliminating these
factors that corrupt the image quality. Examples of these methods are linear filters and
nonlinear filters such as mean, median and Wiener.

In this paper, to reduce the complexities of computational requirements, the original
image in Figure 4 is converted to a grayscale format, where the hue and saturation informa-
tion are eliminated but the brightness information is preserved. Then, the Wiener filtering
(3 × 3) method is applied, which aims to reduce the noise by minimizing the mean square
error with a statistical approach. As understood from the zoomed-in section of the third
panel of Figure 4, this filter reduces the noise while at the same time reducing the clarity of
the details in the image. To overcome this and to increase the contrast between neighboring
pixels and make the edges more visible, a sharpening filter is performed.
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Figure 4. The vertically captured original image and its converted versions in grayscale, Wiener-
filtered, and sharpener filter formats.

To evaluate all the obtained grayscale preprocessed images under equal conditions, a
certain region of the images is selected and the contrast-limited adaptive histogram equation
(CLAHE) algorithm, which works on small data regions, is used to further improve the
contrast, as shown in Figure 5. The classical histogram equalization technique improves the
pixel distribution of the image, resulting in better contrast and clarity. When the CLAHE
method is used, images with irregular brightness values, such as piles, are divided into
regions, and an adaptive algorithm is used to apply a separate histogram equalization
process to each region.

 

Figure 5. Grayscale preprocessed images under equal boundary conditions, selected area, histogram
equation and OTSU, respectively.

In order to determine the boundaries of rock objects in the enhanced image, first,
the Otsu method, which is frequently used in image segmentation, is performed. This
method allows the determination of threshold values separating classes to create a specified
number of classes using the grayscale histogram of the image. More specifically, converting
a grayscale image to a binary image typically requires setting a threshold value. Pixels
larger than this threshold are designated as white, while those smaller are designated
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as black. However, because not all images have the same characteristics, setting a fixed
threshold value does not produce ideal or acceptable results for all images. Therefore,
the threshold value must be determined based on the color distribution of the image
in question. In this context, the Otsu algorithm creates two color classes in the image:
foreground and background. The within-class variance is then calculated for all threshold
values, and the value that minimizes the variance is determined as the optimal threshold
value. Furthermore, the between-class variance value should also be maximum.

Then, two classes are created as foreground and background by determining a thresh-
old value. To label each rock object in the foreground, firstly, connected components are
detected and pixel indices assigned to each component are obtained. According to the
result returned by the connected component function using the 4-connectivity standard,
pixels whose edges touch each other horizontally or vertically are connected to each other
and are part of the same object; if the edges do not touch, the pixels belong to different
objects. This situation is explained in Figure 6 with a small binary image.

Figure 6. Connected component method based on the 4-connectivity standard.

As can be seen, two separate objects with only their corners connected on the left and
one object on the right are detected, since the horizontal and vertical pixels are connected
to each other.

Label matrices are obtained for each 4-connected component (object). A struct is
created that includes the measurement of features such as area, centroid, and bounding box
that belong to the labeled regions. However, before this process, in order to prevent different
objects with similar brightness information from being labeled as a single object due to
their adjacent positions, commonly used erosion and dilation morphological operations are
applied, followed by hole filling, as shown in Figure 7.

The morphological operations of erosion and dilation, including the filling operation,
are defined in the z2 space as in Equation (1) and Equation (2), respectively:

⊙
B = {z|(B)z ⊆ A}, (1)

A ⊕ B =
{

z
∣∣(B̂)z ∩ A ̸= ∅

}
. (2)

A represents the input image, B represents the structuring element, and (B̂) represents B’s
complement of 1. Accordingly, the entire image is scanned step-by-step with the structuring
element (SE) and the output images are obtained as shown below. The image processing
stages of morphological operators are presented in Figure 8.

https://doi.org/10.3390/buildings16050912
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Figure 7. Erosion and dilation morphological operations of images.

Figure 8. Image processing stages of morphological operators.

As explained above, in erosion, if the pixel values in the image within the area (accord-
ing to the determined r radius value) covered by SE are 1, the new value of the center pixel
is set to 1, and if any pixel is 0, the center pixel value is set to 0. Conversely, in dilation, only
one 1 within the filter area is sufficient for the new pixel value to be 1. When the relevant
operations are applied, an image with fewer edge details is obtained after the erosion and
dilation operations, as shown in Figure 9. This process allows different connected objects in
the image to be separated and labeled as two separate objects, rather than being perceived
as a single object.

