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Full Length Article

Intelligent optimization of particle size distribution in unscreened recycled 
coarse aggregates using 3D surface analysis
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A B S T R A C T

The efficient measurement and optimization of the particle size distribution (PSD) of recycled coarse aggregates 
(RCA) is critical to ensuring consistent quality in high-performance concrete production. Unlike primary ag
gregates, which typically demonstrate minimal variability over extended periods and require only occasional 
testing, RCA often exhibit substantial fluctuations in quality over short timeframes. This variability necessitates a 
precise, automated, and real-time quality assessment approach, which is lacking in conventional aggregate 
processing. In this study, a rapid, automated, and non-contact 3D surface analysis method is proposed to assess 
and optimize the PSD of unscreened RCA during continuous transport on a conveyor belt. A custom-designed 
conical feeder and splitter facilitate the formation of continuous, symmetric triangular RCA piles, ranging 
from 4.0 to 16.0 mm in size. Representative PSD measurements are obtained by analyzing a designated strip 
located at one-third of the pile’s height. High-resolution 3D point cloud data are processed using a watershed 
segmentation algorithm that leverages gradient-based path tracing for efficient topographical mapping. This 
enables parallel data processing, thereby reducing computational time. The proposed method enables real-time 
and accurate PSD analysis at industrial throughput levels (≥50 tons per hour) without interrupting conveyor 
operation, achieving a Root Mean Square Error (RMSE) between 4.69 % and 6.09 %. Furthermore, an optimi
zation strategy based on cumulative percentage retained curves enhances RCA quality and supports continuous 
process control. The integration of these techniques contributes to improved RCA management and promotes 
sustainable resource utilization and waste reduction in the construction sector.

List of acronyms
Acronym Meaning
ADR Advanced Dry Recovery
C2CA Concrete to Cement and Aggregate
PSD Particle Size Distribution
RCA Recycled Coarse Aggregates
RMSE Root Mean Square Error

1. Introduction

Recycled coarse aggregates (RCA), derived from demolition waste, 
have gained increasing attention in sustainable construction due to their 
potential to reduce environmental impact and conserve natural 

resources. However, a key challenge hindering their widespread appli
cation is the frequent and substantial variability in quality [1]. Unlike 
primary aggregates, which are sourced from consistent geological for
mations and thus maintain stable quality over extended periods, RCA 
can exhibit significant quality fluctuations over short timeframes, often 
as brief as a single truckload. This inconsistency is primarily attributable 
to the heterogeneous composition of demolition waste—originating 
from various structural components and demolition sites—and differ
ences in recycling processes. Consequently, fluctuations in the compo
sition and properties of the incoming demolition waste directly affect 
the consistency of the produced RCA [2,3].

This inconsistency significantly impedes compliance with the strin
gent specifications required for high-performance concrete applications. 
While RCA holds environmental advantages, its unpredictable quality 
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limits its reliability in critical structural contexts. Construction projects 
often have precise requirements for aggregate quality to ensure the 
safety and longevity of structures [4]. Consequently, more frequent and 
rigorous testing is required, which increases both operational 
complexity and cost [5,6]. Moreover, variable input quality complicates 
process optimization in recycling facilities, particularly in sorting and 
classification operations, leading to inefficiencies, equipment wear, and 
potentially the need for batch reprocessing [7].

The motivation of this study arises from the increasing importance of 
RCA in sustainable construction practices, driven by global sustain
ability goals and resource efficiency requirements. There is a growing 
industrial demand for consistent RCA quality to reliably produce high- 
performance concrete. However, RCA typically exhibits considerable 
variability due to the heterogeneous nature of demolition waste, posing 
significant challenges in consistently meeting stringent specifications for 
concrete applications. Traditional quality assessment methods, primar
ily manual sampling and laboratory testing, suffer from substantial 
limitations including high operational costs, susceptibility to human 
errors, and inability to provide real-time feedback for immediate process 
adjustments. Additionally, current automated systems relying on con
ventional 2D imaging methods are often inadequate due to their limited 
accuracy when analyzing dense, overlapping, and irregularly shaped 
RCA particles under dynamic, industrial-scale conditions.

To address these challenges, this study introduces an innovative 
automated solution integrating advanced 3D surface analysis technol
ogy with intelligent particle size distribution (PSD) optimization 
methods. Specifically, the key contributions of this research include: (1) 
the design and implementation of a novel conical feeder and splitter 
system that ensures representative and stable formation of RCA piles on 
conveyor belts, enabling accurate and consistent surface measurements; 
(2) the development of a robust and optimized watershed segmentation 
algorithm tailored specifically for processing high-resolution 3D point 
cloud data, effectively overcoming technical limitations related to par
ticle overlap, irregular shapes, and dense particle distributions; and (3) 
the integration of a minimal-adjustment PSD correction optimization 
technique, facilitating real-time optimization and significantly 
improving RCA quality control. Collectively, these contributions enable 
substantial advancements in automated real-time RCA quality assess
ment, reduce operational costs, enhance process efficiency, and support 
sustainable, high-quality concrete production at an industrial scale. 

Fig. 1 illustrates the procedural flowchart, offering a visual summary of 
the methodological sequence employed in this study.

This work contributes to the field in several novel ways. First, it in
troduces a fully automated, non-contact 3D scanning system capable of 
real-time PSD assessment for unscreened RCA in motion on a high-speed 
conveyor—an operational context rarely addressed in existing studies. 
Second, the proposed watershed-based segmentation algorithm is 
tailored to the morphological complexity of RCA piles, allowing robust 
delineation of overlapping and irregular particles, which conventional 
image-based or static 3D methods often fail to resolve. Third, by inte
grating linear programming with cumulative percentage retained curves 
from European standards, the method enables intelligent, in-line PSD 
optimization—establishing a practical closed-loop system for industrial 
quality control. Together, these innovations fill a critical gap between 
laboratory-scale particle analysis and industrial-scale RCA management.

This study makes a substantive contribution to the field of industrial 
information integration by proposing a digital, real-time, and closed- 
loop system for the monitoring and optimization of RCA quality. With 
the construction sector increasingly adopting recycled materials to meet 
sustainability goals, there is a pressing need for advanced, data-driven 
quality assurance and control methods. By embedding non-contact 3D 
surface analysis and high-resolution point cloud processing within the 
RCA recycling workflow, the proposed system enables continuous and 
accurate assessment of PSD. Furthermore, the incorporation of intelli
gent PSD correction using linear programming establishes a feedback- 
oriented control mechanism that mirrors a cyber-physical system ar
chitecture. This approach effectively bridges the gap between material- 
level sensing and large-scale process management. The methodology 
presented not only supports real-time decision-making and process 
optimization but also aligns with broader industrial trends toward dig
ital twin frameworks, smart manufacturing, and the integration of sus
tainable technologies in production environments—cornerstones of 
modern industrial information integration.

The remainder of this paper is organized as follows: Section 2 pre
sents a comprehensive literature review of PSD assessment methods and 
challenges in RCA quality control. Section 3 details the materials used, 
the experimental setup, the design of the 3D scanning and analysis 
system, and the PSD optimization method based on cumulative per
centage retained curves and linear programming. Section 4 discusses the 
results, including sampling representativeness, point cloud 

Fig. 1. Schematic of industrial-scale implementation for intelligent PSD optimization.
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segmentation accuracy, PSD estimation performance, and the effects of 
PSD adjustment. Finally, Section 5 concludes the study, highlights key 
findings, and proposes directions for future research.

2. Literature review

The assessment of RCA presents considerable challenges in terms of 
accuracy, efficiency, and real-time monitoring. Extensive research 
[8–14] has been conducted in this area to address these challenges. 
Among various physical properties, PSD plays a critical role in deter
mining the workability, strength, and durability of the resulting con
crete [15–18]. An imbalance in PSD—whether skewed towards fine or 
coarse fractions—can adversely affect mixture cohesiveness, leading to 
reduced structural performance. Therefore, precise PSD characteriza
tion is essential, especially in large-scale production contexts where 
process reliability is paramount.

Traditionally, PSD has been evaluated through manual sampling and 
laboratory-based sieving methods [19,20]. While widely used, these 
approaches are labor-intensive, asynchronous, and prone to operator 
error [21]. Such methods cannot provide timely feedback to the oper
ator of the recycling plant, essential for detecting off-spec production 
and ensuring stable and guaranteed quality to facilities [22]. The 
practice of sampling the plant stream, conducting sieving tests in the 
laboratory, and then incorporating the results back into the plant control 
system often introduces a significant lag time. This lag time can delay 
decision-making processes and hinder the optimization of recycling 
operations [23]. The use of online automated non-contact measurement 
techniques [24] for real-time PSD analysis can help mitigate this issue by 
providing immediate feedback on the PSD, enabling timely adjustments 
and optimization of the recycling process. Online automated PSD mea
surement delivers a digital result, and so it is an essential component of 
digital recycling plants, which offer a further cost reduction for sus
tainable concrete production.

Over the past few decades, the use of image-based PSD analysis has 
gained significant attention due to the progress in computer vision and 
digital image processing [25–30]. However, conventional image-based 
[31,32] systems used for PSD analysis have several limitations that 
need to be addressed. One significant limitation is the susceptibility of 
these systems to surrounding conditions [33,34]. The properties of the 
material surfaces being analyzed also pose challenges [35,36]. Different 
materials may reflect or absorb light differently, leading to variations in 
the captured images. Acquiring information about particles located 
beneath the surface is another obstacle in traditional imaging techniques 
[37,38]. Additionally, distinguishing between superimposed and 
non-superimposed particles presents a challenge in image-based PSD 
analysis [37,39]. Errors in PSD analysis mainly stem from the analysis 
methods or algorithms employed [40–43]. If these methods are not 
properly validated or optimized, they can contribute to errors such as 
over-segmentation and under-segmentation [44,45].

