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ABSTRACT With the rapid development of artificial intelligence (Al), especially in machine learning and
deep learning technologies, the particle and impurity detection and removal processes employed in many
industries have been improved. Particles and impurities of any size, shape and in any condition can be
detected using advanced technology in both areas. This paper presents a comprehensive overview of research
papers that discuss the application of Al techniques for the detection and removal of particles and impurities.
The publications featured in this review were mainly retrieved from the Web of Science (WoS) database,
covering the timeframe from 2000 to 2023. This paper also covers the review on the impurity detection and
removal specifically in edible bird’s nest (EBN). The aim of this paper is to provide a valuable resource
for the future development of Al applications in particle and impurity detection and removal technologies
that have not been addressed in this study. Through the review and analysis of Al for particle and impurity
detection and removal techniques in recent years, this paper includes the following parts: research trend in
particle and impurity detection in general and Al methods in particle and impurity detection, applications of
Al in particle and impurity detection in related industries including in EBN and Al applications in particle
and impurity removal. This review study will offer advantages to researchers engaged in the field of Al with
regards to the detection and removal of particles and impurities.

INDEX TERMS Artificial intelligence, machine learning, deep learning, impurity detection, particle
detection, particle removal, edible bird’s nest.

I. INTRODUCTION

Undesirable particle, contaminant or impurity detection is a
critical aspect in various industries and scientific disciplines
that consists of the analysis and identification of the materials.
Particles and impurities have a significant effect on the qual-
ity of a product. They are among the elements that determine
if the products are of high quality. Most industries, whether
manufacturing processes, agriculture, food and beverages,
environmental monitoring, or biomedical research, accentu-
ate the detection and identification of particles or impurities
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in ensuring product safety, quality, and integrity. There are
a variety of particles or impurities forms, such as dust, con-
taminants, foreign objects, or microscopic organisms. Sample
particles and impurities images found in different types of
products are shown in Figure 1.

Detecting, analyzing, and processing the impurities are
vital especially in pharmaceutical, cosmetics as well as food
and beverages sectors because the products are consumed
by humans. Impurities in food can be in kinds of physical,
chemical, and biological contaminants such as heavy metals,
small metal chips, fine wires, or pesticides [5], [6], [7]. These
impurities are extremely harmful to humans because of their
health risk and hazard that can likely cause severe illness and
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FIGURE 1. (a) Impurities in flour after final image rendering process [1],
(b) impurities in machine-harvested seed cotton [2], (c) dust particles in
retinal images [3], and (d) impurities on the surface of a sugar heap [4].

even death [8], [9], [10], [11]. The impurities will also affect
the quality and the flavor of the food [12]. In manufacturing
processes, impurities can affect the desired properties and
the performance of the products. The metallic contaminants
in semiconductor manufacturing will ruin the final products
functionality [13]. The presence of contaminants inside metal
during the manufacturing process has the potential to reduce
the mechanical qualities of the products. This can lead to the
formation of weak zones within the parts, ultimately resulting
in their failure [14].

Particles or impurities of any size can have serious effects
on the products. Contaminants at micro level can cause
major problems to certain manufacturing processes, oil and
gas industries, power transmission, and biomedical. The
microparticle contaminants can ruin the high-power laser
transmission in final optic assembly [15]. In electric and
magnetic fields study, the particle detection facilitates a better
catalyst nanoparticle by high-resolution holography statisti-
cal analysis [16]. The detection of impurities at micro level
is highly important in biomedical fields. The identification of
particles sizing 1 um to 20 um is essential as fungal, bacterial
pathogens and human cells ranging around the size [17], [18],
[19]. The detection of particulate matter (PM) in environment
which is related to the respiratory tract is also essential in the
field for constant and capillary air scrutinizing [20].

Conventionally, particle and impurity detection involved
manual inspection and operation. Human-operated inspection
and operation are inefficient because of high time consump-
tion, subjective, low repeatability, low accuracy and prone
to error [21], [22], [23]. However, with the developments
in imaging technology and Al, automated particle detection
systems have become increasingly established and reliable.
Systems for particle and impurity detection often need image
processing, Al techniques, and algorithms. It is crucial that
the particle and impurity detection be automated in order to
increase detection accuracy and lower the influence of human
error. In some sectors, the particle and impurity removal
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and processing must be directly connected to the detecting
system. This approach has the potential to save costs and
assure the acceptance of the products.

The term “‘Artificial Intelligence (AI)” is applied to
describe the mechanization of cognitive processes that are
conventionally operated by humans, whereas machine learn-
ing (ML) relates to the Al method employed by systems to
acquire the ability to perform these activities [24]. In addi-
tion, deep learning (DL) is a unique subdomain of ML
that employs hierarchical structures or layered approaches in
order to attempt learning high-level abstractions of data [25].
The link between Al, ML, and DL has been explained by
Halbouni et al. [26] as illustrated in Figure 2.

Artificial Ability of a machine to imitate

intelligent human behaviour

Intelligence

Application of Al that allows a
system to automatically learn
and improve from experience

Application of Machine Learning
that uses complex algorithms
and deep neural sets to train a
odel

Deep
Learning

FIGURE 2. Relationship between Al, ML and DL [26].

Particle detection, like any other object detection method,
is based on digital image processing and ML. The process can
be divided into multiple phases, including image acquisition,
image processing, feature extraction, image segmentation,
and the application of ML algorithms for identification
purposes [27], [28]. ML algorithms can effectively and pre-
cisely identify and categorize particles or impurities by being
trained on extensive datasets that consist of labelled samples.
This enables the algorithms to automatically detect and cate-
gorize these entities [29].

Over the last few decades, many journal articles have been
published that focus on both particle and impurity detection
in general and specifically in Al in particle and impurity
detection. The objective of this study is to review the tech-
nologies of Al applications and methods in particle detection.
This study provides an overview of various Al methods and
their applications in particle and impurity detection in various
industries as well as in particle and impurity removal. This
paper is organized as follows: In Section II, we provide the
research trend of particle detection in general and specifically
using Al in particle and impurity detection and removal.
In Section III, we explain the applications of Al in particle and
impurity detection from the industries that mostly covered
in the research in this field i.e., biomedical and medical,
power, electrical and electronics, manufacturing, food and
beverages, agriculture, and pharmaceutical. In Section IV,
we describe the Al applications in particle and impurity
removal. In Section V, we conclude the study. This paper
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is expected to foster collaboration between engineers and
scientists to facilitate the rapid expansion of this research.

Il. RESEARCH TREND

A bibliometric analysis was conducted to identify the scope
and areas of interest that have been addressed in relation to
the research trend study. The data were acquired from the
Web of Science (WoS) database, widely regarded as the fore-
most comprehensive and extensively utilized bibliographic
database, renowned for its reliability [30], [31]. Throughout
the process of the research, a number of keywords and terms
were used. Table 1 presents the searches together with the
corresponding search phrases selected. The timeline of this
analysis includes papers that have been published between
the years 1970 and 2023.

