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Abstract: Accurate measurement of bean particle size is essential for automated grading and quality control in agricultural processing. However,

existing image segmentation methods often suffer from low efficiency, over-segmentation, and high computational cost. We proposed a distance-

gradient dual constrained watershed algorithm for precise segmentation and measurement of bean particles. The method integrated distance

transform-based seed extraction with gradient-constrained flooding, effectively suppressing noise-induced region fragmentation and improving

the separation of adherent particles. An experimental platform was constructed using an industrial camera and an image -processing pipeline to

evaluate performance. Compared with the conventional watershed algorithm, the proposed method improves segmentation accuracy by 7.2 %

and reduces the mean particle size error by 27.8% (0.13 mm, representing a relative error of 2.4 %) . Validation on three soybean varieties

confirmed the robustness and generalizability of the approach. The results indicated that the proposed algorithm provided an efficient and accurate

technique for agricultural particle size analysis, offering potential for integration into practical low-cost inspection systems.

Key words: distance-gradient dual constraint watershed algorithm; machine vision inspection system; particle size sorting; precision

agriculture; metrology

0 Introduction

Accurate particle size measurement is essential for both
industrial and agricultural applications, serving as a key
indicator in quality control and process optimization'. In
legume processing, inconsistent grain sizes can lead to
higher energy consumption, reduced operational efficiency,

1 Traditional methods, such as

and lower product quality
manual sieving and threshold-based image processing,
suffer from low efficiency, operator dependency, and
limited adaptability under dynamic conditions'™.

Recent advances in machine vision and image processing
have facilitated the development of non-contact and
automated sizing systems'’. Among these, the watershed
algorithm 1s widely applied due to its strong boundary
detection capabilities””. However, it remains prone to over-
segmentation and demands careful initialization'®. Wang et
al.™ improved segmentation accuracy by enhancing the
watershed approach, but its reliance on gradient
information made it susceptible to excessive segmentation.
Deep learning-based methods such as Mask R-CNN can

achieve high accuracy®™, but they require substantial

computational resources and large annotated datasets,
which restrict their applicability in resource-limited
environments.

A key challenge in particle metrology is the development
of robust, low-cost, and high-precision measurement
systems capable of real-time operation”. Previous studies,

[10]

including the work published in Heliyon'", primarily
addressed distance-map reconstruction to enhance
watershed segmentation. However, this approach did not
adequately incorporate gradient-based boundary constraints
or real-time performance considerations.

Within the domain of dual-constrained or hybrid image
segmentation, several studies have demonstrated the
potential to handle complex, clustered objects. However,
their application to agricultural particle metrology continues
to face practical challenges. For instance, adaptive seed-
marking and morphology-guided watershed variants have
been successfully applied to blasted-rock and other granular
imagery, yielding improved seed placement and reduced
noise sensitivity"". Nonetheless, these approaches typically
rely on multiple preprocessing stages and iterative
refinements, which hinder their deployment in real-time
scenarios using low-cost hardware.

© The Author(s) 2025. Published by Publishing Center of North University of China. The articles published in this open access journal are distributed under the terms of the
Creative Commons Attribution 4.0 International License (http://creativecommons. org/licenses/by/4.0/), which permits use, distribution and reproduction in any medium,

provided the original work is properly cited.
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Hybrid frameworks that combine edge- and region-
based cues with post-segmentation merging, long
over-segmentation, often

investigated to mitigate

increase computational overhead or introduce additional

02 In related biomedical

heuristic merging parameters
and cell-clustering applications, recent methods that pair
marker-controlled watershed with learned boundary
predictors or lightweight CNN modules have achieved
state-of-the-art separation for densely packed objects.
However, these approaches rely on annotated datasets
and GPU acceleration, which limit their deployment in
resource-constrained agricultural environments'?.
More recently, distance-map reconstruction and
improved distance-transform-based watershed variants
have been proposed to enhance seed estimation and
reduce fragmentation. Nonetheless, these methods often
omit explicit gradient-based flooding control and rarely
report real-time performance metrics relevant to online
sorting applications.