In recent years, with the informatization and digitalization of the 
construction industry [46–50] facilitated digitally driven processes and 
integrated functional digital twins [51–56], advancements in 3D scan
ning technology have revolutionized the field of object measurement 
[57–60]. This technology enables the capturing of detailed geometric 
information of aggregate piles on conveyor belts, effectively overcoming 
challenges related to color or illumination variations [61]. However, the 
application of 3D scanners for PSD analysis of aggregate piles on 
conveyor belts presents unique challenges. One such challenge is the 
high-speed movement of the material on the conveyor belts. As the 
aggregate piles are transported rapidly, the particles should move as 
little as possible and the 3D scanner must capture precise measurements 
within a short period. This necessitates the development of robust 
transportation methods, efficient scanning techniques, and hardware 
capable of acquiring accurate data in real time. Moreover, handling the 
large volume of data generated by the 3D scanner presents a data pro
cessing challenge. To achieve real-time analysis, sophisticated 

algorithms are required to efficiently process and analyze the acquired 
data [62]. These algorithms should be capable of handling the high data 
throughput and extracting meaningful information about the PSD from 
the scanned data. Another challenge is the presence of segregation and 
grouping errors [61], which refers to the tendency of larger particles to 
rise to the surface of the pile, while smaller particles tend to settle at the 
bottom. This uneven distribution can introduce errors in the PSD anal
ysis. Currently, the analysis of particle piles on conveyor belts has 
received less attention in the literature compared to single-layer particle 
analysis [44,63]. Nonetheless, ongoing research is being conducted to 
address these challenges and explore new methodologies for analyzing 
particle piles on conveyor belts. Table 1 summarizes key studies relevant 
to PSD analysis, highlighting their methodologies, findings, and how 
they inform the current study. By developing innovative approaches and 
algorithms, researchers aim to improve the accuracy and efficiency of 
PSD analysis using 3D scanning technology.

Recent advancements in industrial information integration have 
underscored the transformative potential of integrating intelligent 
sensing and data analytics for real-time process control [64,65]. For 
instance, Mishra et al. [66] proposed a computer vision-based frame
work that integrates Swin Transformer and U-Net architectures to detect 
material inclusions in industrial environments, showcasing the effec
tiveness in defect recognition. Mazzoleni [67] emphasized a data-driven 
approach to industrial supervision, outlining a design methodology 
centered on experimental data acquisition and failure reproduction to 
improve system reliability. Ali et al. [68] introduced a machine 
learning-based integration technique designed to address the complex
ities of monitoring physical and industrial processes under real-world 
operational constraints. Borhani et al. [69] conducted a comprehen
sive review of the architecture, capabilities, and limitations of various 
industrial scanning devices, particularly within Supervisory Control and 
Data Acquisition systems used for infrastructure monitoring and control. 
Chang et al. [12,13] demonstrated the potential of combining 
Laser-Induced Breakdown Spectroscopy with 3D scanning for rapid 
contaminant detection, thereby validating the applicability of 
multi-sensor fusion in automated quality assurance. Singh et al. [70] 
developed a Smart Machine Monitoring System that integrates IoT 
infrastructure with artificial intelligence algorithms to enhance utiliza
tion of computer numerical control and special-purpose machines, 
enabling adaptive scheduling and real-time diagnostics. Building on 
these prior innovations, the present study introduces a novel, 
high-throughput, and fully automated framework for PSD analysis and 
optimization tailored to unscreened RCA. This work addresses a critical 
gap in the current literature by extending industrial sensing and intel
ligent decision-making into a domain that remains largely overlooked. 
Through the integration of non-contact 3D surface scanning, 
high-resolution point cloud processing, and PSD correction via linear 
programming, the proposed system embodies key tenets of industrial 
information integration. It effectively links material-level quality 
sensing with industrial-scale process control, thereby contributing to the 
advancement of intelligent manufacturing and sustainable construction 
practices.

In summary, the current body of research emphasizes the need for 
robust, real-time, and high-resolution PSD assessment systems tailored 
to the inherent variability of RCA and the constraints of industrial 
recycling processes. While 2D image-based systems provide a partial 
solution, their limitations in dense and dynamic settings remain unre
solved. This study addresses this critical gap by introducing a real-time 
3D scanning framework specifically designed for unscreened RCA on 
conveyor belts. By combining accurate surface analysis with intelligent 
PSD optimization, the proposed method achieves higher precision and 
process adaptability than conventional techniques.

3. Materials and methods

This section presents the materials, experimental setup, and methods 
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employed to assess and optimize the PSD of unscreened RCA using a 
real-time 3D surface analysis system. The section is structured as fol
lows: Section 3.1 describes the origin and properties of the RCA mate
rials used in this study. Sections 3.2 introduce the specially designed 
feeding system and the 3D scanning setup used to generate triangular 
RCA piles and capture surface geometry data. Section 3.3 explains the 
sampling strategy for selecting representative areas on the pile surface. 
Section 3.4 provides a detailed explanation of the 3D point cloud pro
cessing and segmentation algorithms, also presents the PSD optimiza
tion strategy based on linear programming. Together, these methods 
form an integrated system for the intelligent analysis and adjustment of 
the PSD of RCA in industrial settings.

3.1. Materials

RCA used in this study were produced using the Concrete to Cement 
and Aggregate (C2CA) technology, which was applied to batches of end- 
of-life concrete obtained from dismantled construction sites across 
various locations in The Netherlands [71]. This sampling approach 

incorporated a range of material characteristics, enabling an investiga
tion into the influence of source variability on PSD and overall RCA 
quality.

The collected material was processed through a sequence of me
chanical treatments defined within the C2CA framework. Specifically, 
particles in the 0–16.0 mm range were treated using the Advanced Dry 
Recovery (ADR) technique [71]. This process resulted in two main 
output fractions: RCA with particle sizes between 4.0 and 16.0 mm, and 
a fine fraction (0–4.0 mm), which was separated as a distinct by-product 
for potential secondary applications.

3.2. Equipment

3.2.1. Feeding system
The feeding system of the 3D scanning setup (Fig. 2) comprises two 

primary components: a conical feeder and a splitter. Its function is to 
ensure a continuous, controlled flow of RCA and to form stable, sym
metric triangular piles on the conveyor belt for subsequent analysis.

RCA are introduced at the top section of the conical feeder, which 

Table 1 
Comparative analysis of related studies for PSD.

Study Methodology Application 
area

Real- 
time

High 
throughput

Dynamic 
environment

Automated Optimization 
applied

Shrivastava et al. 
[31]

2D image + convolutional neural 
networks

Dump materials ✓ ⨯ ⨯ ⨯ ⨯

Yang et al. [32] 2D image + digital imaging processing Coal fragments ⨯ ⨯ ⨯ ⨯ ⨯
Tafesse et al. [33] 2D image + 3D image analysis Coarse particles ⨯ ⨯ ⨯ ⨯ ⨯
Bai et al. [36] 2D image + digital imaging processing Coal particles ✓ ⨯ ⨯ ⨯ ⨯
Hamzeloo et al. 

[37]
2D image + image processing and neural 
network

Crushing circuit ✓ ⨯ ⨯ ⨯ ⨯

Wu et al. [38] 2D image + digital imaging processing Iron green 
pellets

✓ ⨯ ✓ ✓ ⨯

Olivier et al. [43] 2D image + deep convolutional neural 
networks

Ore particles ⨯ ⨯ ⨯ ⨯ ⨯

Engin et al. [44] 3D scanning + point cloud data 
processing

Grains ⨯ ⨯ ⨯ ⨯ ⨯

Zhang et al. [45] 2D image + digital imaging processing Coal particles ✓ ⨯ ✓ ✓ ⨯
Current study 3D scanning + point cloud data 

processing
RCA ✓ ✓ ✓ ✓ ✓

Note: ✓ indicates the feature is present in the referenced study; ⨯ indicates it is not addressed.

Fig. 2. Feeding system.

C. Chang et al.                                                                                                                                                                                                                                  Journal of Industrial Information Integration 46 (2025) 100864 

4 



regulates the initial flow. The material is then transferred into the 
splitter under vibration-induced motion. The vibration frequency was 
maintained at 30 Hz, with the amplitude controlled by adjusting the 
input voltage through a dedicated controller.

The splitter plays a critical role in evenly distributing the incoming 
RCA. It is equipped with two sets of symmetrically positioned triangular 
slots specifically designed to divide the material stream into two equal 
parts. As RCA enter the splitter (Fig. 3), particles follow varied 
paths—some fall directly, while others reflect off the internal surfa
ces—before passing through the bottom outlet and depositing onto the 
conveyor belt.

This process is designed to achieve symmetrical distribution of RCA 
particles across each layer—and by extension, each half-layer—of the 
triangular piles formed on the conveyor belt (Fig. 4). The geometry of 
the conical feeder and the symmetric configuration of the splitter are 
intended to provide each particle type with an equal probability of being 
distributed uniformly along the feeder’s perimeter. As a result, the 
deposited pile is expected to maintain uniform particle distribution 
within half-layers of consistent thickness, formed at a continuous critical 
slope.

Nonetheless, subsequent experimental observations revealed that 
the actual PSD and material composition are not entirely uniform across 
the pile. Variations persist along the pile slope, indicating that perfect 
uniformity is not fully achieved despite the symmetric feeding design.