TABLE 1. Search criteria.

Searching Criteria

“particle* detection” OR “impurity* detection”
“artificial intelligence” AND “particle* detection”
OR “machine learning”

OR “deep learning”

“artificial intelligence” AND “impurity* detection”
OR “machine learning”

OR “deep learning”

“artificial intelligence” AND “impurity* removal”
OR “machine learning”

OR “deep learning”

“artificial intelligence” AND “particle* removal”

OR “machine learning”
OR “deep learning”

Note: * symbol has been used as a wildcard character for the searches.

The total number of yearly publications related to particle
and impurity detection topics from 1970 to 2023 are shown
in Figure 3. From the figure, it can be observed that even the
number of publications by year is fluctuating but there has
been a growth trend in the topics.
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FIGURE 4. Number of publications and number of citations related to Al
applications in particle/impurity detection by year from 1989 to
2023 with percentage of publications by industries.

this field began in 2007, the number of publications started
to increase rapidly from 2017 onwards. In terms of cita-
tion, the figure shows the publications in this field had been
cited yearly since 2007 except in 2011. There was a sharp
increase in citation numbers after 2018. The most citations
per publication were recorded in 2022. This trend is expected
to continue in 2023 onwards. Additionally, Figure 4 depicts
the percentage of publications by related industry. Biomed-
ical and Medical industries contributed the most significant
number of publications in this field. Other popular industries
covered in the research in this field are Power, Electrical and
Electronics, Manufacturing, Food and Beverages, Agricul-
ture and Pharmaceutical.

A total of 23 countries were involved in the publications of
Al applications in particle and impurity detection. Figure 5
shows the number of publications based on countries and con-
tinents. According to the data presented in the figure, China
and the United States emerge as the leading contributors
in terms of publication output, accounting for 34.00% and
16.00% respectively. Following closely behind are Germany
with 10.00%, and Netherlands and Japan with 4.00% each.
From Figure 5, Asia has the highest volume of publications
pertaining to the subject matter, with Europe and North Amer-
ica following suit in terms of contribution.
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FIGURE 3. Number of publications by year and cumulative publications
related to particle/impurity detection.

For papers publication specific to Al applications in par-
ticle and impurity detection, the total number of yearly
publications and citations from 2007 to 2023 are shown in
Figure 4. The graph shows that even though the research in
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Based on the search result, bibliometric mapping was con-
structed using VOSviewer software. The map of keywords
based on co-occurrence data can be constructed using the
software using visualization of similarities (VOS) mapping
technique [32]. Network visualization of publications based
on keywords as analyzed using VOSviewer is shown in
Figure 6. This visualization helps to identify the most fre-
quent keywords in the research regarding particle detection.
From Figure 6, the results show that ML and DL, the subsets
of Al have been associated with particle detection.
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FIGURE 6. Network visualisation of keywords.

In this paper, a range of online Al techniques published
since 2000 were reviewed for particle and impurity detection.

1Il. APPLICATION OF ARTIFICIAL INTELLIGENCE FOR
PARTICLE/IMPURITY DETECTION IN RELATED
INDUSTRIES

Particle detection is applied in various fields. In the medical
domain, particle detection is employed for the analysis and
statistical evaluation of cells. In the metallurgical sector, it is
utilized for the analysis of particle sizes. In the chemical
industry, particle detection is employed for the analysis of
the composition of different reactant particles and the moni-
toring of changes occurring during the reaction process [33].
In this paper, we explore the application of Al techniques
for particle and impurity detection in the popular industries,
which are biomedical and medical, power, electrical and elec-
tronics, manufacturing, food and beverages, agriculture, and
pharmaceutical. We delve into the fundamental principles,
methodologies, and the performance of the detection models.
We also discuss various types of particles or impurities that
can be detected using Al, such as contaminants in manufac-
turing processes, pollutants in the food and beverages, and
anomalies in medical images. In particle detection, most of
the research covered digital image processing before classifi-
cation process by Al algorithms.

A. BIOMEDICAL AND MEDICAL
As mentioned earlier, Figure 3 shows that the highest indus-
try in particle and impurity research is in biomedical and
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medical industries. Particle and impurity detection in the
biomedical and medical fields are important aspects of
ensuring the safety and effectiveness of various healthcare
products and procedures. In biomedical and medical applica-
tions, particles or impurities can encompass a wide range of
substances, including contaminants, foreign bodies, microor-
ganisms, chemicals, or undesired by-products. Detecting and
removing these particles or impurities are vital to reduce
the risk of adverse reactions, infections, or compromised
treatment outcomes.

Zhu et al. [34] have performed research to detect particles
for single particle analysis from image acquired by cryogenic
electron microscopy using Hough Transforms algorithm.
In the research, Leginon system was used to get KLH
(protein) particles images for defocus pairs, first recorded
near-to-focus (NTF) image and acquired farther-from-focus
(FFF) image. Figure 7 below shows the flowchart of the
detection method. The results indicate that total computa-
tional time for defocus images depends on the number of
particles in the images in the order of 10 minutes. The average
89% of side-view KLH particles could be detected with false
negative rate of 11% and false positive rates of 26% recorded.

Acquisition of high magnification images in defocus
pairs (first a NTF image and then a FFF image).

1
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FIGURE 7. Overview of the proposed automated particle detection
method [34].

Sierra et al. [3] applied the image segmentation method
of image processing in their study to detect and remove dust
particle artifact in retinal images on retinal fundus cameras.
The image inputs were two or more color fundus images in the
same position with artifacts acquired within the same session.
For image localization, blob detection tasks were performed
to detect candidate artifacts and to obtain the coordinate.
The image segmentation was done via region growing. The
segmentations in all images were compared using conjunc-
tion OR AND operation in MATLAB. The results show that
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the method can detect and remove all artifacts successfully
and it is able to detect and remove artifacts in dark areas
without introducing new artifacts. The researchers found that
the method is robust and fast, however the artifacts with low
contrast cannot be detected.

Research by Rossi and Barnkob [35] applies segmentation-
free image processing technique to track the particles on
microfluidic devices. This technique aims to identify particles
and estimate their 3D positions using general defocusing
particles tracking (GDPT). The result of the detection was
then compared with the result using previous GDPTlab
software that has segmentation step. The method without
refinement step was also tested by adding more iterations.
The researchers used ad hoc MATLAB routine to simulate the
results and analyzed the evaluation time using different types
of imaging which were fluorescent, brightfield, brightfield
with disturbance. It is found that this method can detect over-
lapping particles although it does not require segmentation
and the evaluation time takes place in 1s.