A new erosion is applied again to images containing rock objects with a pixel area
that is not too small after the dilation process. This condition is added to prevent the
loss of necessary information in images that contain small objects. Thus, as a result of the
re-applied connected component function, objects can be detected more accurately.
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Figure 9. Effect of morphological erosion and dilation operations.

These morphological operations, used to determine the number of objects in an image
by providing better separation of boundaries, can cause objects to differ slightly from their
actual size. However, when the area of each object in the image is compared to the total area,
the areas of the objects vary by approximately the same amount. Using sample number 1, L,
as a reference, the maximum area value in each binary image is first calculated. Taking into
account the coefficient of variation (1/CV), which indicates how much the data in a sample
varies compared to the population mean, as well as the actual size values of the sieves, a
transformation value for each sieve size is calculated as a ratio of this maximum area value.
More specifically, a coefficient is initially computed by dividing the mean value of the
areas of all detected objects in the image by the corresponding standard deviation, and this
coefficient is subsequently multiplied by the maximum object area in order to estimate the
initial sieve size. The remaining sieve sizes are then determined in a sequential manner by
reducing the previously calculated sieve size according to the actual reduction ratio, while
additionally incorporating a correction factor of 1/CV to account for variability in object
size distribution. Based on these experimentally derived transformation values, which are
defined relative to a reference image, each labeled object within the image is evaluated
to determine the smallest sieve size through which it can pass, and for every object that
satisfies this condition, the object count, denoted by S, is increased by one. Finally, the
proportion of objects passing through the sieve relative to the total number of objects is
calculated according to Equation (3) below and is shown in Table 2, scaled as stated above:

Rate = S/(Sum(object)) × 100 (3)

Table 2. Considering the detected boundaries, the Rate values were calculated for each sample.

Sieve Size Count-Based Passing %

mm 1 2 3 4 5 6 RMSE

Ve
rt

ic
al

Im
ag

e

25.4 97.85 99.34 99.49 95.86 98.80 98.33 2.10

19 83.64 88.18 91.64 83.07 87.84 90.16 11.26

12.7 50.67 49.23 33.93 39.56 46.41 40.07 34.92

9.5 32.17 32.82 20.24 24.80 29.48 22.82 34.41

4.75 0 17.28 0 0 0 0 15.74

2 0 0 0 0 0 0 0.29

0.425 0 0 0 0 0 0 0.21

0.075 0 0 0 0 0 0 0

RMSE 20.76 14.95 34.63 7.38 3.95 3.39
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Specifically, this equation describes the proportion of objects associated with a given
label, irrespective of their individual sizes, within the analyzed image. In other words,
after the application of the transformation algorithms described in the preceding sections,
the equation quantifies the number of labeled objects that fall within the corresponding
scaled size range. Thus, it enables the results obtained in the superficial area of the pile,
which is assumed to be homogeneously distributed, to be directly interpreted in terms
of standard sieve analysis. Finally, to illustrate the boundaries of the labeled aggregates,
whose proportions within the pile were calculated based on sieve sizes, the Canny edge
detection algorithm was applied. The edge-detected aggregates are presented in Figure 9.

Note that the same original image region is zoomed in in all images in Figures 4, 7 and 10
to demonstrate that the objects were correctly detected as a result of image enhancement,
morphological operations, and edge detection algorithms. Accordingly, as seen in panel
(a), objects, namely each aggregate, are shown in white and labeled with an index number.
Additionally, x and y values representing the minimum horizontal and vertical position of
the object can be obtained. Using this information, the boundaries of the aggregates can be
drawn, as seen in the zoomed-in frame on the right of panel (b). This allows us to clearly
see how many objects are detected in the relevant region.

 
(a) 

(b) 

Figure 10. Determining object boundaries. (a) Labeling the objects, (b) drawing boundaries of the
objects using the Canny algorithm.
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Figure 11 shows the region in which the Canny algorithm was applied to detect the
aggregate boundaries.

Figure 11. The region where the Canny algorithm was applied and the aggregate boundaries
were detected.

To demonstrate the effect of each step of the methodology, detailed analyses are
performed on the vertically oriented images of the LMS sample, which contained particles
from all three size classes. Under the same conditions, all processing steps were also applied
to the remaining samples (L, M, S, LS, and LM, as illustrated in Figure 2), and the resulting
images with identified object boundaries are presented sequentially in Figure 10.