After a series of controlled experiments, it was determined that at a 
conveyor belt speed of 0.529 m/s, the resulting triangular piles exhibi
ted a base width of 37 cm and a height of 9 ± 0.5 cm. Based on this 
configuration, the system is capable of processing at least 50 tons of RCA 
per hour. The geometric stability and uniformity of these triangular piles 
are critical for accurate PSD assessment, as they ensure consistent spatial 
representation of particle distribution. The feeding system plays a cen
tral role in achieving this, enabling controlled RCA delivery and sup
porting reliable surface-based PSD analysis.

The consistent formation of stable triangular piles can be attributed 
to a combination of material properties and system design parameters: 

(1) Particle morphology: RCA particles exhibit irregular, angular 
geometries—often featuring convex and concave surfaces—that 
promote interlocking and stable pile formation. Compared to 
primary aggregates, this morphology enhances packing efficiency 
and reduces uncontrolled scattering.

(2) Feeder geometry and vibration: The conical feeder, combined 
with precisely tuned vibration (30 Hz), ensures a continuous and 
uniform material discharge across the width of the splitter inlet. 
The vibration amplitude, governed by input voltage, further 
stabilizes the flow rate.

(3) Splitter configuration: The splitter is engineered with symmetri
cally arranged triangular slots, enabling balanced bifurcation of 
material streams. This symmetry ensures that the RCA is 

distributed evenly, forming two concurrent and structurally 
similar piles.

(4) Conveyor synchronization: The movement of the conveyor belt is 
synchronized with the material discharge rate, facilitating the 
formation of uniform piles. Improper synchronization could 
result in pile deformation or layering inconsistencies.

(5) Gravitational and frictional forces: The downward movement of 
particles under gravity, combined with inter-particle and surface 
friction, supports consistent deposition and contributes to pile 
shape stability.

These combined factors ensure that the RCA is distributed in a 
physically predictable and geometrically stable manner, which is 
essential for maintaining the integrity of real-time PSD measurements.

In summary, the uniform distribution and stable formation of 
triangular RCA piles result from the combined effects of particle 
morphology, mechanical design of the feeder and splitter, vibrational 
dynamics, and physical interactions governed by motion and friction. As 
illustrated in Fig. 4(b), each half-layer—particularly the top layer—can 
be considered representative of the overall flow in terms of PSD and 
composition.

Although the feeding system, comprising the conical feeder and 
symmetric splitter, is engineered to minimize particle clustering and 
promote uniform material distribution across the conveyor width, it 
cannot fully eliminate localized variability. The system is designed to 
achieve a symmetrical layout within each half-layer of the pile while 
maintaining a consistent slope angle. However, experimental observa
tions revealed a PSD gradient within the pile: finer particles tend to 
accumulate toward the central region, whereas coarser particles are 
more frequently deposited near the sides. This spatial segregation arises 
from size-dependent trajectory behavior during the feeding process. 
Smaller particles, due to their lower inertia and higher response to 
vibrational energy, are more likely to follow direct vertical paths and 
settle centrally. In contrast, larger particles experience greater deflection 
from splitter surfaces and are redistributed toward the edges.

This size-based segregation mechanism, consistent with established 
principles of granular flow under vibrational influence, contributes to 
the internal heterogeneity observed within the pile. While the system 
effectively reduces global nonuniformities, localized deviations in PSD 
remain, particularly along the pile slope.

3.2.2. 3D scanning system
To capture the 3D surface profiles of RCA piles during transportation, 

a Gocator 3D laser line scanner was mounted above the conveyor belt, as 
illustrated in Fig. 5. The sensor was positioned at a quarter of the 
conveyor width from the belt edge, providing optimal coverage of one 
side of each RCA pile for surface reconstruction and subsequent PSD 
estimation.

The resolution of the resulting point cloud data varies across three 
axes: along the belt (lengthwise), across the belt (widthwise), and in 
height (depth). The longitudinal resolution—along the direction of belt 
movement—is influenced by two factors: the belt speed and the encoder 
resolution of the Gocator system. The belt was driven by a motor 
operating at 50 Hz with a 4-pole configuration, yielding a motor speed of 
1500 rpm. With a gearbox ratio of 19 and a drive wheel perimeter of 
402.116 mm, the resulting belt speed was calculated to be 0.529 m/s.

The encoder resolution was configured at 1024 ticks per revolution. 
Under this configuration, the longitudinal point cloud resolution was 
determined to be 0.393 mm.

The lateral resolution across the width of the conveyor belt depends 
on the sensor’s field of view and working distance. In this study, the 
resolution ranged between 0.375 mm and 1.100 mm, with a selected 
effective value of 0.378 mm. For the vertical (height) axis, the Gocator 
was set to maintain a fixed resolution of 0.083 mm.

These scanning parameters ensured sufficiently high spatial resolu
tion for accurate 3D surface modeling of RCA piles under dynamic, Fig. 3. Schematic cross-sectional diagram for RCA entering the splitter.
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industrial-scale conditions.

3.3. Representative sampling methods

To enhance the efficiency and accuracy of PSD measurement via 3D 
surface scanning, a method was developed to estimate the PSD of an 
entire RCA pile based on analysis of a localized surface region. This 
required identifying sampling areas that provide statistically represen
tative particle distributions.

Understanding the formation behavior of the piles is critical. The 
conical outlet of the silo (Fig. 2(a)) induces a radially outward flow of 
RCA, such that each particle type has an equal probability of being 
distributed across the perimeter of the vibrating feeder. Following pas
sage through the splitter, particles are deposited in layers that form 
symmetric triangular piles. Since these piles are formed at a stable angle 
of repose, the uppermost layer—particularly its side surface—is likely to 
contain a representative cross-section of particle centers of mass. How
ever, due to segregation effects, particle size and composition still vary 
from top to bottom within the pile.

Moreover, although surface-visible particles from the pile’s side may 
appear representative, their actual contribution to the volume distri
bution must be verified. Therefore, a systematic approach was applied to 
determine whether a specific surface zone can serve as a reliable proxy 
for estimating the full PSD of the RCA pile. The procedure included the 
following steps: 

(1) Comparative PSD evaluation: The PSD of the full side surface was 
analyzed and compared with the PSD of the entire pile to deter
mine the degree of representativeness.

(2) Visual particle identification: The target surface region was 
marked using white spray paint (Fig. 6). Only particles with >70 
% of their surface visibly covered from one side were selected for 
manual sieving, enabling clear isolation of the sampling region.

(3) Sampling strip selection: Narrow surface strips (20 mm wide) 
were extracted from multiple vertical positions on the pile, 
including the top, one-third, middle, and two-thirds heights. The 
bottom layer, where small particles were overrepresented and 
randomly scattered, was excluded due to its non-representative 
nature.

(4) Reference sieving analysis: Manual sieving using standard cir
cular sieves was performed on both the selected surface strips and 
the entire pile. Particles were categorized into predefined size 
classes, and mass retention was recorded per fraction.

(5) Identification of representative zone: By comparing the PSD 
curves of all sampled regions with that of the full pile, the zone 
offering the closest statistical match was identified as the most 
representative sampling location.

(6) Correlation model establishment: A numerical correlation was 
developed between the PSD of the representative surface region 
and that of the entire pile. This model enabled reliable estimation 
of overall PSD based solely on surface analysis, significantly 
reducing data acquisition and processing requirements in prac
tical applications.

Fig. 4. RCA piles.

Fig. 5. 3D scanning system.

C. Chang et al.                                                                                                                                                                                                                                  Journal of Industrial Information Integration 46 (2025) 100864 

6 



3.4. Analysis methods

3.4.1. Particle segmentation and feature extraction
To obtain detailed morphological data from the selected sampling 

region, the 3D scanner (Gocator) was employed to generate high- 
resolution point cloud data of the RCA surface. To assess the validity 
of surface-based PSD estimation, comparative experiments were per
formed between full-depth manual sampling and surface-only mea
surements. As previously described, the RCA piles were formed under 
controlled flow conditions using a conical feeder and splitter, resulting 
in symmetric triangular piles deposited at a constant rate. This config
uration significantly reduced observable segregation within the 
analyzed region.

Paint-based visibility tests confirmed that a strip located one-third 
from the top of the pile exhibited strong alignment with the overall 
PSD of the pile. Based on these findings, a correction procedure was 
introduced to compensate for residual underrepresentation of fine 
fractions in the surface layer. This adjustment ensures that surface- 
derived PSD estimates closely approximate the true bulk distribution, 
thereby validating the feasibility of non-invasive, strip-based PSD 
analysis for industrial applications.

This research adopts and improves the single flow algorithm [72,73] 
by adapting it to the actual morphological characteristics of RCA 

particles. The single flow algorithm is a commonly used method in 
terrain analysis for hydrological modeling. The enhancements made in 
this study enable a rapid and efficient 3D surface analysis of the 3D point 
cloud data. This method assumes the path of the steepest slope for point 
direction and records these directional paths as topologically ordered 
vectors of indices. The objective is to extract the size information of each 
particle by applying a parallel watershed segmentation [74,75] to the 
obtained 3D point clouds. This segmentation process separates the 3D 
point clouds into distinct regions, each representing an individual par
ticle, or, if the particle is not strictly convex, a part of a particle. 
Over-segmentation is corrected based on proximity, neighbor relations, 
and surface orientation similarity. The regions corresponding to a single 
particle are then modeled with ellipsoids to create a representation of 
the particle that is suitable for estimating its shape factor, screen size, 
and volume. Fitting ellipsoids allow for a quantitative description of 
particle morphology. The length of the second shortest axis of the fitted 
ellipsoid is adopted as the gradation parameter for the particles. This 
parameter provides a measure of particle size, which is crucial for 
constructing the PSD. The process, illustrated in Fig. 7, involves several 
key steps.