At the technical level, existing segmentation algorithms
exhibit limited effectiveness in identifying approaching

and dynamic detection accuracy remains
t[li,lS]

particles,

insufficien . The system’s performance is heavily
dependent on hardware capabilities, making it difficult to
[16,17]

balance accuracy with cost'"'". At the application level,
data-driven optimization of particle size thresholds is still
underdeveloped, and effective integration between
detection results and downstream processes such as seeding
and sorting remains insufficient"*""",

To address these challenges, we proposed a distance-
gradient dual-constrained watershed algorithm, which
integrated distance transform-based seed labeling with
gradient-controlled flooding. This strategy effectively
suppressed over-segmentation and enhances boundary
preservation in densely packed particles. Furthermore, a
low-cost, real-time machine vision system was
developed to support quantitative extraction of multiple
morphological parameters. Compared with conventional
watershed segmentation, the proposed method improves
segmentation accuracy by over 7% and reduces particle

size measurement error by nearly 30%}.

1 Material and method

1.1 Experimental material

In this experiment, three types of soybeans were used:

Northeastern soybeans obtained from an online
platform, and black and green soybeans purchased from
Anhui

Province. The Northeastern variety features uniform

a local farmers’ market in Huaibei City,

grain shape, while the black and green soybeans reflect

regional diversity, enhancing experimental
generalizability.

The experimental setups include an industrial camera
(HSK-200W) , a Hikvon surface light source (MV-LBSS-
120-120-W) , a fixed lens bracket, and a host computer
with Intel® Core™ i5-12400 CPU and NVIDIA RTX
4080 GPU (16 GB RAM) , running Windows 10. Python
3.9 and OpenCV are used for image acquisition and
processing (Fig.1). The HSK-200W camera provides 2-
megapixel RGB imaging with stable performance and
manual exposure/focus adjustment, suitable for fine

particle analysis at low cost.

=i |

(b) Industrial camera HSK-200W

a) Photoaraphs of experimental equipment

ﬁ/lmluslrial camera (HSK-200W)

Be:

ans X
:// > Hikvon industrial surface lighting
board

rakcet

(¢) Schematic diagram of experimental equipment (d) Hikvision light source board

Fig. 1 Experimental equipment

1.2 System architecture

The proposed system integrates front-end acquisition
and back-end analysis (Fig.2) . Images are captured by the
industrial camera and displayed in a PyQt-based GUI.
Preprocessing includes grayscale conversion, denoising and
enhancement. The algorithmic flow covers segmentation,
watershed optimization, and feature extraction. The closed-
loop design supports acquisition,  visualization,
measurement, and data export, ensuring scalability and
applicability to agricultural seed analysis.

The core innovation lies in the synergistic integration
of distance transform and gradient map constraints. The
distance transform provides global, high-level shape

information to generate robust internal markers,
effectively controlling the number of segments and
suppressing  over-segmentation. Concurrently, the
gradient map offers local, precise edge information to
rigorously constrain the flooding process, ensuring that
the resulting boundaries accurately align with the actual
physical contours of the particles. This dual constraint
mechanism fundamentally resolves the main drawbacks
of the traditional watershed algorithm, namely its

susceptibility to noise and the tendency to cause
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excessive segmentation, as shown in Fig.3.
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Fig. 3 Watershed optimisation algorithm with distance—gradient dual constraints

1.3 Image acquisition and pre-processing

Soybeans were evenly spread on the light plate to avoid
overlap. The camera was mounted vertically with resolution
fixed at 648 pixel X480 pixel. Illumination intensity,
exposure, and contrast were adjusted for clarity, and
images were transmitted to the host computer.

For noise reduction, Gaussian filtering was employed,
as it provides smooth denoising while preserving edges,
thereby ensuring robustness under uneven illumination.
20]

Following smoothing, the K-means clustering algorithm!

was employed to segment the image into foreground and

background.

In this context, let the image contain n pixels, where
each pixel is represented by a feature vector x,€ R,
defined by its grayscale intensity or color components.
The objective function that the K-means algorithm seeks
to minimize is defined as"*"

n k
J=2>7

i=1j=1

2

; ey

T

where r,€{0,1} indicates whether pixel x; is assigned to
the jth clustering centre g;, and % is the number of clustering

centres (2 representing foreground and background,
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respectively) . K-means algorithm is shown in Fig.4.
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Fig.4 Demonstration of K-means algorithm

1.4 Watershed optimisation algorithm based on
distance-gradient double constraints

To clearly illustrate the implementation of the
proposed distance-gradient dual-constrained watershed
algorithm®*!,  Algorithm 1 outlines the complete

computational procedure, from original image input to

final granularity parameter output.

The algorithm
achieves high-precision segmentation of soybean grains
through five key stages.

1) Image preprocessing employs Gaussian filtering and
K-means clustering to generate a high-quality binary image.

2) Distance-constrained processing extracts accurate
seed markers using Euclidean distance transformation
and non-maximum suppression.