Here, it should be understood that objects of different sizes can be detected quite
successfully in each pile by comparing the L, M, S, LS and LM panels with the original
images in Figure 1.

3. Results
Figure 12 presents the six different samples prepared to determine the aggregate

grain size along with their corresponding (a) classical sieve analysis and (b) digital image
processing results. When Figures 2 and 13 are compared, it is evident that large-sized
particles in each sample are detected accurately to a significant degree. In Samples 1 and 2,
which contain L and M-sized particles, some merged objects are observed; however, the
detected boundaries are generally accurate. In Sample 3, composed mainly of S-sized
particles, very small particles could not be detected. Nevertheless, in Samples 4, 5, and 6,
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which include a combination of L, M, and S-sized aggregates, each object was successfully
separated, and its boundaries were clearly identified.

  

Figure 12. The six different samples prepared to determine the aggregate grain size and their
corresponding (a) classical sieve analysis results, (b) digital image processing results.

Figure 13. The image of sample 6, taken from a different direction at a 90-degree angle.

Based on the detected boundaries, Rate values for each sample were scaled according
to eight different sieve sizes and are presented in Table 2.

The pile ratios of the L, M, S, LS, LM, and LMS samples, whose vertical images are
presented in Figure 2, are given in Columns 1 through 6, respectively. As shown in the
table, almost all detected particles in each sample passed through the largest sieve size
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of 25.4 mm, and a substantial proportion also passed through the 19 mm sieve. When
these results are compared with the experimental data in Table 1, a strong agreement is
observed for these two larger sieve sizes. This observation is further supported by the
RMSE (Root Mean Square Error) values calculated separately for each sieve size. These low
deviation levels indicate that the proposed image-based method predicts the distribution
of coarse aggregates with a high degree of reliability and stability. The consistency between
the experimental and computational results at these sieve sizes confirms that the method
performs particularly well in detecting and classifying larger particles, where boundary
definition is clearer and segmentation errors are minimal. As the sieve size decreases,
however, the deviation between experimental and predicted results increases. For the
12.7 mm and 9.5 mm sieves, the RMSE values are noticeably higher compared to those of the
larger sieve sizes. While this level of error cannot be described as highly satisfactory in strict
quantitative terms, it remains within an acceptable range when considering the inherent
challenges associated with detecting smaller particles. These challenges include particle
overlap, reduced image resolution relative to particle size, and the tendency of adjacent
aggregates with similar characteristics to merge and be detected as a single object during
segmentation. In particular, for Samples 1, 2, and 3—where particle size distributions
are more uniform—the merging of aggregates contributed to a decrease in classification
performance at the 12.7 mm sieve level. In contrast, for Samples 4, 5, and 6, which consist
of mixed particle size classes, the segmentation process yielded comparatively improved
results. The relatively lower RMSE values obtained for these mixed samples further support
this observation and demonstrate that particle diversity can positively influence boundary
discrimination. When all sieve sizes are evaluated collectively, the results indicate that
the method achieves highly satisfactory performance for coarse aggregates (25.4 mm and
19 mm), while providing acceptable—though comparatively lower—performance for the
smaller fractions (12.7 mm and 9.5 mm). A similar trend is observed for the 9.5 mm
sieve size, where agreement with experimental data remains moderate but consistent.
For the smallest sieve sizes, the experimental passing ratios were close to zero, and the
computational results also yielded zero values, further confirming the internal consistency
of the proposed approach. Overall, the findings demonstrate that the method is particularly
robust and reliable for coarse aggregate estimation, while maintaining an acceptable level
of agreement for smaller sieve sizes despite the increased segmentation complexity.

To provide a clearer understanding of the particle passing ratios through the sieves, a
graphical representation of the data from Table 2 is presented in Figure 12.

The passing ratios obtained for 6 samples are approximately 100, 60–100, 10–50, 0–40,
0–30, and 0 for classical sieve analysis. These values are calculated as 95–100, 80–90, 30–50,
20–30, 0–20 with the proposed image processing method in a few seconds. In particular, for
sieve sizes larger than 10 mm, the sample distributions exhibit a high degree of similarity,
demonstrating the consistency between the experimental and computational analyses. To
understand this, note that when the sieve size is around 10, the passed ratio is distributed
in the ranges of 20–50 and 80–100 for the 6 samples in both graphs. At smaller values,
the success of the proposed method decreases, with passed aggregates detected near 0.
However, for very small sieve size values, passed aggregates close to 0 are detected by
both techniques.