Several key factors influence the accuracy and reliability of PSD re
sults obtained from 3D point cloud data processing. First, the resolution 
and accuracy of the 3D scanner significantly impact the detail and 

Fig. 6. Sampling from the side surface of the RCA piles.
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precision of the point cloud. Higher resolutions in the conveyor belt 
direction, horizontal (across-belt), and vertical axes yield more precise 
particle segmentation results but may increase data volume and 
computational load. Second, the quality of raw point cloud data, 
particularly concerning noise and outliers, is critical. Noise arising from 
scanner reflectivity variations or gaps between particles can cause seg
mentation inaccuracies, which must be addressed by applying noise 
filtering and data smoothing techniques. Third, the choice and perfor
mance of the watershed segmentation algorithm directly determine the 
segmentation accuracy. The algorithm’s sensitivity to parameter set
tings, such as minimum detectable particle size and the steepest ascent 
criteria, can lead to over-segmentation or under-segmentation issues. 
Thus, careful optimization of these parameters is essential. Fourth, the 
effectiveness of the criteria used for merging over-segmented particle 
regions significantly influences the correctness of PSD estimation. The 
merging approach relies on proximity thresholds and curvature conti
nuity, necessitating precise calibration to prevent incorrect merging or 
exclusion of true particle segments. Lastly, the adopted ellipsoid fitting 
methodology affects the final particle size estimation, as the selection of 
ellipsoid axes for defining particle dimensions and the treatment of 
outlier fits with unrealistic dimensions strongly influence PSD accuracy. 
By systematically addressing and optimizing these five factors, the 
proposed method achieves reliable PSD characterization of RCA, 
providing critical support for effective quality assurance in concrete 
recycling operations.

The watershed segmentation method distinguishes itself from the 
local maxima-based method, which relies only on identifying the highest 
neighboring points, by incorporating gradient information and global 
topological data. This combination leads to more accurate and robust 
segmentation results. Although both methods initiate from local 
extrema, the watershed segmentation method shows better 

performance, particularly in areas with complex topologies. The key 
distinctions between the two methods can be explained through the 
following aspects: 

(1) Segmentation foundation: The watershed segmentation method 
adopts a global approach by considering not only local extrema 
but also the overall gradient and flow direction of the particles. It 
simulates water rising from local minima, effectively "flooding" 
the entire region. This approach takes into account the entire 
topological structure of particles from the beginning, ensuring 
that segmentation is influenced by the overall shape and char
acteristics of the particles, rather than just local features. This 
allows it to form regions that are topologically coherent and 
consistent with the overall shape of the particles. The local 
maxima-based method identifies local peaks in the dataset and 
uses these peaks as the starting point for segmentation. However, 
when applied to complex topologies, it often misses important 
details, especially when dealing with irregularly shaped particles. 
The reliance on only local features limits its ability to accurately 
segment more intricate datasets.

(2) Boundary formation: Since the watershed segmentation method 
is driven by water flow paths based on gradient information, the 
segmentation boundaries form naturally at points where the flow 
from different basins converges (i.e., along the watershed lines). 
This boundary formation mechanism ensures that the segmen
tation respects the overall structure of the particles, resulting in 
smooth and natural boundaries. In contrast, local maxima 
methods may produce irregular or jagged boundaries, particu
larly when dealing with complex regions.

By integrating global topological information and gradient-based 

Fig. 7. 3D point cloud data processing.
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flow, the watershed segmentation method provides a more robust and 
accurate segmentation process, especially in complex environments 
where the local maxima-based method might struggle to deliver precise 
results.

The 3D point cloud processing methodology adopted in this research 
extends previous watershed segmentation techniques by specifically 
addressing the practical challenges of RCA characterization under 
continuous industrial conditions. Previous studies typically applied 
segmentation algorithms to static or simplified particle configurations, 
whereas the current study focuses explicitly on dynamic RCA particle 
piles transported via conveyor belts, which present unique complexities 
including particle overlap, irregular shapes, and heterogeneous surface 
geometries. To effectively handle these conditions, an optimized 
watershed segmentation approach is proposed, incorporating a 
customized over-segmentation adjustment based on detailed particle 
proximity and local curvature criteria. Furthermore, ellipsoid fitting is 
utilized for morphological characterization, adopting the second short
est axis length to align computationally derived PSD directly with 
traditional industry-standard sieving practices. This integration of 
advanced computational techniques with established industrial quality 
control methods contributes directly to real-time, robust, and precise 
RCA quality assessment and optimization.

3.4.1.1. Noise correction. In 3D point cloud data analysis, the precision 
and consistency of the data are critical. Noise and outliers often lead to 
measurement errors, which significantly affect the analysis results. For 
instance, when measuring gaps between particles, the Gocator might 
capture lower reflectivity, leading to unusual values (as shown within 
the red dashed box in Fig. 7). These errors not only impact the assess
ment of particle size and distribution but also interfere with the analysis 
of other geometric properties. To improve the reliability and consistency 
of the results, it is essential to apply preprocessing methods such as noise 
filtering and data smoothing. These methods help refine the data, 
making it both more accurate and consistent.

In particular, outliers in the dataset—typically arising from irregular 
reflections, gaps between aggregate particles, or transient inaccuracies 
from the 3D scanning device—can significantly distort particle size es
timations by incorrectly segmenting particles or creating artificial par
ticle boundaries. To robustly address this issue, we implemented a linear 
interpolation technique to systematically correct abnormal z-axis mea
surements, effectively smoothing sudden deviations caused by mea
surement anomalies. Furthermore, clear and scientifically derived 
thresholds were established to automatically detect and exclude extreme 
outlier data points during the subsequent ellipsoid-fitting process. By 
combining interpolation-based smoothing and threshold-based outlier 
exclusion, the refined methodology significantly mitigates the detri
mental effects of outliers on the final particle segmentation and PSD 
calculations, thereby enhancing the precision and reliability of our 
analytical results.

It is important to note beforehand that handling these noise and 
outliers is crucial during the initial segmentation process, as it ensures a 
smoother workflow. However, in the later stage of over-segmentation 
adjustment, the actual values of the data become essential. They 
represent the physical gaps between two particles, helping to accurately 
differentiate between a concave hull, as shown in Fig. 10(b), and the 
case of two adjacent particles. This distinction reduces the likelihood of 
incorrect merging.

The base surface of the entire point cloud needs to be horizontally 
aligned beforehand. Since the slope angles of the generated RCA piles 
are relatively consistent, this characteristic can be leveraged to reorient 
the base surface of the point cloud easily. This process ensures that the 
base surface is perfectly horizontal, with its normal vector pointing 
vertically upwards.

In the context of 3D point cloud data collected by the Gocator, the x 
and y coordinates form a structured grid while the z-axis represents 

varying height or depth measurements. Typically, noise and outliers 
stem from abnormal z-axis values. Managing these erroneous z-values is 
critical for maintaining the integrity and utility of the data. To address 
this issue, linear interpolation is employed across the grid to estimate 
abnormal z-values based on their spatial arrangement and adjacent data 
points. This method is well-suited for the data’s structured nature, 
characterized by regular spatial intervals.

The process of interpolating abnormal z-values accounts for both 
horizontal and vertical spatial relationships to preserve the integrity of 
the data’s surface geometry. For each missing or negative z-value, 
interpolation is performed by forming a plane defined by at least three 
surrounding points that are not collinear. The interpolated z-value at 
any given point Pi

(
xi, yi, zi

)
on the grid is then calculated using the 

formula derived from the plane equation: 

z = ap + bpx + cpy (1) 

where ap, bp, and cp are coefficients determined by the known z-values of 
the neighboring points. This strategy ensures that the interpolation 
considers the gradient changes both along the x and y axes, providing a 
smooth transition across the grid. To ensure completeness, any 
remaining points with abnormal values at the boundaries or within the 
dataset, which could not be interpolated due to lack of neighboring data 
points, are addressed by backward and forward filling methods.

This interpolation method guarantees that all data points are filled 
and positive, reflecting plausible physical measurements. The use of 
linear interpolation offers a straightforward and computationally effi
cient approach to handling missing or erroneous data points. It also 
preserves the geometrical and topological consistency of the dataset, 
which is imperative for subsequent analytical tasks such as surface 
reconstruction, volumetric analysis, and visualization.

3.4.1.2. Preliminary segmentation. The objective of preliminary seg
mentation is to rapidly divide the 3D point clouds into different areas by 
sequentially adding points to the local highest point. Each area includes 
a local highest point, facilitating the establishment of computational 
orders for the points that represent the shape of particles. The segmen
tation creates a structured dataset with particles represented by local 
high points and their associated downhill points. The preliminary seg
mentation process can be broken down into several key conceptual 
steps: (1) Identification of the local highest points: This step involves 
identifying the local highest points within the 3D point cloud. These 
local highest points act as the starting points for defining individual 
particle segments. (2) Calculation of the steepest ascent path: For each 
point in the 3D point cloud, the path of the steepest ascent towards the 
nearest local highest point is calculated. This determines the grouping of 
points into potential particle segments. (3) Segment formation: Based on 
the paths of the steepest ascent, points are grouped into segments that 
are associated with the local highest points identified earlier. 

(1) Identification of the local highest points

Using the coordinates of each point Pi , the algorithm scans the 
surrounding points to identify the highest elevation within the defined 
kp neighborhood. This local maximum TPi is designated as the highest 
point for that region.