3) Gradient-constrained processing applies the Sobel
operator to construct a boundary-sensitive gradient
topography.

4) The dual-constrained watershed stage integrates
distance and gradient information to achieve precise
segmentation.

5) Post-processing extracts key granularity parameters
through area filtering and ellipse fitting.

Algorithm 1 Distance-Gradient Dual Constraint Watershed Algorithm
Input: Raw RGB image I

Output: Segmentation label map L., Set of granularity parameters P

1: //Phase 1: Image pre-processing

2: I, = RGB2Gray(I); //Convert to grayscale

3: 1 = GaussianFilter (1, ,0=1.5); //Gaussian filter denoising

4t Byjyuy = KmeansSegmentation( 1,4, k= 2); //K-Means binarization
5://Phase 2: Distance constraint processing

smooth

6: D= EuclideanDistanceTransform( By, ); //Compute Euclidean
distance transform

7: S=(J; //Initialize seed points set

8:  for each piexl position (x, y) in By, do

9: if (D(,5)> 7y AND ((x, y) is local maximum of D)) then

10: S:SU{(I y)}; //Filter seeds based on diatance
threshold and NMS

11: end if

12: end for

13: M= MorphologicalDilation(S,r=3); //Generate  connected

labeled regions

14://Phase 3: Gradient constraint processing

15: G = SobelGradient (1., ); //Compute Sobel gradient magnitude

16: G o = Normalize( G ); //Normalize gradient map

17: //Phase 4: Dual-constraint watershed segmentation

18: L = WatershedSegmentation( G, .., M ); //Watershed with gradient
as topography and markers as sources

19: //Phase 5: Post-processing and parameter extraction

20: L jyerea = AreaFiltering (L, A, = 10); //Remove small regions by
area filtering

norm?

21: P=(J; //Initialize parameters set

22: for each connected region R; in L e,eq dO
23: contour; = FindContour (R, );
24: A, = CalculateArea(R,);
/ﬁq ‘ , .
25: D= I X s; //Calculate equivalent diameter, s is scale
factor
26: L L

= EllipseFitting (contour;); //Ellipse fitting for

majors

major/minor axes

minor

27: P:PU{(Deq?I‘maj()r’I‘mmOY’Ai>};
28: end for
29: Return L., P

The core innovation lies in the synergistic dual-
constraint mechanism, which leverages the distance

transform for accurate region counting and the gradient

map for precise boundary localization.

1.4.1 Distance transformation and seed point generation
The Euclidean distance transform is applied to the
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preprocessed binary image B(x,y) to generate the distance

map D(z,y), which is mathematically defined as

D(x,y): min /(x*u)2*<y*v)2, (2)

(u,v")en,

where (2, denotes the set of background pixel
points, B(x, y) =1 is the foreground pixel point, and
D(x,y) is the Euclidean distance from that pixel point to
the nearest background pixel. Marker points, which
correspond to the centers of particles, are extracted by
identifying the local maxima of D(x, y) and applying

morphological operations. These marker points serve as

To extract valid watershed seed points, a distance
threshold 7, (set to 7,->10 pixels in this experiment) was
first applied to filter out spurious
8-neighborhood
suppression (NMS) ' is performed to retain local

maxima as candidate seeds, forming the set
S={s|D(s)=D(s5).YjeN(s.)}. 3)

where N,(5,) denotes the set of neighboring pixels
around s,.

edge peaks.

Subsequently, an non-maximum

Morphological dilation with a radius r=
3 pixels (used in this experiment) was then applied to S
to generate a connected labeled domain M(x,y), thereby

the initial seed locations (source points) for the preventing over-segmentation caused by discrete seed
subsequent watershed segmentation algorithm. points, as shown in Fig.5.
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Fig.5 Distance transformation

1.4.2 Watershed segmentation based on gradient map

In the classical watershed algorithm, an image gradient
map 1s used to simulate topography and regulate the
flooding process. In this study, the Sobel operator”” was
employed to compute the gradient image G(x,y), which,
together with the generated foreground marker map, was
input into the watershed algorithm. The marker map serves
as the “source points” to enforce controlled flooding
initiation, thereby preventing over-segmentation caused by
uncontrolled flooding.

The gradient magnitude G(x, y) at each pixel is
computed using the Sobel operator.

al * oo ’
G(a,y)= (EM(X)KI) +(ay®1<y) . @)

—1 0 1
where K,=|—2 0 2|and K,=K," represent the
—1 0 1

horizontal and vertical Sobel convolution kernels,

respectively, and I(z, y) denotes the original grayscale
image.