Ge et al. [36] have performed research on particle detec-
tion of complex images using Convolutional Neural Network
(CNN). The researchers used series of residual networks
(ResNet) for BasicBlock and Bottleneck. Figure 8 shows
the series of ResNets applied in the study. The researchers
have measured precision, recall and F-score to analyze the
performance of the system where the four types of two-layers
ResNets were trained, tested, and compared. The results of
three non-learning-based approaches: Blob Detection, Canny
Edge Detection and Connected Domain Detection were con-
verted to Light-Spots Maps and their performances were
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FIGURE 8. Diagrams of ResNet2Ls. There are two different blocks of
ResNets which are BasicBlock, for ResNet18 and ResNet34, and
Bottleneck, for ResNet50 and ResNet152. The bottoms refer to four types
of ResNet2Ls that have been derived by modifying the first two layers of
ResNets. [36].
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evaluated. The findings of the study indicate that it is difficult
to detect macroparticles sized over 50 pixels in diameter using
this method, however it has better performance than three
non-learning-based approaches: Blob Detection, Canny Edge
Detection and Connected Domain Detection.

The study on Deconvolution Network, DetNet application
on particle detection was conducted by Ritter et al. [37].
The authors used hybrid method whereby DetNet was used
for particle detection in fluorescent microscopy images of
live cells hybrid with bidirectional long short-term mem-
ory (LSTM)-based recurrent neural network (RNN) or deep
particle hypotheses tracker (DPHT) for tracking [38]. The
performance of this hybrid method, DetNet-DPHT was
evaluated using image sequences of the Particle Tracking
Challenge with different signal-to-noise (SNR) ratio and
live cell fluorescence microscopy data of hepatitis C virus
proteins. The results indicate that the performance provides
state-of-the-art results or improves the results compared to
classical methods, spot-enhancing filter using Gaussian filter
(SEF-GF). For the same purpose, Spilger et al. [39] then
established image-to-image mapping based on density map
regression called Density Map DetNet 3D (DM-DetNet3D).
This research provides detection of 3D particles in 3D fluo-
rescence microscopy images for cellular processes analysis.
The researchers applied the adaptive wing loss (AWing) tech-
nique to focus on particles in contrast to background image
points network. This approach aims to enable the system to
adapt to various values in the ground truth mask, thereby
increasing sensitivity to errors specifically for particles as
compared to background image points. To address the sig-
nificant imbalance between particle and background image
points in 3D images, a weighted loss map was employed.
This approach involved assigning higher weights to parti-
cles and challenging background image points that were in
close proximity to particles. The architecture of the DM-
DetNet3D network is depicted in Figure 9. For performance
evaluation of the method, 3D images of Particle Tracking
Challenge (PTC) and 3D fluorescence microscopy images of
chromatin structures and interneurons were used. The method
was compared with 3D versions of SEF (SEF3D), which
is based on Laplacian-of-Gaussian) and DetNet (DetNet3D)
which is based on image-to-image mapping by voxel-wise
binary classification. The findings show that the approach
gives better performance than previous methods.

The study of detection of visible impurities in glucose
or sodium chloride injection liquids was conducted by
Ge et al. [40]. To segment the difference between images,
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the existence of foreign particles was determined according
to the continuity and smoothness of their moving traces.
Sequence image processing was used to remove obstructions
to detection due to unevenness such as scratches, embossed
symbols, and graduations on the bottle surface. In this study,
CCD camera was used to acquire online injection’s image
sequence, Pulse-Coupled Neural Networks was applied to
detect foreign particles and the system gave a rejection signal
to main control system. The results indicate that the system
can detect the visible impurities effectively with the detection
speed of 0.05s and correct detection rate of 99.1%, which
satisfies the needs of medicine preparation. The results also
show that even when adjacent regions’ intensity ranges sig-
nificantly overlapped, the algorithm is still able to segment
images.

Oliveira et al. [41] have studied particle detection on
electron microscopy (EM) micrographs using multi-classifier
systems. The classifier in this method has been trained and
performed on a single micrograph with patterns of particle
and nonparticle so that it could identify if a new micrograph
image contained a particle or not. Then, the researchers
used a multi-classifier system to detect the particles on other
micrographs. Five algorithms have been applied for generat-
ing individual classifiers which were Decision Trees (DTs),
Multi-Layer Perceptron (MLP) neural networks, k-NN
(k Nearest Neighbor), Naive Bayes (NB) classifier and Sup-
port Vector Machines (SVMs) and three other algorithms
for multi-classifier, which were Bagging, AdaBoosting and
StackingC. The results indicate that the multi-classifier
method provided average accuracy of 89.64%, lower false
positive (4.28) and negative rates (6.81), and better 3D struc-
ture reconstruction result.

Another research in hybrid method was performed by
Dreisbach et al. [42] and Sax et al. [43] that tracks particle
using neural networks and synthetic training data refinement
in defocusing particle tracking velocimetry (DPTV). The
method proposes two staged approaches, which are synthetic
training data generation and refinement by unsupervised
image-to-image translation. It performs object detection
using deep learning on the recording gathered by the DPTV
experiments. The network was trained with two kinds of
synthetic and one semi-synthetic dataset to extract the par-
ticle position and size of real DPTV images. Figure 10
shows the two-stage approach in this method. For neural
networks, the researchers used Faster R-CNN and RetinaNet.
For performance, the method has been compared with par-
ticle detector trained on simple Gaussian particle image
(PD), Hough transform. According to the study, the proposed
method is capable of effectively addressing the issue of over-
lapping PIs, hence increasing reliability and accuracy. It also
demonstrates higher measurement accuracy in determining
diameters compared to the Hough transform. In addition to its
robustness to inhomogeneous background illumination and
image aberration, this approach exhibits strong performance.

Research on Al methods for particle detection in the
biomedical and medical industries is advancing rapidly,
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FIGURE 10. Hybrid method proposed which applies two-stage approach,
image-to-image translation neural networks and particle detection neural
networks. [42].

especially in the areas of medical imaging, microfluidic
devices, and injectable liquids. The researchers have demon-
strated that the methods exhibit superior performance in
comparison to conventional methods.

B. POWER, ELECTRICAL AND ELECTRONICS

In the power, electrical, and electronics industry, particles or
impurities can come from different sources, such as man-
ufacturing processes, environmental contaminants, or the
degradation of materials over time. These impurities can
include dust, moisture, metal shavings, chemical residues,
or other foreign substances that can interfere with the proper
functioning of electrical components, affect electrical con-
ductivity, or cause short circuits.