Furthermore, to verify the computational accuracy and assess the consistency of the
proposed method, all procedures were repeated using images of the same samples captured
from different angles. Figure 13 presents the image of Sample 6, which contains particles of
S, M, and L sizes, taken from a different direction at a 90-degree angle. In the preprocessing
stage, the original image was first converted to grayscale, followed sequentially by the
application of Wiener and sharpening filters.
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Subsequently, histogram equalization and the OTSU method were applied to the
selected region, as shown in Figure 14.

 

Figure 14. Application of histogram equalization and OTSU methods in the second and third columns
for the selected region in the first column.

Finally, morphological operations were applied to enable the segmentation of objects.
As shown in Figure 15, erosion was first applied to separate adjacent objects. While
erosion successfully broke the boundaries, it also caused some fragmentation of the objects.
Therefore, to restore each object, the dilation operation was used to expand the edges by
the size of the structuring element, and filling was applied to close the internal gaps within
the objects.

 

Figure 15. Morphological operations that enable the segmentation of objects.

To ensure that the boundaries of larger particles were properly separated when the
maximum particle size exceeded a predefined limit, a second erosion process was per-
formed. This operation was controlled by a threshold value to prevent the loss of objects in
images composed of small aggregate particles.

In the horizontal result images, all objects were labeled, and the area information of
the aggregates was stored in an array. The boundaries of the identified regions were then
determined using the Canny edge detection algorithm, as shown in Figure 16.
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Figure 16. Determining object boundaries using the Canny algorithm.

To provide a clearer and more comprehensive interpretation of the white-marked
boundaries, the highlighted region was magnified and examined in detail. This zoomed-in
visualization enables a more precise evaluation of particle edge detection performance and
boundary continuity. When the enlarged area inside the red box is carefully compared with
Figure 12, it can be observed that the majority of the particles are identified with nearly
identical boundary contours, despite the difference in viewing orientation. The particle
edges, shape characteristics, and separation lines between adjacent aggregates remain
largely consistent, indicating that the detection algorithm preserves geometric integrity
across perspectives.

This comparison demonstrates that the proposed method maintains robustness against
changes in image orientation. In other words, whether the image is acquired in a horizontal
or vertical configuration, the system is capable of detecting particle boundaries with a high
degree of similarity and spatial accuracy. Such consistency confirms that the calibration
procedure effectively compensates for perspective-related distortions and ensures stable
segmentation performance.

To further strengthen this validation, additional samples were analyzed using verti-
cally oriented images. For these samples, object boundaries were again extracted under
the same processing framework. The corresponding magnified regions, highlighted in
the vertical views shown in Figure 11, are presented in Figure 17. These additional com-
parisons consistently show that particle delineation remains reliable and reproducible
across different samples and imaging orientations. Collectively, these results provide strong
visual evidence that the proposed method delivers orientation-independent, accurate, and
repeatable boundary detection.

To present the sieve analyses of the marked regions, the particle passing ratios for each
sample were calculated based on the scaled sieve size values, which were determined with
reference to the experimental data, and the results are shown in Table 3.

The close agreement between all obtained results and the vertical image results pre-
sented in Table 2 demonstrates that objects in the samples can be detected from any viewing
angle and that the proposed method ensures reproducibility.
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Figure 17. Determination of aggregate boundaries. The same regions marked in the vertically
oriented image in Figure 10 were magnified and are presented here.

Table 3. Particle passing ratios for each sample, calculated based on sieve size values scaled according
to the experimental data.

Sieve Size Passed %

mm 1 2 3 4 5 6 RMSE

H
or

iz
on

ta
lI

m
ag

e

25.4 98.14 98.79 99.90 99.85 98.87 99.02 1.08

19 87.96 89.19 95.24 90.19 89.11 89.80 13.22

12.7 52.31 45.62 30.87 43.38 45.77 38.83 35.70

9.5 32.17 30.87 16.32 22.88 26.82 21.19 35.20

4.75 0 0 0 0 0 0 14.10

2 0 0 0 0 0 0 0.29

0.425 0 0 0 0 0 0 0.21

0.075 0 0 0 0 0 0 0

RMSE 21.85 12.34 36.20 8.16 3.55 3.54
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For ease of comparison, using the tabulated data, the particle passing ratios for each
sample were plotted against the sieve sizes, as shown in Figure 18. When compared with
the sieve analyses conducted using the vertical images of the six samples, it is evident that
each curve exhibits the same behavior, and the aggregate ratios represented by the colored
small circles—identical to those in Figure 12b—display a very similar distribution pattern.