The gradient field produces high-amplitude ridges at
particle boundaries, providing topographical constraints
for the watershed algorithm, as shown in Fig.6.

The resulting gradient map effectively highlights
intensity transitions at object boundaries, which are used to
constrain  the

flooding process during watershed

segmentation.

Classical watershed segmentation can be formulated
as an optimization problem that minimizes the total
gradient along the region boundaries. The objective is to
find a set of segmented regions { R, } that satisfies””
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minz z G(I,y>, (5)
i

(R
) z,y)edR,

where dR, denotes the boundary of region R;, and the
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goal is to minimize the cumulative gradient magnitude
along these boundaries, thereby aligning segmentation
lines closely with actual object contours.
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Fig. 6 Demonstration of gradient diagram

1.4.3 Jointdistance-gradient constrained watershed

To integrate distance-based seed priors with gradient-
based flooding regulation, we define a joint energy
functional as

B.= 2 G(I,y), (6)
(w.y)edR,
R= > ¢(D(x.y).M(z.y)), (7)
(x,y)eIR
E({R.}))=a:B,+ B8R, (®)

where B, enforces edge adherence via gradient constraints,

R, ensures consistency with distance-transform seeds,
gp(D(I,y),M(I,y)) is an indicator function that

encourages flooding expansion outward from marker
regions M(x,y), « and S balance edge fidelity and seed
guidance.

Minimization of Egs. (6 —8) corresponds to a marker-
controlled watershed, where flooding is initiated at seed
points from the distance transform and constrained by the
gradient field. This dual-constraint strategy prevents
over-segmentation and ensures particle boundaries
closely match true contours.

1.4.4  Contour optimisation and particle size extraction

Post-processing  removes

spurious  regions by

enforcing a minimum area criterion.
A>Au, 1=1,2,--+,N, )
A, =10 pixels. For

morphological features are extracted.

where each valid contour,

The equivalent diameter is calculated by

4A
D, = . (10)

s

[28

The lengths of the major and minor axes™ are derived

from ellipse fitting as
L jor = max (a,b)es,Lyww=min(a,b)s. (11)

The physical area in square millimeters is determined by

An1n1l:A.‘$2’ (12)
where s is the pixel-to-physical scale factor (unit is
mm/pixel) .

2 Results

2.1 Performance evaluation of segmentation
algorithm

We rigorously evaluated the efficacy of the proposed
distance-gradient dual-constrained watershed algorithm,
focusing primarily on its ability to accurately segment
adjacent and contacting particles—one of the key challenges
in granular image analysis.

To assess the practical performance of K-means
clustering in segmenting bean particles, comparative
experiments were conducted using both the Otsu
thresholding method and the K-means clustering algorithm
on the same batch of bean images. The evaluation metrics
included segmentation accuracy (Accuracy) , intersection

over union (IoU), and edge preservation rate (EPR).
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Representative results are shown in Table 1.

Table 1 Comparative analysis of segmentation effects

Segmentation Edge preservation

Method ' IoU .
o ;wcuracy/% © retention/ %
Otsu 85.40 0.73 78.60
K-means 93.80 0.84 87.30

Fig. 7 systematically presents the outputs of the

proposed algorithm using three representative samples of

@
Northeastern bean ) G
‘O
[
[ J
Black bean ...
®
%%
Green bean ‘

(a) Original

(b) Kmeans binarisation (¢) Distance transformation (d) Gradient map

different bean varieties. The first row shows the original
RGB images,
particles. The second row presents the K-means pre-

highlighting the initial adhesion among
segmentation results, which effectively separate the
foreground beans from the background with high
contrast and minimal noise, thus providing a clean binary

image for subsequent processing.

Q%

o o

(e) Segmentation resulls

Fig.7 Algorithm flow visualisation

The third and fourth rows display the core components
of the dual-constraint mechanism: the distance transform
map and the gradient map, respectively. The distance
map identifies the centroid regions of each particle
(bright areas) , while the gradient map emphasizes the
high-frequency boundary information between particles.
The final row shows the segmentation results, where the
boundaries of individual beans are accurately delineated
and marked in distinct colors. Fig. 7 demonstrates that
the proposed algorithm handles particles of varying sizes
and colors effectively, and more importantly, resolves
adhesion issues with high precision.

Fig. 8 provides a detailed close-up view of the
segmentation process for a complex cluster of adhering

particles.