Oh and Christenson [44] have developed a particle detec-
tion system for Rutherford backscattering (RBS). RBS has
commonly been applied in the electronics industry for mate-
rial analysis, especially for inspection in semiconductors,
superconductors, thin surface structures, metal and crystal
orientations, metal and crystal damage, and polymers. The
system aims to obtain the spectral data from an RBS analysis
of the sample, which is Silicon (Si) wafer with silicon nitride
(SixNy) coatings on the surface. The researchers conducted
an analysis by comparing the results between LabVIEW
and ADMCA, an analog and digital acquisition software
by AMPTEK. The result shows that the automated system
using LabVIEW gives comparable results with manual sys-
tem which means that the developed system is reliable and
accurate. Based on the study, it is found that the automated
system is more time saving, minimizes the operators’ work-
load and can reduce human error in sample positioning and
beam localization time settings.

In alternative power generation methods, magnetic con-
finement fusion in deuterium-tritium plasmas must be clean,
sustainable, and efficient. Thus, tokamak was built to achieve
sustained nuclear fusion. The research by Cowley et al. [45]
have introduced the automatic detection and tracking of
impurity for tokamak camera. In the research, ML-based
code called Robust Impurity Detector and Tracker (RIDAT)
algorithm, using Python is applied. According to the study,
the algorithm is robust and can be applied to various cameras
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and impurities. The code was separated into two modules
which were image processing module and dust tracking mod-
ule. In Image Processing Module the list of image frames
from tokamak video footage were received as arguments
and as outputs, a list of dust grains detected in each frame,
along with the dust grain properties. In Dust Tracking Module
the isolated detected grains were used as arguments and as
outputs, a list of connected dust tracked spanning multiple
frames. It was found that the classification accuracy was
65-100% and it could detect up to the order of 1000 dust par-
ticles from a single camera shot. The researchers suggested
that the acquisition of additional training data should consider
biases and involve a more thorough selection of parameters as
the current training set only included the most prominent and
readily identifiable grains.

C. MANUFACTURING
Particle and impurity detection plays a significant role in the
manufacturing industry, where the presence of foreign parti-
cles or impurities can impact product quality, reliability, and
safety. Detecting and controlling particles or impurities are
essential to ensure the integrity of manufacturing processes
and the final products produced. The impurities are usually
found in mechanical parts because of the inclusions that
exist in raw materials and fragments of different nature [14].
They can take the form of contaminants, dust, debris, metal
shavings, or other foreign substances that can compromise
the functionality or reliability of manufactured goods.

Galdon-Navarro et al. [46] have applied Near-Infrared
(NIR) hyperspectral imaging and performed the comparison
of latent variable using based and Al methods for impurity
detection in PET recycling plant. The wavelength classes
were classified as the materials in PET recycling, which
were PET, PVC, transparent PVC and background. Multivari-
ate image analysis (MIA) techniques were used to analyze
hyperspectral images. From the study, it is found that the
correspondence analysis gives higher average rates of true
positive, false positive, false negative, and true negative.

In paper manufacturing, Bianconi et al. [47] conducted
a study on impurity detection, which suggests employing
a sequential approach to detect impurities. This approach
involves initially classifying the paper as either defective
or non-defective, followed by the application of threshold-
ing techniques. The researchers have performed an analysis
on the performance comparison between impurity detection
using a sequential step approach and impurity detection
using a thresholding method. The result shows that impurity
detection exhibited a level of accuracy exceeding 96%. The
method with classification step performed prior to threshold-
ing, exhibits much greater accuracy compared to the impurity
detection using direct thresholding.

D. FOOD AND BEVERAGES
Particle and impurity detection in the food and beverage
industry is an important process that concentrates on ensuring
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the safety, quality, and integrity of food products consumed
by humans. The current food and beverages industry requires
advanced detection techniques and observing the regulatory
standards, while avoiding product loss during the analysis
process [48].

Huang et al. [49] have conducted the research to detect
impurity in transparent liquid based on machine vision tech-
nology. This study used Realization Method Using Image
Background Suppressing. The Fuzzy C-Means clustering
algorithm was employed to effectively suppress impurities in
the image backdrop. In the phase of impurity identification,
the pre-recognition of impurities was accomplished by con-
sidering the grey and form features of the target, as well as
prior knowledge and detection conditions. This allowed the
detection and sorting of small targets in the detection process
to achieve identification of too-large impurities and normal
small particles. In this phase, fuzzy least squares support
vector machines was used to achieve effective segregation
of impurities and air bubbles. It is found that the method
can reduce the recognition speed to 100ms for impurities’
diameter less than Imm with 99% recognition rate.

The study of melamine detection in milk powder has been
performed by Fu et al. [9] using near-infrared (NIR) hyper-
spectral imaging technique to detect low level (less than
1.0%) melamine in milk powders. The setup of the experi-
ment is shown in Figure 11. The image pre-processing for
this method was by normalization and background removal.
The spectrum of each pixel in the sample images was com-
pared to the pure melamine spectrum using spectral similarity
measures which were spectral angle measure (SAM), spectral
correlation measure (SCM) and Euclidian distance measure
(EDM). The result demonstrates that melamine contamina-
tion in milk powders can be detected using a combination of
spectral similarity analysis and NIR hyperspectral imaging
techniques.

NIR Imaging
Spectrograph

FIGURE 11. Semi-schematic of the NIR hyperspectral imaging system and
its components [9].

Research of detection of impurities in granulated sugar
were conducted by Albers et al. [4], [50] and Peichl et al. [51].
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Albers et al. have investigated the possibility to detect the
smallest impurities inside and on the surface of sugar heap
using millimeter waves [50]. From this study, the researchers
concluded that with the availability of sufficient signal
strength from the wave interaction with the objects, it is fea-
sible to detect small impurities in granulated sugar by using
a more improved method. Peichl et al. and Albers et al. have
studied the detection of small impurities during conventional
material flow using millimeter-wave imaging technology
(inverse synthetic aperture radar (ISAR) technology) [4],
[51]. The difference in permittivity between granulated sugar
and other substances induces a notable change in the behav-
ior of radar reflectivity. The algorithm used was standard
back-projection algorithm for ISAR processing. For analysis,
the researcher used bumblebee on microwave absorber back-
ground and metal sphere on sugar heap. As for the result, the
target can be clearly detected as a strong backscatter signal in
ISAR images.

Research by Nunes et al. [52] aims to visually inspect
the flour quality automatically based on number of particles
detected. In this study, an acquisition board was used to allow
the image captured using the commercial video cameras.
The assessment of quality was determined by the number of
identified particles within a predetermined time as specified
by a technician. The software was developed with IMAQ
Vision for LabVIEW. In this method there were two stages
introduced to determine the number of detected particles,
which were acquisition stage and processing stage. In acqui-
sition stage, position of the flour samples was well-defined
with optimum lighting condition. In processing stage, IMAQ
Vision Builder was used for extraction of the image character-
istics, then optical character recognition (OCR) was applied
to allow the lot identification. Particle analysis was performed
which the number of particles compared with maximum
admissible number of particles defined by the user, if the
number of particles exceeded the admissible number, it was
considered as poor quality. The result shows that the system
can detect the undesirable particles using digital image pro-
cessing techniques.