Each point on the surface of the particles is denoted by its co
ordinates Pi

(
xi, yi, zi

)
. For every point Pi , there is a corresponding 

particle, denoted as a set of points N(Pi), which contains the total 
number of np points. Among these, TPi is identified as the local highest 
point. To Identify the local highest points, it is important to determine 
the uphill point for each point Pi .

Uphill point, UPi: For each point Pi , the uphill point is the neigh
boring point where the point path direction goes to, identified by the 

steepest ascent from Pi . The steepest ascent to a neighboring point Pj

(
xj,
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yj, zj

)
∈ N(Pi) is calculated using the gradient formula: 

dij =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(
xj − xi

)2
+
(

yj − yi

)2
+
(
zj − zi

)2
√

(2) 

Δzij =
zj − zi

dij
(3) 

where dij is the Euclidean distance between points Pi and Pj. Each point 
Pi evaluates its neighboring points to determine its uphill point based 
on the steepest ascent: 

UPi = arg max
pj∈N(Pi)

Δzij (4) 

The point with the highest positive gradient value Δzij represents the 
steepest ascent from Pi .

By calculating the steepest ascent for each point Pi to its kp nearest 
neighbors, particles are initially segmented based on the local highest 
point representing their summits. Given that a small amount of fine 
material (2.0–4.0 mm) will be present in the targeted RCA product, the 
minimum visible surface area for a single particle should be around 3.1 
mm². The Gocator sensor has a resolution of 0.393 mm and 0.378 mm in 
the horizontal plane, respectively. To establish a clear lower size limit 
for the visible particle area during segmentation, and considering that 
not all measurement points will precisely align with the particle surfa
ce—resulting in a slightly smaller area than 3.1 mm²—the minimum kp 

value is set at 20. This value covers an area of 2.971 mm², preventing the 
misinterpretation of larger particles as multiple smaller ones. 

(2) Calculation of the steepest ascent path

Once the local highest points are identified, the next step is to 
calculate the steepest ascent path for each point in the 3D point cloud. 
This path determines the direction in which each point will "climb" to
wards its nearest local highest point. In this step, the dataset is organized 
into a structured format that allows for efficient access and manipula
tion. The sorting operation arranges the particles based on their spatial 
properties, preparing them for the segmentation algorithm. Addition
ally, an array, denoted as D, will be created to store all the downhill 
point information.

To perform this operation, the process assumes that the path direc
tion goes uphill, following the path of the steepest ascent. For each point 
Pi , it is necessary to identify its downhill point set.

Downhill point set DPi,d: For each point Pi , the downhill point set 

includes all points where their steepest ascent path direction goes to the 
point Pi . Here, d= 1, ⋯, NDi, where NDi is the total number of points, 
whose steepest ascent pathways converge at point Pi . Essentially, DPi,d 

comprises all points that consider Pi as their uphill point, as illustrated 
in Eqs. (5) and (6): 

UPDPi,d = Pi (5) 

DPi,d =
{
Pj

⃒
⃒UPj =Pi

}
(6) 

For each point Pi , initialize NDi values to zero. This count will later 
be incremented based on the point path directions determined by the 
topology. Using the uphill point UPi information, which specifies where 
each point Pi ’s next direction goes to, the downhill point counts NDUPi 

for UPi are then updated. Specifically, for each point Pi , once its uphill 
point UPi is determined, the count of downhill points for UPi is increased 
by 1. Specifically, NDUPi is incremented as follows: 

NDUPi = NDUPi + 1 (7) 

This procedure is demonstrated using a single example consisting of 
nine points, as depicted in Fig. 8 and Table 2. Black dots represent the 
points in the 3D point cloud. Black dotted lines show all potential con
nections between neighboring points. Blue solid lines indicate the con
nections made according to the steepest ascent hypothesis (as shown by 
the arrows) used to construct the topology. Point 9 is assumed to be the 
local highest point in the area.

Then, transform the list NDi into an index array Ψ, which contains 
the location of where the list of downhill points to point Pi is stored. The 
index array Ψ is constructed to facilitate quick access to the starting 
point of each point Pi ’s downhill point list within a global list array D. 
The single dimension array D is used to store all the downhill point in
formation DPi,d. The array Ψ is built in reverse order, starting from the 
last point and moving to the first. The specific steps are as follows: 

Fig. 8. Top-down view of a 3D point cloud.

Table 2 
Calculation of relevant parameters in Fig. 8.

Pi 1 2 3 4 5 6 7 8 9
UPi 5 6 6 5 9 9 8 9 9
DPi,j / / / / 1 2 / 7 5
​ / / / / 4 3 / / 6
​ / / / / / / / / 8
​ / / / / / / / / 9
NDi 0 0 0 0 2 2 0 1 4
Ψi 1 1 1 1 1 3 5 5 6
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Ψnp = np + 1 − NDnp (8) 

Ψi− 1 = Ψi − NDi− 1 for i = np,⋯, 2 (9) 

This ensures that each point Pi ’s downhill point set in D can be 
accessed using Ψi as the starting index. The initialization and updating of 
downhill point counts are operations that scale linearly with the number 
of points, making the algorithm efficient for large-scale models.

Store the count of how many times each point has been designated as 
the uphill point into an integer array Φ. Initialize this integer array Φ 
with all elements set to zero. For each point Pi , identify its corre
sponding uphill point UPi. Once identifying UPi, update D and Φ, and 
populate the downhill point list using: 

D
(
ΨUPi +ΦUPi

)
= i (10) 

ΦUPi = ΦUPi + 1 (11) 

Here, ΨUPi indicates the start of the downhill point in array D for the 
uphill point UPi. This step effectively adds a point Pi to the list D of its 
uphill point UPi and increments the count of downhill points for UPi. 
Once all points have been processed, downhill point information of each 
point Pi can be retrieved using: 

DPi,d = D(Ψi + α) for α = 0,⋯, Ψi+1 − 1 (12) 

Here, Ψi is the index in D where the downhill point list for point Pi starts, 
allowing sequential access to all downhill points of point Pi. 

(3) Segmentation formation

In this step, points are grouped into segments based on the paths of 
the steepest ascent calculated in the previous step. Each segment cor
responds to a particle, with points being grouped around their respective 
local highest points. The use of stacks and index arrays facilitates the 
efficient management of these groupings, allowing for rapid computa
tion even with large datasets. The goal is to build a stack $S$ that ar
ranges points from the lowest point to the highest based on their 
dependencies in the point network. The stack helps to ensure that each 
point is processed in the correct order.

Initialize a stack S and set global variable index β initialized to 1. This 
index β will be used to track the current position in the stack S where 
points are added. For each top point TPλ, λ = 1, ⋯, nλ, initialize β to 1 
and invoke the stack addition procedure for each downhill point of TPλ 

using the list from the downhill point array D. Initiate the stacking 
process, this is done recursively: 

add to stack(LD, β) for LD = D
(
ΨTPλ ,ΨTPλ +1,⋯,ΨTPλ+1 − 1

)
(13) 

where λ starts from each top point, and β is incremented within the 
add to stack function, which recursively adds points to the stack. The 
add to stack function is recursive, ensuring all points contributing to a 
top point are included before moving to points contributing to its 
downhill points, thus effectively creating a well-ordered process for 
boundary calculations.

Define and use the function add to stack(LD, β) to recursively add 
points to the stack: 

S(β) = LD (14) 

Continue adding downhill points of LD recursively: 

add to stack(γ, β) for γ = D(ΨLD ,ΨLD + 1,⋯,ΨLD+1 − 1 ) (15) 

This recursion continues until a point is reached that has no downhill 
points.

This process builds the stack by ensuring that all points are added 
following their steepest ascent path directions, maintaining a natural 
order from downstream to upstream contributors. This process is 

recursive, meaning that whenever a point is added to the stack, all its 
downhill points are also added to the stack until no more downhill 
points can be added. Points without downhill points do not initiate 
further recursive calls, preventing unnecessary stack operations and 
ensuring the recursion remains bounded.

The stack stores the sequence of all points from 1 to np. Points are 
added to the stack in a specific order that reflects the physical shape of 
the particles. Importantly, the structure of the stack ensures that each 
point is visited exactly once, and the length of the stack is equivalent to 
np. The stack-building process can be parallelized by distributing the 
local highest points among multiple processors. Each processor con
structs a segment of the stack independently.

The arrangement of the stack is displayed in Fig. 9(a) according to 
the scenario depicted in Fig. 8. From this example, it is evident that 
inverting the order of the points on the stack results in a reversed 
configuration (Fig. 9(b)).

By inverting the order of points in the stack, starting from points 
without downhill points (bottom points) and moving uphill, the 
computation can systematically handle each particle area. At each 
junction of the paths, if the junction includes uphill points, the inverted 
stack moves to the bottom of each lower branch. This allows for a sys
tematic and step-by-step calculation of points from the lower areas 
before continuing past the junction. If there are no uphill points at the 
junction, the inverted stack moves to the bottom of another particle. 
This approach ensures that each point and its downhill points are 
calculated before moving upstream, enhancing the accuracy of the 
model. Eq. (16) represents the stack where points are stored in a specific 
order to be processed from the bottom points upward through the 
network. 

S(i) for i = np,⋯, 1 (16) 

The np points are processed in an order that is appropriate to classify 
each point to the particle area. The inverted stack begins at the bottom 
points and proceeds uphill, following the steepest ascent path. These 
operations are performed in parallel, ensuring efficiency even for large 
datasets. Once completed, a total of nλ particles are segmented.