Figure 18. Sieve analysis diagram calculated based on the digital image processing results.

The use of aggregate particle sizes of different magnitudes is permitted in various
types of reinforced concrete structures. Considering the design details of structures such as
buildings, bridges, dams, power plants, towers, tunnels, culverts, and similar facilities, the
classification of aggregate particle sizes for different structures in accordance with ASTM
C33 is presented in Table 4 below.

Table 4. Permitted aggregate particle sizes according to structural types in ASTM C33.

ASTM Size No. Nominal
Maximum Size

Approx. Size
Range (mm) Typical Application

No. 67 19 mm ≈16–19 Structural concrete
No. 57 25 mm ≈19–25 Foundations and slabs
No. 467 37.5 mm ≈25–37.5 Mass concrete
No. 8 12.5 mm ≈9.5–12.5 Fine-grained concrete

Table 5 presents the classification of aggregates in accordance with ASTM C33 based
on sieve designation and opening size. Fine aggregates are defined as materials passing the
No. 4 sieve (4.75 mm), consisting of natural sand, manufactured sand, or a combination
of both, with 100% of the material smaller than or equal to 4.75 mm. In contrast, coarse
aggregates are identified as materials retained on the No. 4 sieve, with particle sizes greater
than 4.75 mm, and typically include gravel, crushed stone, or slag. This classification
provides a standardized basis for distinguishing aggregate types according to particle size
distribution and material characteristics. In Table 5 below, the distinction between coarse
and fine aggregates according to ASTM C33 has been made.
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Table 5. Fine and coarse aggregate size classification according to ASTM C33.

Aggregate Type Sieve
Designation

Sieve Opening
(mm) Definition (ASTM C33)

Fine Aggregate No. 4 and smaller ≤4.75 mm

Aggregate consisting of
natural sand, manufactured
sand, or a combination
thereof, with 100% passing
the No. 4 (4.75 mm) sieve

Coarse Aggregate Larger than No. 4 >4.75 mm

Aggregate consisting of
gravel, crushed stone, or
slag, with material retained
on the No. 4 (4.75 mm)
sieve

4. Discussions
Sieving analysis is a reliable method for determining aggregate and rock gradation,

but it requires labor and expert knowledge. In this context, the proposed method, which
includes a fast algorithm and automatic classification methods for aggregate and rock
sizes from a pile image, will provide a rapid analysis and evaluation process without
requiring expertise, labor, or transportation. Furthermore, after verifying system stability
by obtaining a database containing more samples, a practical application can be offered
through an application. The proposed method showed significantly accurate detection
success for coarse aggregates with sizes of 25.4 mm and 19 mm. It provides extraordinary
convenience, particularly in the gradation analysis of port rock fills, by enabling the on-
site evaluation of hundreds of tons of rock materials within large piles without the need
for transportation.

One of the most significant findings of this study is that digital image processing-based
gradation determination and size estimation methods provide high accuracy and reliability,
particularly for large-sized rock fragments and coarse aggregates. Another advantage of
the method is that it has a well-optimized algorithm that consumes minimal time and
resources. This design allows the software to run very quickly, yielding results in addition
to accurately identifying aggregate classes. It provides results very quickly in as little as
a few seconds. The results show that image-based approaches achieve successful results,
especially when applied to coarse-grained materials. Considering all the advantages, it can
be said that the proposed method generally performs better than traditional methods such
as sieve analysis, which are time-consuming, labor-intensive, and costly. This advantage
becomes more pronounced for large-volume rock materials that are difficult or practically
impossible to process using traditional mechanical sieving techniques. Consequently, the
proposed methodology offers a substantial engineering benefit in terms of practicality
and efficiency.

Based on the obtained results, further studies focusing on the estimation of the size
and distribution of very large and massive rock fragments are strongly recommended. The
findings suggest that digital image processing techniques have significant potential for
application in large-scale engineering projects, such as harbor structures employing massive
rock fills, rockfill dams, and bridge or viaduct constructions, where large cross-sections
and coarse aggregates are commonly used. In such applications, the proposed method can
play a rapid and effective role in determining material gradation, thereby contributing to
improved material supply management, quality control, and on-site inspection processes.
The adoption of this approach is expected to yield considerable benefits in terms of both
time savings and operational efficiency.
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To validate the performance and robustness of the image processing approach in gra-
dation analysis, six distinct aggregate mixtures with varying particle size distributions were
intentionally examined in this study. These mixtures included L (large-1), M (medium-2),
S (small-3), LS (large–small-4), LM (large–medium-5), and LMS (large–medium–small-6).
For each mixture, images were captured from two different camera angles and subsequently
analyzed. This deliberate experimental design aimed to assess the capability of the pro-
posed method to accurately identify gradation distributions under varying perspectives,
thereby confirming the stability and consistency of the image-based analysis.