He et al. [53] used CNN with gallery-guided graph archi-
tecture and region proposals for impurities detection in bottles
used in wine industry. Figure 12 shows the overview of the
impurity detection framework. As for analysis, comparisons
have been conducted between the method and baselines meth-
ods which were Mask R-CNN, CornerNet and PANet to
validate the effectiveness of region proposal generator. The
result states that the performance of the proposed method was
comparable with baselines with mAP of 80.84%, precision
rate of 73.50%, recall rate of 86.49%, and F1 score of 75.52%.
The method introduced also runs faster than the state-of-the-
art methods.

1) EDIBLE BIRD’S NEST (EBN) THE “CAVIAR OF THE EAST”

Nowadays, the use of edible bird’s nests (EBNs) has been
prevalent, primarily in the Asian region, owing to their
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FIGURE 12. An outline of the framework for impurity detection: Three
submodules make up the suggested methodology: a feature embedding
network, a two-stream fusion network, and a graph convolutional
network. Frame differencing is used to create differential images, which
are then provided, concatenated with the original grey images at each
time step, sent to a two-stream fusion network to create region
proposals, and then each region proposal is treated as a node and added
to a graph with similar nodes from training sequences, where their
categories are determined using a graph convolutive. [53].

recognized health and beauty benefits. EBN, also referred to
as the “Caviar of the East,” has garnered a reputation for
being an expensive and lavish traditional beverage that has
been enjoyed for centuries, dating back to the Tang Dynasty
(618-907 AD) and the Sung Dynasty (960-1279 AD) [54],
[55]. The swiftlet species of Aerodramus and Collocalia
(Apodidae) in Southeast Asia and the Pacific Islands areas
secrete EBNs during breeding, using their salivary glands
with minimum presence of feathers or grass [56], [57]. Bird’s
nests appear to be the only nests that are safe for human
consumption [58]. Figure 13 illustrates the images of unpro-
cessed and processed raw EBNs obtained from Malaysia.
Today, EBN products have expanded beyond beverages and
have gained recognition as an ingredient in beauty products
and cosmetics. Therefore, the demands for EBN are growing,
posing challenges for ensuring quality assurance in EBN
processing and its products [59].

FIGURE 13. The samples of EBNs collected in Malaysia: (a) Unprocessed
raw and (b) processed raw.

A research trend study has been conducted in response
to the growing demand for EBN products. This trend anal-
ysis attained a total of 80 publications from the Web of
Science (WoS) Core Collection database. Figure 14 displays
the annual count of publications and citations pertaining to
EBN topics spanning the years 1977 to 2023. As shown
in the figure, there has been a growing level of inter-
est in EBN throughout the last four decades. Researchers
have increasingly focused their attention on EBN. Particu-
larly, a significant increase in publications occurred in 2012,
with 87.5% of all articles coming from the present decade.
Figure 14 also demonstrates that the articles in these topics
have gained a substantial quantity of citations. The analysis
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FIGURE 14. Number of publications and citations related to EBN.

reveals that over 90% of citations were obtained within the
most recent decade, indicating a projected rise in research
interest in EBN beyond the year 2023.

Figure 15 illustrates the distribution of publications related
to EBN by countries. According to the figure, Malaysia
emerges as the leader in EBN research, as it accounts for
60.0% of the overall publications in this field. China and the
United States accounted for 12.5% of the total papers each,
while Japan contributed 10.0% of the overall publications.
Figure 15 also illustrates that Asia exerts a greater influence
globally in comparison to other continents, suggesting that
the continent exhibits a more significant research interest in
EBN.
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FIGURE 15. Publications in EBN by countries.

The funding sources for the research conducted in EBN
are depicted in Figure 16. Based on the data presented in the
figure, it can be observed that the Malaysian Government pro-
vided financial support amounting to 27.50% of the research
conducted in this particular field. Some of the prominent
funding bodies for research on EBN include the Centre of
Excellence (COE) on Swiftlets at Universiti Putra Malaysia,
the National Institutes of Health (NIH) in the United States,
Universiti Kebangsaan Malaysia, and the National Natural
Science Foundation of China (NSFC). According to the
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data presented in Figure 16, most of the research projects
(57.5%) were financially supported by sponsors originating
from Malaysia. This finding also indicates that Malaysia is at
the lead of EBN research.

According to Figure 17, a total of 58 sources have pub-
lished articles on EBN. The top six journals include a
minimum of three articles in EBN research. According to
the data presented in Figure 17, the publication with the
highest frequency was found in the journal Frontiers in Phar-
macology, followed by the Universiti Kebangsaan Malaysia
(UKM) Faculty of Science and Technology (FST) Col-
loquium. These two sources accounted for approximately
6.25% of the total publications in the EBN dataset. The sub-
sequent four prominent publishers in EBN research comprise
Food Research International, Foods, Forktail, and Interna-
tional Food Research Journal. Collectively, these publishers
account for 3.75% of the total publications in EBN.
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FIGURE 17. Sources of EBN research.

EBNss are secreted during the breeding by swiftlets species
of Aerodramus and Collocalia (Apodidae) in Southeast Asia
and Pacific Islands regions using salivary gland with mini-
mum feathers or grass [56], [57]. They are mainly collected in
Malaysia, Indonesia, Thailand, Vietnam, and China. Swiftlets
typically build their nests in caves along the coast and in the
mountains, but due to the high demand for EBNSs, they are
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bred in abandoned stores and house farms. The EBN’s quality
assurance regarding dimensions, composition, and form is
critical for ensuring that this alternative harvesting technique
yields safe and high-quality goods in line with its high price
and economic value. Prior to sale, the EBN must be free from
impurities and contaminants that are hazardous to human
consumption. Particles, feces, dirt, sand, grass, sticks, feath-
ers, spots (such as rust and wood), fibers, and egg fragments
are common types of impurities found in EBN [60]. Figure 18
shows impurities normally found in EBN.

Faeces

FIGURE 18. Various impurities commonly found in EBN.

Most of EBN’s inspections have been performed manually.
The assessment of EBN’s quality and value was predomi-
nately dependent on subjective individual experiences, lack
of scientific verification or quantification [61]. Presently,
an EBN visual inspection is performed by a human operator
employing a magnifying glass, as depicted in Figure 19.
Visual inspection relies on human judgement to examine the
product, primarily to ensure that the EBN product is clean
with minimal impurities following the cleaning procedure.
This will lead to inconsistency and increase the possibility of
errors occurring in the practice [62]. Automating the inspec-
tion of EBN is necessary in order to establish a standardized

FIGURE 19. Manual inspection for EBN.
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approach for quality assessment, reduce human errors asso-
ciated with grading, and enhance the examination process of
product quality [63].