The preliminary segmentation uses the steepest ascent algorithm to 
rapidly and efficiently segment 3D point clouds. By calculating the up
hill and downhill paths for each point, the structure enables the creation 
of particle areas in an organized, computationally efficient manner. The 
stack construction ensures that points are processed in a logical order 
from bottom to top, facilitating large-scale model processing.

3.4.1.3. Over-segmentation adjustment. Fig. 10 illustrates cross-sectional 
views of point clouds obtained by scanning particles in two different 
states using the Gocator. In the diagram, the vertical gray lines represent 
the structured spacing formed by the Gocator during the scan along the 
x-axis, while the red and blue dots depict points captured on the surface 
of the particles. In Fig. 10(a), the shape described is a convex hull, which 
is round and smooth. In contrast, Fig. 10(b) shows a concave hull, 
characterized by indentations or inward curves.

During the preliminary segmentation process, particles with convex 
hull shapes are easily identified as a single particle due to their smooth 
and unbroken outlines. However, particles with concave hull shapes 
present challenges; when attempting to extract the local highest points, 
these shapes are prone to being mistakenly divided into separate seg
ments, as shown in Fig. 10(b) with red and blue sections, resulting in the 
erroneous division into two particles. This leads to over-segmentation. 
To address this issue, it is essential to merge adjacent segments that 
originally belonged to the same particle to ensure accurate recognition 
and analysis.

To address the common issue of over-segmentation resulting from 
the initial watershed segmentation, particles are merged based on 
proximity, neighbor relations, and surface orientation similarity. Two 
neighboring particles are merged if they share a border, and the 
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boundary points between them are continuous. This step ensures that 
particles over-segmented due to local topographic maxima or noise are 
accurately merged.

It is worth reiterating that, in this process, the previously smoothed 
values obtained using the interpolation method will no longer be used. 
Instead, the original values will be applied. This adjustment allows for 
more accurate identification of neighboring particles, preventing 
incorrect merging. Additionally, it helps to differentiate the concave hull 
scenario in Fig. 10(b).

After preliminary segmentation, two adjacent particles, designated 
as PAu and PAv (u, v ∈ {1, ⋯, nλ}), to be merged into a single particle, 
they must meet the following proximity and continuity conditions: The 
distance between the boundary points of the two particles must be 
sufficiently small to ensure that the two particles share a border. Addi
tionally, the average absolute difference in the local curvature at these 
boundary points should be below a certain threshold to maintain the 
continuity of the boundary.

When assessing the proximity and continuity between the boundary 
points of two adjacent particles PAu and PAv , merging is considered if 
the distance between the two particles’ boundary points is <0.6 mm, 
which is derived from the Gocator’s resolutions of 0.378 mm, 0.393 mm, 
and 0.083 mm. These values suggest that the maximum distance be
tween two adjacent points in space is approximately 0.6 mm. Addi
tionally, the boundary points of the two particles should have nearly 
identical local curvatures to ensure continuity.

Define BPu as the set of boundary points in particle PAu, similarly, 

define BPv as the set of boundary points in PAv. Let bPiu be a subset of 
points in BPu and bPiv be a subset of points in BPv that satisfy the 
following conditions: For each boundary point bPiu ∈ BPu, there exists a 
boundary point bPiv ∈ BPv such that ‖ bPiu − bPiv‖≤ 0.6mm; Each bPiu 
uniquely corresponds to the nearest boundary point bPiv. This implies 
that bPiu and bPiv should appear in pairs. Define niu as the number of 
boundary points bPiu in BPu that meet these conditions, and niv as the 
number of boundary points bPiv in BPv that meet these conditions. Thus, 
we have: 

nb = niu = niv (17) 

Where nb is the number of boundary points satisfying the conditions.
To calculate the local curvature at the point bPiu, it’s necessary to 

approximate the local surface using points in its vicinity. This involves 
using a spatial data structure, such as a KD-tree, to efficiently locate the 
kb nearest neighbors of each point bPiu. For this calculation, each point’s 
neighborhood N(bPiu) comprises the kb = 9 nearest neighbors.

To model the local surface around each point bPiu, an optimal 
quadratic polynomial is fitted using the least squares method, which is a 
technique that minimizes the sum of the squared differences between 
the observed values and the values predicted by the model. The general 
form of the polynomial is: 

z = abx2 + bby2 + cbxy + dbx + eby + fb (18) 

The coefficients ab, bb, cb, db, eb, fb are determined to minimize the 

Fig. 9. Stack and inverted stack order.

Fig. 10. Schematic cross-sectional diagram for 3D scanning of particles.
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squared error sum: 

∑kb

ju=1

[
zju −

(
abx2

ju + bby2
ju + cbxjuyju + dbxju + ebyju + fb

)]2
→min (19) 

where 
(

xju, yju, zju

)
are the coordinates of the points in the neighbor

hood N(bPiu).
Once the surface is fitted, the first and second derivatives at each 

point are calculated to determine the local curvature. These derivatives 
are given by: 

fx = 2abx + cby + db (20) 

fy = 2bbx + cbx + eb (21) 

fxx = 2ab (22) 

fyy = 2bb (23) 

fxy = cb (24) 

The local curvature κ at each point can be estimated using the following 
formula: 

κ =
fxx

(
1 + f2

y

)
− 2fxyfxfy + fyy

(
1 + f2

x
)

2
(

1 + f2
x + f2

y

)3
2

(25) 

Calculate the local curvature for all points bPiu and bPiv and compare 
these values. If the average absolute difference in local curvature is 
minimal, it is likely that the two particles are geometrically continuous 
and might belong to the same particle. The average absolute difference 
in local curvature Δκ is defined as: 

Δκ =
1
nb

∑nb

iu,iv=1
|κiu − κiv| (26) 

If Δκ is below a certain threshold (in this case, 3 mm-1), the particles s 
are considered geometrically similar and may be candidates for merg
ing. These procedures effectively assess and resolve merging challenges 
in the 3D point cloud data of the RCA surface.

It is important to note that this algorithm is not designed to offer a 
highly detailed and precise point cloud segmentation method. Instead, 
its primary purpose is to enable fast segmentation of the point cloud. In 
certain exceptional cases, such as the one shown in Fig. 11, the initial 
segmentation may mistakenly identify two separate parts as red and 

blue, even though they should be classified as a single particle. Points A 
and B indicate two vertices that have been incorrectly identified as 
separate parts. Clearly, these two parts do not satisfy the proximity and 
continuity conditions. As a result, they remain separated during the 
over-segmentation adjustment phase. We are currently unable to effec
tively merge these types of particles into a single entity based on the 
aforementioned criteria. Moreover, since RCA typically exhibit more 
irregular shapes compared to natural coarse aggregates due to residual 
cement mortar adhering to their surfaces, it is theoretically possible—
though extremely rare—for two aggregates to become connected by 
cement residue, forming shapes similar to the one depicted in Fig. 11. 
Nevertheless, this specific scenario—in which two segments fail to 
merge effectively due to insufficient boundary proximity and con
tinuity—would only realistically occur under particular and uncommon 
conditions, such as when these uniquely shaped particles are in a unique 
upright position with no other particles obstructing the view during the 
Gocator scanning. Given the infrequency and specific nature of these 
cases, their overall impact on the accuracy and reliability of the final 
PSD results is minimal, and it is therefore reasonable to disregard them 
in the context of this study.

3.4.1.4. 3D ellipsoid fitting. Following segmentation, each particle’s 
morphology is determined by fitting a 3D ellipsoid to describe the ge
ometry of the particle. The optimal fit is achieved by minimizing the sum 
of squared distances from the points to the ellipsoid’s surface, under 
constraints ensuring the surface represents an ellipsoid. The ellipsoid is 
defined by the equation: 

aex2 + bey2 + cez2 + 2feyz + 2gexz + 2hexy + 2pex + 2qey + 2rez + de = 0
(27) 

where x, y, and z are the coordinates of a point, and ae, be,ce, fe, ge, he, pe, 
qe, re, and de are the parameters that define the ellipsoid’s shape, 
orientation, and position in the space. This fitting process involves a 
direct least-square fitting method and provides crucial morphological 
parameters such as the diameters of the major, intermediate, and short 
axes.

In ellipsoid fitting, flat or nearly flat surfaces tend to introduce 
greater uncertainty in the estimated parameters. To address this issue, if 
the calculated ellipsoid parameters, specifically the lengths of the three 
axes, significantly deviate from a reasonable range (with an upper limit 
of 22.4 mm), the result should be considered an outlier and filtered out. 
This process helps ensure that uncertainties in flat regions do not 
excessively impact the final ellipsoid parameters.

Finally, the cumulative percentage retained graph was plotted based 
on the volume of the fitted ellipsoid and the apparent density of the RCA. 
This graph depicted the PSD within the specific sampling area, which 
also represented the estimation of the overall PSD of the RCA piles.

3.4.2. PSD optimization
According to the European Standard [76], recycled aggregates used 

in concrete production must comply with specified upper and lower 
cumulative percentage limits across defined particle size intervals. As 
illustrated in Fig. 12, when the cumulative percentage retained curve of 
an RCA sample lies entirely within these specified bounds, PSD adjust
ment is not required.

However, in cases where the cumulative percentage retained curve 
of the RCA deviates from the allowable limits, a corrective adjustment is 
necessary to bring the PSD into compliance. Since the manual removal of 
specific particle sizes is labor-intensive and often impractical in indus
trial settings, the preferred corrective strategy involves the selective 
addition of supplementary material.