The OTSU thresholding method constituted a core component of the image processing
workflow employed in this research. By automatically determining an optimal threshold
value based on the image histogram, the OTSU method eliminates operator dependency and
ensures objective and repeatable segmentation results. This characteristic represents a major
advantage, particularly in applications involving large datasets and automated analysis proce-
dures. Furthermore, the low computational cost and the absence of user-defined parameters
enhance the method’s practicality and suitability for real-world engineering applications.

Despite these advantages, certain limitations of the OTSU method should also be
acknowledged. The method’s performance may deteriorate under non-uniform lighting
conditions, strong shadow effects, or low image contrast. Additionally, for complex images
exhibiting multimodal histogram distributions, the use of a single global threshold may
result in the misclassification of certain particle sizes. To address these limitations, future
studies could integrate OTSU thresholding with adaptive thresholding techniques or ma-
chine learning-based segmentation approaches, which may further enhance classification
accuracy and robustness.

Overall, the results of this study clearly demonstrate that digital image processing
combined with OTSU-based thresholding represents an efficient, rapid, and reliable ap-
proach for gradation determination, particularly in engineering applications involving
coarse aggregates and large rock materials. The proposed methodology shows strong
potential for broader implementation in large-scale civil and geotechnical engineering
practices, offering significant advantages in terms of accuracy, operational efficiency, and
practical applicability.

5. Conclusions
Considering the ongoing demand for up-to-date, consistent, and highly reliable tech-

niques for the effective characterization of complex and large aggregate piles, this study
investigated six samples with different particle size distribution ratios. Sample 1 exhibited
the coarsest grain distribution, Sample 2 represented a medium gradation, and Sample 3
consisted predominantly of finer particles. Subsequently, Samples 4, 5, and 6 were prepared
by combining these three primary samples in different proportions. The gradation charac-
teristics of all samples were determined through conventional laboratory sieve analysis
and used as reference benchmarks.

For the image-based analysis, advanced preprocessing and segmentation techniques
were implemented to improve detection performance and boundary clarity. The Contrast-
Limited Adaptive Histogram Equalization (CLAHE) algorithm was applied to enhance
local contrast and increase the visibility of particle edges, particularly in areas affected by
uneven illumination. Following contrast enhancement, the Otsu thresholding method was
employed for automatic segmentation, enabling objective separation of aggregate particles
from the background based on grayscale intensity distributions. The integration of these
two methods significantly improved edge definition and reduced segmentation ambiguity.

Each sample was uniformly spread on a flat surface to minimize excessive particle
overlap and was photographed separately in both vertical and horizontal orientations under
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controlled imaging conditions. The two sets of images were analyzed independently in
order to assess the consistency and robustness of the proposed image processing framework
with respect to changes in orientation and perspective. The comparative analysis revealed
a strong agreement between the digital image-based results and the laboratory sieve
analysis data, demonstrating that the method provides reliable gradation estimates across
aggregates of varying sizes.

Key findings of the study include:

• The combined use of CLAHE and Otsu thresholding enabled highly consistent and
reproducible segmentation of aggregate particles, significantly improving boundary
detection quality.

• The proposed approach demonstrated a high level of performance for larger aggregate
sizes, while showing comparatively lower—but still practically acceptable—performance
for smaller particle fractions. This behavior is consistent with the inherent challenges
in detecting finer particles due to resolution limitations and particle overlap.

• The method produced largely similar results across vertical and horizontal image
orientations, indicating strong repeatability and robustness against changes in viewing
angle and illumination.

• The outcomes of the digital image-based analysis were in close alignment with experi-
mental sieve analysis results, confirming the method’s validity when compared to a
standard reference technique.

• Overall, the approach proved to be reliable, time-efficient, and cost-effective, mak-
ing it suitable for practical applications such as reinforced concrete production and
port fill rock classification involving coarse aggregates, particularly under controlled
imaging conditions.
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