Several research have been performed regarding the appli-
cation of Al in EBN impurities detection. The study con-
ducted by Goh et al. [64] focuses on the detection and
characterization of impurities present in EBN. This investiga-
tion employed a small chamber, a red LED light source, and
a camera as the primary tools for analysis. The researchers
employed thresholding, noise reduction techniques, and flood
fill technique in order to enhance the quality of the image.
The K-Means clustering algorithm was employed to con-
duct a comprehensive analysis, separating intensity values
into background and EBN categories. The Fuzzy C-Mean
algorithm was used to detect impurities. The proposed sys-
tem demonstrates the efficacy of the K-Means algorithm in
identifying impurities of varying sizes. However, it encoun-
ters difficulties in accurately detecting tiny impurities and
exhibits a tendency to misclassify holes. In general, the
K-Means method exhibits its capacity to effectively detect
impurity locations in the context of 2D image segmentation.

In their study, Yee et al. [65] employed an image
fusion-based segmentation algorithm for detecting impuri-
ties in EBN. The researchers enhanced optical clarity and
achieved consistency by implementing a low-angle blue
diffused and red-diffused backlight. The method employs
two images for each EBN, captured under different light-
ing settings. Before combining the two images to get the
final image, two pre-processing procedures were performed
simultaneously, which involved segmenting impurities and
EBN area from the background. The detection of impuri-
ties became visible as dark regions on the final image after
applying the threshold value. The findings indicate a true
positive/recall rate of 93.39%, a precision rate of 71.17%, and
a false-negative detection rate of 4.8%. However, the study
has a significant misclassification rate of 32.25%. The result
can be attributed to detection errors arising from the presence
of non-uniform EBN intensities. Moreover, several impurities
that are misclassified as impurities by the system are in fact
dark topographies, holes, shadows, and EBN salivary strands.

The research conducted by Yeo and Yen [66] aims to
enhance the detection of impurities in the inhomogeneous
intensity of EBN. This was achieved by applying the U-Net
deep learning model and a hybrid auto-encoder model. The
study suggests that the complexities arising from inconsisten-
cies in the shape, density, and thickness of the EBN contribute
to increased complexity in image processing and analysis of
this structure. The U-Net model demonstrates its capability
to analyze inhomogeneous EBN pictures. The U-Net model
underwent reinitialization and training with enhanced hyper-
parameters. The observed misclassification false-positive rate
was improved at 10.08% compared to 32.25% in previous
study.

The anomaly detection technique developed by Yeo and
Yen [60] employed a hybrid autoencoder and a single convo-
lutional layer classifier to identify EBN contaminants. This
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study examines the presence of foreign substances, such as
non-white dirt and other contaminants that have comparable
color or intensity with the edible bird’s nest (EBN). The train-
ing process involved utilizing a hybrid autoencoder model
to replicate the non-impurity areas inside the EBN images,
specifically for impurities segmentation. Additionally, a sin-
gle convolutional layer classifier was used and trained to
detect impurities. The model demonstrated a detection rate
of over 92% for impurities and an undetected rate of 5.63%.
Notably, the model successfully recognized impurities with a
size smaller than 0.20mm.

Based on the specifications outlined in the Malaysian Stan-
dard Edible-Bird Nest (EBN) — Specification MS 2334:2011,
the classification of EBN into Grades I, II, and III is based on
many properties, including shape, size, level of cleanliness,
and presence of impurities [67]. EBN with less amount of
impurities will exhibit a greater value in comparison to EBN
with more impurities due to the potential deformation of the
EBN’s structure caused by the impurity removal process,
resulting in significant waste [68], [69]. Hence, impurity
detection element is important in the grading process of
EBN. The research conducted on automated grading systems
for EBN includes the detection of impurities as a crucial
stage within the feature extraction process. The HSV (hue,
saturation, value) color model was used in the research to
detect impurities present on EBN. The saturation layer is
considered the most effective layer for distinguishing the
difference between shadow and impurities due to their almost
identical color. The number of white pixels increases with
the presence of impurities in the EBN. Koay et al. [68]
developed a classification method utilizing the hybrid system
Adaptive Neuro Fuzzy Inference System (ANFIS), which
incorporates the advantages of fuzzy inference systems (FIS)
and artificial neural networks (ANNs). ANFIS is a type of
fuzzy logic system that involves the training of its parameters
applying Artificial Neural Network (ANN)-based approaches
in its fundamental form [70]. This study evaluates the per-
formance and accuracy of the ANFIS classification method
with the K-Nearest Neighbors (KNN) classifier. The study
analyses the accuracy of the system by employing several
data pre-processing techniques, including min-max normal-
ization, z-score normalization, decimal scaling, linearization,
and sigmoid function. Additionally, the researchers compared
the system’s accuracy across varying proportions of training
and testing data. The study findings indicate that the ANFIS
classification technique, in combination with Fuzzy C-Means
clustering approaches, demonstrated a higher accuracy rate
of 88.24% in classifying the grades of EBN. In comparison,
the KNN classifier, when using linearized data, achieved a
slightly lower accuracy rate of 83.27%.

Gan and Weng [71] proposed K-means based bat algorithm
clustering, a hybrid method that combines the bat algorithm
with K-means clustering to improve the accuracy and effi-
ciency of classification. This study assesses the accuracy of
the model in comparison to the standard bat algorithm (BA).
By using decimal scaled data, the standard BA classifier
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FIGURE 20. Two-stage convolutional networks detection flowchart [72].

demonstrated the accuracy rate of 80.29%, whereas the
KMBA classifier surpassed this performance by achieving a
higher accuracy rate of 85.60%. The researchers proposed the
use of a larger data set with better quality images to enhance
the accuracy.

E. AGRICULTURE

Particle and impurity detection in agriculture is fundamental
for ensuring food safety, environmental sustainability, and the
overall productivity of the agricultural sector. By implement-
ing advanced detection techniques and adhering to regulatory
standards, farmers, agricultural scientists, and regulatory
agencies can enhance agricultural practices, protect consumer
health, and support the production of high-quality and safe
food products.

The research by Rong et al. [72] used two-stage differ-
ent CNNs to detect various-sized impurities such as leaf
debris, paper scraps, plastic scraps, and metal pieces in
walnuts as shown in Figure 21 below. The first stage of
CNN completed the image segmentation while the second
CNN stage detected the impurities in walnuts images in real-
time. In the processes, detailed aspects of walnut images
were extracted from low-level layers to high-level layers
using multiscale residual fully convolutional networks and
classification approach based on convolutional networks.
Segmentation was completed by a single convolutional net-
work layer, while detection was completed by fully connected
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FIGURE 21. Structure of Wheat-V2 CNN [76].
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layers in the classification network. The algorithm was per-
formed using Visual Studio 2015 C/C++ and open source
TensorFlow calculation software library. The method has
achieved 99.4% accuracy to segment the object regions
in the test images, 96.5% accuracy to classify the for-
eign objects in the validation images and 100.0% accuracy
on the detection in test images. The processing times for
segmentation and detection of each image were less than
60ms. This method however is limited to a single channel
with one camera in the visible light imaging environment,
thus additional image views of the samples and different
waveband images should be obtained for more accurate
results.