To optimize this adjustment process, a linear programming model is 
formulated. The objective of the model is to determine the minimal 
additional mass required in each particle size category such that the 
resulting cumulative percentage retained curve satisfies all standard- 

Fig. 11. Schematic cross-sectional diagram for the special case.
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compliant bounds. This approach not only ensures regulatory confor
mity but also minimizes material consumption and operational effort.

The following section outlines the formulation and implementation 
of the linear programming-based PSD correction methodology. 

(1) Variable definition 
For a defined set of particle size intervals in (in = 1, ⋯, 8), we 

categorize the particle sizes into distinct intervals based on their 
diameter. Specifically: Interval 1 is defined for particle diameters 
greater than 22.4 mm. Interval 2 is defined for particle diameters 
from 16.0 mm to 22.4 mm. Interval 3 is defined for particle di
ameters from 11.2 mm to 16.0 mm. Interval 4 is defined for 
particle diameters from 8.0 mm to 11.2 mm. Interval 5 is defined 
for particle diameters from 5.6 mm to 8.0 mm. Interval 6 is 
defined for particle diameters from 4.0 mm to 5.6 mm. Interval 7 
is defined for particle diameters from 2.0 mm to 4.0 mm. Interval 
8 is defined for particle diameters <2.0 mm. Within each interval 
in, the variable win denotes the total weight of particles present 
within. A decision variable awin is defined to represent the weight 
of particles to be added to the particle size interval in.

(2) Objective function 
The primary goal of the objective function is to minimize the 

total additional weight across all particle size intervals. The 
formulation of the optimal function is articulated as follows: 

Minimize
∑tn

in=1
awin (28) 

subject to 

Win =
∑in

m=1
wm +

∑in

m=1
awm (29) 

WT =
∑tn

jn=1
wjn +

∑tn

jn=1
awjn (30) 

CPin =
Win

WT
× 100 for in = 1, ⋯, 7 (31) 

Lin ≤ CPin ≤ Uin (32) 

awin ≥ 0, ∀in (33) 

where tn is the total number of particle size intervals. Constraints (28) to 
(33) ensure that, for each particle size interval in, the current weight of 
particles win, in addition to the particles added through the variable awin, 
satisfies the cumulative percentage lower limit Lin and upper limit Uin. 

Here, Win signifies the total weight of particles across intervals 1 to in, 
while WT represents the weight of all particles combined. CPin denotes 
the cumulative percentage for interval in.

4. Results and discussion

This section presents and discusses the experimental results obtained 
from applying the proposed 3D surface analysis and PSD optimization 
method to RCA. The findings are organized to address key aspects of the 
methodology, including the representativeness of sampled surface areas, 
segmentation accuracy, estimation reliability, and performance of the 
linear programming optimization approach. The results are compared 
against manual sieving benchmarks to assess the system’s effectiveness, 
and the implications for industrial application are also discussed.

4.1. Sampling data analysis

4.1.1. Representative sampling area identification
In the initial analysis, the PSD measured by manual sieving of the full 

side surface was compared and analyzed with the overall PSD of the RCA 
piles. Multiple experiments were performed on different batches of RCA 
to ensure reliable and representative results. The findings obtained from 
Fig. 13(a) demonstrated that there was no significant distinction be
tween the two PSDs. Notably, the calculated root mean square errors 
(RMSE) for both tests were remarkably low, measuring only 2.05 % and 
4.46 %, which indicated a high level of similarity. These outcomes 
strongly supported the conclusion that the PSD data acquired from 
measuring a single side of the triangular RCA piles could effectively 
represent the PSD of the entire RCA piles. Consequently, the observed 
consistency between the PSDs further consolidated the credibility and 
feasibility of inferring the PSD of the entire RCA piles based on the PSD 
measured at a specific area on the surface of the piles.

Analyzing the full side surface by point cloud analysis is 
computation-intensive, and therefore, it is attractive to consider a well- 
chosen strip of a limited width. After comparing and analyzing the PSD 
of different sampling areas on the side surface of various batches of RCA 
piles, it was observed from Fig. 13(b)-(e) that 20 mm wide strips taken at 
different positions—one-third distance from the top, two-thirds distance 
from the top, the top of the side, and the middle of the side—exhibited 
varying degrees of representativeness when compared to the overall PSD 
of the RCA piles.

It was evident that the PSD of the sampling areas tended to be 
overestimated when compared to the PSD of the entire pile. This 
discrepancy arose due to the behavior of the particles during the feeding 
process. Specifically, smaller particles have a tendency to roll down to 
the bottom of the pile, resulting in a higher concentration of particles in 
the 2.0–4.0 mm size range at the bottom section. As a result, there are 
relatively fewer 2.0–4.0 mm size particles in other regions of the pile’s 
side surface. This uneven distribution of particles leads to a small per
centage of mass in the 2.0–4.0 mm size range at most of the selected 
sampling areas. Consequently, when constructing the cumulative per
centage retained curves, there is an overestimation of the PSD in this 
range.

Among these different sampling areas, the strips taken at the one- 
third distance from the top demonstrated the highest level of represen
tativeness. The calculated RMSE for these strips was 4.10 % and 2.48 %, 
respectively. These values indicated a comparably minimal level of 
discrepancy between the PSD of the selected strips and the overall PSD 
of the RCA piles.

While the strips taken at the one-third distance from the top provided 
the most accurate representation of the overall PSD, it is important to 
note that there was still a certain degree of deviation between the curves 
of the selected strips and the overall PSD. This deviation, especially in 
the 2.0–5.6 mm particle size range, was particularly pronounced. 
Therefore, additional experiments were conducted to make necessary 
corrections and refine the accuracy of the obtained PSD data.

Fig. 12. Standard for cumulative percentage retained curves.
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Fig. 13. Cumulative percentage retained at different sampling areas.
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The observed results can be attributed to the utilization of the 
feeding system, which facilitates a uniform mixing and output of the 
RCA. As the RCA are transported onto the conveyor belt, it forms a 
triangular pile (Fig. 4(b)) that is generated layer by layer symmetrically 
and uniformly, starting from the inside and progressing toward the 
outside. This process allows for the deduction of the overall PSD by 
analyzing the PSD of a single full side surface of the outermost layer.

However, it is important to note that within each layer, there may be 
uneven separation, leading to variations in the PSD of different areas. 
Consequently, the PSD is not identical across different areas within each 
layer. More generally, when a different material is used or the same 
material is in different states (e.g., varying humidity levels), the PSD of 
the full side surface tends to be representative when employing this 
feeding method. In contrast, the areas of representative strips on the 
surface may not always be consistent, necessitating further experimen
tation for comprehensive analysis. In the present study, the RCA used 
were treated with the C2CA technique, ensuring a constant material 
state and allowing for consistent conclusions to be drawn.

4.1.2. Numerical relationship establishment
A total of sixteen sets of experiments were conducted using different 

batches of RCA, with samples taken at the one-third distance from the 
top of the RCA piles, marked and identified using paint to ensure 
consistent sampling. These samples, as well as the entire RCA piles, 
underwent manual sieving to obtain mass percentage data for different 
particle size ranges. The collected data of the sampled areas were then 
compared and matched with the corresponding data from the entire RCA 
piles, and the results were visualized in Fig. 14.

Additionally, a linear fitting was applied to establish a relationship 
between the sampled data and the overall data. Taking into account 
experimental errors and the impact of manual sieving, it can be observed 
that a certain linear relationship existed between the sampled data and 
the overall data within each particle size range. Leveraging the obtained 
linear relationship, each mass percentage data of sampled areas was 
corrected accordingly. However, due to the corrections made, the sum of 
percentages for each particle size range no longer added up to 100 %. 
Therefore, it was necessary to recalculate the percentage for each par
ticle size range to ensure consistency. Table 3 provides a comparison of 
the results before and after the correction process. The comparison 
demonstrates a decrease in the RMSE for the curves representing the 
cumulative percentage retained of the sampled areas and the entire RCA 
piles. This reduction in RMSE values is particularly significant in cases 

Fig. 13. (continued).
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where the initial RMSE was high, indicating a substantial improvement 
in the alignment between the curves. However, in cases where the initial 
RMSE was already low, the effect of the correction is relatively minor.

These findings highlight the importance of considering experimental 
errors and applying appropriate corrections to accurately represent the 
PSD of RCA piles. By refining the data through the analysis and 
correction process, the reliability and accuracy of the obtained results 
are enhanced.

4.2. PSD estimation

Fig. 15(a) presents the 3D point cloud data obtained from the 20 mm- 
wide strip located at the one-third distance from the top on the side 
surface of the RCA piles using the 3D scanner Gocator. To analyze the 
data, ellipsoids were fitted to the 3D point cloud data (Fig. 15(b)). The 
parameters of the fitted ellipsoids, specifically the lengths of three axes, 
were statistically analyzed. Among these parameters, the second 

shortest axis length was selected as the particle size parameter for par
ticle counting. This selection was made to replicate the manual sieving 
process using circular sieves. By utilizing the second shortest axis length, 
the methodology aims to approximate the PSD in a manner consistent 
with traditional manual sieving techniques.

To obtain the cumulative percentage retained curves, it was neces
sary to determine the mass of each particle size range. The mass was 
estimated by calculating the volume and apparent density of each par
ticle separately. The volume of each particle was estimated based on the 
volume of the fitted ellipsoids. Notably, during the estimation of particle 
mass, it was observed that smaller RCA particle sizes corresponded to 
higher apparent densities. To address this observation, a correction was 
applied to the mass of particles in different particle size ranges. By 
employing the correction method mentioned in the previous section, the 
mass percentages of each particle size range were adjusted accordingly. 
This adjustment facilitated the generation of the final cumulative per
centage retained curves.