Sharma and Sawant [73], Vithu et al. [74] and
Shen et al. [75], [76] have studied about the impu-
rity and quality detections in wheat and rice grains. Sharma
and Sawant used image processing algorithm on rice and
grain samples using MATLAB and applied Neural Net-
work (NN) classifier to categorize the samples into good,
bad and medium quality [73]. The findings show that the
system is fully automated, cost effective, reliable and less
time-consuming. Vithu et al. have applied color machine
vision system and multi-class support vector machine (SVM)
classifier to identify dockage in paddy [74]. The algorithm
measured five morphological and nine color features from
the image acquired by the system and managed to achieve up
to 90.5% accuracy. This system is found to be rapid, nonde-
structive and can be used at commercial level. In detecting
impurities in wheat, Shen et al. have applied an improved
neural network called WheNet [75]. In image pre-processing
phase, Wiener filtering algorithm and the multi-scale Retinex
re-enhancement algorithm were applied to reduce influence
of motion, shading and differences in light, for classifying
and labelling the images. To identify the impurities, the
researchers applied CNN by improving and optimizing the
network research, Inception_v3 using Adam optimization
algorithm before developing WheNet. The findings show
that WheNet achieved the most efficient result where it gave
shorter training time of 11h, with 99.29% average accuracy,
higher mean values for AUC (0.975) and higher recall rate of
98.0%. Shen et al. have then improved the previous study by
applying hybrid method to detect impurities in wheat [76].
The detection of impurities in the study applied terahertz
spectral imaging and CNN. The spectral characteristics of
wheat, wheat husk, wheat straw, wheat grain, weed and lady-
bugs within the range of 0.2-1.6 THz were studied using THz
spectral imaging and the corresponding frequency-domain
spectra were obtained using Fourier transformation. This
method performs the detection by analyzing the time-domain
waveform, frequency-domain curve, absorption coefficient,
refractive index, and imaging characteristics of samples at
different frequencies in the band of 0.2-1.6 THz. Novel
Wheat-V2 CNN was designed to extract the data and infor-
mation regarding spectral imaging features. Figure 21 shows
the structure of Wheat-V2 CNN. The results show that the
designed Wheat-V2 model can recognize the impurities in
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wheat images effectively with a high recognition average
accuracy of 98.07%.

The research by Chen et al. [77] uses hybrid method of
Genetic Algorithm and Support Vector Machine (SVM) to
detect kernel-like impurities (KLIs) for wheat quality evalu-
ation. Three methods, genetic algorithm (GA)/support vector
machine (SVM), principal components analysis (PCA)/SVM
and linear discriminant analysis (LDA) were applied for fea-
ture selection and classification. The performance of pairings
was compared, and it is found that GA/SVM achieved out-
standing accuracy of 99.34%. This method is found to be
feasible to extract a small quantity of useful features without
any extra image or data processing for online KLI classifica-
tion and only two useful features are enough for online wheat
classification.

F. PHARMACEUTICAL

Particle and impurity detection is a vital aspect of the pharma-
ceutical industry that focuses on ensuring the safety, quality,
and efficacy of the products. In the pharmaceutical man-
ufacturing process, it is essential to identify and monitor
the presence of any foreign particles or impurities that may
affect the purity or integrity of the final product. Particle
and impurity detection plays a crucial role in pharmaceutical
regulatory compliance as well. Compliance with the regula-
tions ensures that medications meet the required standards of
safety, efficacy, and quality, providing assurance to healthcare
professionals and patients alike.

The study conducted by Kragh et al. [78] aims to detect
impurities for cylindrical transparent containers by employ-
ing camera as well as MATLAB image acquisition and
processing to acquire the images. The radius of each particle
was measured using angular frequency to approximate its
position within the container. In this study, a simple algorithm
in MATLAB has been used that enabled the system to deter-
mine whether the particle is inside or outside by comparing
the radius of the particles location. The result indicates that
the particle detection was 85% accurate.

In the study conducted by Ge et al. [79] an advanced
method of Extreme Learning Machine called Online Sequen-
tial Extreme Learning Machine (OS-ELM) has been used
to detect impurities automatically for ampoule injection.
To realize the detection process, the ampoules were passed
through the high-speed rotating station (HSRS) and moved
into the abruptly stopping station (ASS) of the inspec-
tion system. The image acquisition was done with CCD
camera. As a foreign particle judging criterion, the mov-
ing trajectory of the target was constructed using spa-
tial information, such as the centroid’s coordinates. Area,
mean grey value, geometric invariant moments, and wavelet
packet energy spectrum were employed in supervised learn-
ing to predict and classify the type of foreign particles.
The results of this study show that the method obtained
excellent accuracy of 95.5% and repeatability in foreign
particle detection and classification, and it was extremely
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TABLE 2. Al methods in particle and impurity detection for different applications.