Fig. 14. The linear fit between the proportion of different-sized particles in one-third distance from the top and the entire pile.
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Fig. 16 shows the comparison between the cumulative percentage 
retained curves predicted by the 3D point cloud data and those obtained 
by manual sieving, according to the results of three different pilot 
implementation scanning experiments. To evaluate the performance of 
the prediction method, the RMSE between the predicted values and the 
manually measured values were calculated for each experiment, 
yielding values of 5.26 %, 6.09 %, and 4.69 %, respectively. These RMSE 
values indicated the good performance and accuracy of the method in 
predicting the PSD of RCA piles on a conveyor belt.

Unlike static image-based techniques limited to single-layer or sta
tionary particle analysis, this approach enables real-time, non-contact 
scanning and precise segmentation of overlapping particles within pile 
formations, even under high-throughput and high-speed industrial 
conditions. The reported RMSE values ranging from 4.69 % to 6.09 % 
are lower than the upper error margins of approximately 7 % docu
mented in comparable studies [31,32,40], thereby affirming the reli
ability and effectiveness of the integrated watershed segmentation and 
ellipsoid-fitting framework.

4.3. Adjustment for optimal PSD

The above-mentioned predictions of the cumulative percentage 
retained curves are compared against the European Standard. From 
Fig. 17(a)(i), (b)(i), and (c), it is evident that among the three tests, the 
PSD in Test C meets the upper and lower limits of the EU standards, 
eliminating the need for additional adjustments. In contrast, Tests A and 
B fall short of these standards, necessitating the incorporation of RCA of 
varied particle sizes to achieve the required PSD, as delineated in Section 
2.4.2.

Quantitative adjustments for Test A specify that for every 100.0 kg, 
an addition of 22.3 kg of aggregate is required in the 4.0 to 5.6 mm 
range, 18.9 kg in the 5.6 to 8.0 mm range, 18.9 kg in the 8.0 to 11.2 mm 
range, and 18.9 kg in the 11.2 to 16.0 mm range to meet the desired 
standards. Conversely, Test B necessitates a notably lesser augmenta
tion, with only 0.7 kg of aggregate required in both the 2.0 to 4.0 mm 
and 4.0 to 5.6 mm ranges per 100 kg. Illustrated in Fig. 17(a)(ii) and (b) 
(ii), are the cumulative percentage retained curves post-aggregate 

Fig. 14. (continued).
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addition, which successfully achieved optimal PSD.
We also compared the PSD results from RCA obtained from three 

distinct demolition sources. It was observed that RCA sourced from older 

infrastructures exhibited a higher proportion of smaller particles (2.0 to 
8.0 mm), likely due to the advanced deterioration and increased brit
tleness of the parent concrete. In contrast, RCA derived from relatively 
newer structures displayed coarser and more uniform distributions. 
These source-specific variations underline the importance of carefully 
considering RCA origin characteristics during PSD evaluation and 
optimization. Incorporating source analysis into the PSD optimization 
strategy could further enhance the reliability and effectiveness of RCA 
use in concrete recycling operations.

4.4. Managerial insights

The implementation of a real-time 3D surface analysis and PSD 
optimization system for RCA processing offers substantial practical 
benefits, aligning with the principles of industrial information integra
tion. This section delineates the key managerial insights derived from 
our study: 

(1) Real-time quality monitoring and control: The integration of 
advanced sensing technologies enables continuous monitoring of 
RCA quality, facilitating immediate detection of deviations from 
desired specifications. This real-time feedback loop allows for 
prompt corrective actions, minimizing the production of sub
standard materials and reducing waste.

Table 3 
The comparison of root mean square errors (RMSE) before and after the 
adjustment.

Root Mean Square Errors (wt 
%)

Before adjustment (wt 
%)

After adjustment (wt 
%)

Test 1 4.10 3.25
Test 2 4.57 3.97
Test 3 2.63 2.48
Test 4 4.41 1.63
Test 5 5.73 2.32
Test 6 5.68 2.13
Test 7 5.37 1.14
Test 8 5.50 1.43
Test 9 10.04 3.29
Test 10 3.46 1.63
Test 11 2.79 2.77
Test 12 6.54 0.54
Test 13 2.79 2.37
Test 14 7.01 1.45
Test 15 8.30 2.37
Test 16 8.14 5.48

Fig. 15. 3D point cloud data processing.
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(2) Enhanced decision-making through data integration: By consol
idating data from various stages of the RCA processing pipeline, 
managers gain a holistic view of operations. This comprehensive 
data integration supports informed decision-making, optimizing 
resource allocation and improving overall process efficiency.

(3) Automation and labor efficiency: The automation of PSD analysis 
reduces reliance on manual sampling and laboratory testing, 
decreasing labor costs and mitigating human error. This shift 
towards automated quality control aligns with the broader in
dustry trend of adopting smart manufacturing practices.

(4) Scalability and adaptability: The modular design of the system 
ensures scalability, allowing for seamless integration into existing 
infrastructure and adaptability to varying processing capacities. 
This flexibility is crucial for organizations aiming to expand or 
modify their operations in response to market demands.

(5) Sustainability and regulatory compliance: By optimizing the use 
of recycled materials and ensuring consistent product quality, the 
system contributes to environmental sustainability goals and aids 
in meeting regulatory standards. This alignment with sustainable 
practices enhances corporate social responsibility profiles and 
can provide a competitive advantage in environmentally 
conscious markets.

(6) Integration with enterprise systems: The system’s compatibility 
with existing enterprise resource planning and manufacturing 
execution systems facilitates seamless data flow across organi
zational levels. This integration supports the synchronization of 
production schedules, inventory management, and quality 
assurance processes, embodying the core objectives of industrial 
information integration.

In summary, the deployment of this real-time 3D surface analysis and 
PSD optimization system not only enhances operational efficiency and 
product quality in RCA processing but also exemplifies the practical 
application of Industrial Information Integration principles. By fostering 
real-time data utilization, automation, and system interoperability, the 
approach contributes to the advancement of intelligent manufacturing 
and sustainable industrial practices.

5. Conclusion

This study introduces a fully integrated, industrial-scale solution for 
the intelligent optimization of PSD in unscreened RCA. Unlike most 
previous research, which focuses on static analysis or manually collected 
samples, our system enables real-time, non-contact 3D scanning of RCA 

Fig. 16. Cumulative percentage retained curves.
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Fig. 17. Comparison before and after optimization.
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directly on a high-speed conveyor belt, achieving a processing rate of at 
least 50 tons per hour. This real-time capability fills a critical gap in the 
literature and provides essential scalability for deployment in modern 
concrete recycling facilities.

The proposed method incorporates several technical advancements 
over conventional approaches. First, we developed a customized 
watershed segmentation algorithm tailored to the highly irregular 
morphology of RCA particles, which ensures robust delineation of 
overlapping particles by leveraging both global topological and 
gradient-based information. Second, we implemented a linear 
programming-based PSD adjustment mechanism that intelligently cor
rects the measured distribution to meet European standard requir
ements—an approach not previously combined with real-time scanning. 
Third, we validated a practical, strip-based sampling strategy using a 20 
mm-wide region located one-third from the top of the RCA pile. This 
area was experimentally confirmed to provide a representative PSD with 
RMSE values as low as 4.10 %, enabling efficient and accurate PSD 
estimation without full-surface scanning. This research is among the first 
to integrate real-time 3D scanning, watershed-based segmentation, and 
PSD optimization into a closed-loop system for RCA quality control 
under dynamic, high-throughput industrial conditions.

Recognizing that RCA sources significantly affect PSD outcomes 
underscores the necessity of integrating detailed source characterization 
into the quality assurance process, which is vital for reliably predicting 
aggregate performance and optimizing processing strategies. Future 
research should aim to systematically expand the variety of RCA sources 
investigated, thoroughly examining the specific influence of different 
demolition origins—including variations in building type, concrete 
quality, and demolition techniques—on PSD characteristics. By incor
porating RCA source as a distinct parameter, it will be possible to 
establish a comprehensive comparative analysis, providing clearer in
sights into how source-specific factors influence PSD. Such research 
would greatly enhance our ability to predict and manage variability, 
thus optimizing aggregate processing, reducing uncertainty, and 
fostering broader application of recycled aggregates in sustainable 
construction practices.

While this study shows some clear benefits, it also acknowledges 
certain limitations that necessitate additional investigation. Although 
the current study focuses primarily on demonstrating a rapid assessment 
and optimization method for PSD in industrial settings, future work will 
include developing and integrating algorithms to identify and analyze 
deformed aggregates. Such algorithms are expected to enhance the 
robustness of the proposed system by accommodating irregular particle 
morphologies and further improving the accuracy of PSD measurement 
and optimization. Future research could beneficially explore the scal
ability of the proposed method, particularly its applicability across 
diverse aggregate types. Moreover, addressing the existing constraints in 
the algorithm’s performance remains a crucial area for further refine
ment. Subsequent studies might productively focus on enhancing the 
algorithm’s efficiency, extending the method’s applicability to a broader 
range of conveyor systems, and strategically integrating this technology 
within other quality control frameworks to optimize overall process 
efficiency.
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[58] M. Bilušić, L. Olivari, Assessment of process chain suitability of the optical 3D 
measuring system by using influencing factors for measurement uncertainty, J. Ind. 
Inf. Integr. 41 (2024) 100654, https://doi.org/10.1016/J.JII.2024.100654.
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