Reference Industry Application Method Results
Zhu et al. Biomedical To detect particle for single Hough Transforms Average accuracy=89%
[34] particle analysis. False negative rate=11%
False positive rate=26%
Sierra et al. Medical To remove dust particles on Conjunction OR AND operation The method was robust and fast but
[3] retinal fundus cameras. using MATLAB code artifacts with low contrast were not
detected.
Rossi et al. Biomedical To track the particles on General defocusing particles Evaluation time of about one second.
[35] microfluidic devices. tracking (GDPT)
Geetal. [36] Medical To detect particle of complex Convolutional Neural Network ResNet2Ls outperform three non-
images for industrial workpiece ~ (CNN) learning-based methods and it was
or medical image. difficult to detect macroparticles sized
over 50 pixels in diameter.
Ritter et al. Biomedical To detect particle in fluorescent ~ Deconvolution Network, DetNet Performance gives state-of-the-art
[37] microscopy images of live results or improves the results compared
cells. to classical methods, SEF-GF
Spilger et al. Biomedical To detect 3D particle in 3D Density Map DetNet 3D The approach gives better performance
[39] fluorescence microscopy than previous methods.
images.
Geetal. [40]  Medical To detect visible foreign Pulse-Coupled Neural Networks Correct detection rate of 99.1%
particles in glucose or sodium
chloride injection liquids.
Oliveira et al.  Biomedical To detect particle on electron Multi-classifiers Average accuracy=89.64%
[41] microscopy (EM) micrographs. False positive=4.28
False negative=6.81
Dreisbach et Biomedical To track particle in defocusing Neural networks and synthetic Detection rate for this method increases
al. [42] and particle tracking velocimetry training data refinement and false positive rate is reduced.
Sax [43] (DPTV).
Oh and Electronics To detect particle for LabVIEW Comparable result with manual system.
Christenson Rutherford backscattering
[44] (RBS).
Cowley etal.  Power To detect and track impurity for ~ Robust Impurity Detector and Classification accuracy=65-100%
[45] tokamak camera. Tracker (RIDAT) algorithm
Huang et al. Food and To detect impurity in Fuzzy C-Means clustering Recognition rate=99%
[49] Beverages transparent liquid.
Fuetal. [9] Food and To detect melamine in milk Spectral similarity analysis and NIR ~ Melamine contamination can be
Beverages powder. hyperspectral imaging techniques detected using the combination methods.
Albers et al. Food and To detect the smallest Inverse synthetic aperture radar Target can be clearly detected as a
[4, 50] and Beverages impurities inside and on the (ISAR) technology strong backscatter signal in ISAR
Peichl et al. surface of sugar heap. images.
[51]
Nunes et al. Food and To visually inspect the flour IMAQ Vision for LabVIEW System capable to detect the undesirable
[52] Beverages quality automatically based on particles using digital image processing
number of particles detected. techniques.
Heetal. [53] Food and To detect impurity in bottles CNN with gallery-guided graph F1 score =75.52%
Beverages used in wine industry architecture and region proposals.
Goh et. al EBN To characterize EBN impurity K-Means clustering algorithm Accuracy of Fuzzy C-Means is as same
[64] size. as K-Means, but false detection rate is
higher.
Yee et. al EBN To detect EBN impurities. Optical segmentation and image True positive/recall rate=93.39%
[65] fusion algorithm.
Yeoand Yen EBN To detect EBN impurities. a)  U-Net deep learning model Accuracy=96.69%
[60, 66] and hybrid autoencoder model
b)  Hybrid autoencoder and single =~ Detection rate=92%
convolutional layer classifier
Koay et al. EBN Automated grading system for Adaptive Neuro Fuzzy Inference Accuracy=_88.24%
[68] EBN. System (ANFIS)
Gan and Lai EBN Automated grading system for Bat algorithm clustering based on Accuracy=85.60%
[71] EBN. K-means (KMBA)
Rong et al. Agriculture To detect various-sized Two-stage different convolutional Accuracy=100%.0
[72] impurities in walnuts. neural networks (CNN)
Sharma and Agriculture Quality classification. Neural Network (NN) classifier The system is fully automated, cost
Sawant [73] effective, reliable and less time
consuming.
Vithu et al. Agriculture To identify dockage in paddy. Multi-class support vector machine Accuracy=90.5%
[74] (SVM)
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accurate in differentiating air bubbles from glass chips with a
99.83% accuracy.

The summary for AI methods used in particle and impurity
detection for different types of applications and industries is
shown in Table 2.

IV. ARTIFICIAL INTELLIGENCE APPLICATION IN
PARTICLE AND IMPURITY REMOVAL

Removal of particles and impurities is important in most
products and industries. As for electronics industry, the
advancements in current technology have made impurities
removal crucial to ensure the high yield of electronic compo-
nents manufacturing [80]. The presence of unwanted particles
or impurities during the manufacturing process of any product
will contribute to product damage, lower product quality and
even health risk if it is related to humans. Traditional methods
for particle and impurity removal often rely on human oper-
ators, rule-based systems, or predefined algorithms. These
approaches have limitations in adaptability, and robustness,
as they struggle to handle complex and dynamic environ-
ments. Al techniques offer a promising solution to overcome
these challenges and enhance the efficiency and effectiveness
of these processes.

The work conducted by Subramaniam et al. [§1] examines
the processing of EBN impurities using machine vision and
a robotic arm. An image processing algorithm was applied
to identify dirt in the image acquired using machine vision
techniques. The implementation of image extraction tech-
niques of the RGB color plane was employed to capture
and assess the dirt location. The LabVIEW vision blocks
technique was utilized to analyze particles falling between
the size range of 0.04mm? to 0.60mm?” to ascertain their
respective coordinates. The mechanical element of the device
used an industrial six-axis-robotic arm. The end effector was
designed specifically to employ suction operation through a
Imm-diameter sharp nozzle to remove particles with dimen-
sions of up to 0.04mm?. The precision of the end effector
was determined to be 0.0lmm. The system configuration
for the EBN processing prototype described in the study
is shown in Figure 22. The findings of this study indicate
that, on average, 80% of dirt was successfully removed. The
researchers acknowledged the constraints of the study, specif-
ically regarding the image processing component’s ability to
handle only two-dimensional images and the requirement for
the EBN samples to have a minimal thickness, not exceeding
2mm.

Qing et al. [82] proposed case-based reasoning and case
retrieval algorithm for rice and wheat combined harvester
aimed to improve the cleaning loss rate and impurity rate.
The system used air flow to remove both light and heavy
impurities in rice and wheat. The sensor system was used
to collect control quality values and the input was sent to
the controller. By applying the case-based reasoning, clean-
ing condition parameters were used as control parameters
to provide desired cleaning impurity rate and cleaning loss
rate. This web-based system enables the users to search
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FIGURE 22. The configuration of the system for the EBN processing.

current cleaning conditions in the problem description part,
and case-based reasoning system recalls the cleaning control
cases that fit the current problem using similarity calcula-
tions. The overall system learns from the previous case to
execute the cleaning control scheme. The study has verified
that the case-based reasoning system’s effectiveness could
optimize the cleaning control parameters compared to human
operator process.

Most of the previous research has been limited to the
detection of particles and impurities using Al methods. There
is a lack of studies on the application of Al for particle and
impurity removal, which creates a potential for additional
research in this field.

V. CONCLUSION

Particle and impurity detection plays an important part in
various industries and scientific fields. By employing the
Al techniques, its subsets and other analytical methods,
automated systems can efficiently detect, analyze, classify,
and process the particles or impurities, providing valuable
insights for quality control and ensuring the integrity of
materials and products. The continuous progress in imaging
technologies and Al algorithms is consistently improving
the accuracy and efficiency of particle detection systems.
This progress is essential in facilitating the development of
products and materials that are safer, more environmentally
friendly, and of superior quality across many industries.
A concise overview was provided in this paper about the
background context of particle and impurity detection, pro-
cessing, and Al methods. This study also examines the
research trend in order to offer insights into the present
state of research regarding this topic. A thorough review has
been done on machine-learning techniques applied for the
detection of particles and impurities across several industrial
sectors. This work is believed to be a useful supplement to the
existing literature on object detection, as it particularly exam-
ines the application of Al methods in the context of particle
and impurity detection. This review will provide a basis for
researchers who are interested in this topic, encouraging them
to explore new research avenues.
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