(a) Adhesions (b) Triple adhesions

(¢) Multiple adhesions
Fig. 8 Close-up view of segmentation of adherent particles

It compares the pre-segmentation image with the final

result, clearly demonstrating how the algorithm

successfully partitions contacting particles without
under-segmentation (merging multiple particles into
one) or over-segmentation (dividing one particle into
multiple regions) .

As shown in Table 2, the proposed algorithm reduced
over-segmentation by 63.5% (from 8.5% to 3.1%)
through morphological reconstruction and gradient
correction. In contrast, the edge detection method
exhibited boundary fragmentation with an 11.3% over-
segmentation rate, while Otsu’ s thresholding produced
a higher rate of 15.6%. For the measurement of particle
size, the proposed method reduces the average error to
0.13 mm. Compared to the standard watershed
algorithm, this improvement reaches 27.8% . This is due
to the enhanced edge fidelity, which reduces the
influence of segmentation artifacts on the size estimation.

Table 2 Segmentation effect of different algorithms

Algorithm Segmentation ()vgrsplil Average
accuracy/ %  ration/%  error/mm
Otsu threshold algorithm 82.30 15.60 0.27
Edge detection 85.70 11.30 0.21
Standard watershed algorithm 89.60 8.50 0.18
Algorithms in this study 96.80 3.10 0.13

2.2 Multi-species particle size characterisation

Tables 3—5 present the major dimensional parameters of
the three primary cultivars, forming a morphological
database that highlights the distinctions among varieties.

According to the Tables 3—5, the following conclusions
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Table 3  Statistical characteristics of northeastern soybean
particle size

Equivalent  Area/ Perimeter/ Longaxis/ Shortaxis/
Norm . 5
diameter/mm _mm mm mm mm
Average 6.28 31.06 23.85 6.60 6.10
Standard 0.32 3.17 1.77 0.35 0.33
Min 5.71 25.60 20.25 5.94 5.49
Max 7.07 39.25 28.69 7.32 6.88

Table 4 Statistical characteristics of black soybean particle size

Equivalent  Area/ Perimeter/ Longaxis/ Shortaxis/
Norm . 2
diameter/mm mm”* mm mm mm
Average 6.81 36.55 23.08 7.15 6.56
Standard 0.38 4.04 1.46 0.49 0.41
Min 5.76 26.07 19.19 5.99 5.59
Max 7.49 44.09 26.10 8.22 7.22

Table 5 Statistical characteristics of green soybean particle size

Equivalent  Area/ Perimeter/ ILongaxi/ Shortaxis/

Norm . 9
diameter/mm mm” mm mm mm
Average 8.23 53.36 30.65 8.72 7.84
Standard 0.52 6.86 2.68 0.68 0.46
Min 7.36 42.53 25.90 7.65 6.89
Max 9.52 71.2 36.34 10.93 9.28

can be obtained. 1) The equivalent diameter exhibited
significant varietal differences. Green soybean ((8.234+

0.52) mm) >Black soybean ((6.81+0.38) mm) >
Northeastern soybean ((6.284-0.32) mm) (»<C0.01).
2) The aspect ratio (major axis/minor axis) follows the
order: Green soybean (1.11) , Black soybean (1.09) , and
Northeastern soybean (1.08) , suggesting that more widely
adapted varieties tend to exhibit greater morphological
irregularity. 3) The coefficient of variation for particle area
is highest in Green soybean (12.86%) , followed by Black
soybean (11.05%) and Northeastern soybean (10.21%) .

These findings provide a quantitative basis for the

design of sieve apertures in particle classification.

2.3 Metrological validation of measurement
accuracy

To validate the metrological precision of the vision
system, a manual verification was conducted using a
precision vernier caliper. As shown in Table 6, the
system’ s measurements of the major and minor axes for
randomly selected seeds from each variety are in

excellent agreement with the manual measurements.

Table 6 Comparison of bean seed measurements

. Measuring short Measuring long  Detection of short Detection of long Average
Variety Measurement number . . . .
axis/mm axis/mm axis/mm axis /mm error/ %%
1 6.64 6.94 6.67 6.90 0.52
Northeastern sovbean 2 6.50 6.78 6.33 6.68 2.05
ST oyDed 3 6.42 6.58 6.38 6.62 0.61
Average 6.52 6.77 6.46 6.73 1.06
1 6.54 6.74 6.43 6.83 1.51
2 7.34 7.60 7.15 7.75 2.42
Black soybean 3 7.08 7.28 6.91 7.17 1.96
Average 6.99 7.21 6.83 7.25 1.96
1 7.68 8.24 7.59 8.12 1.32
Green sovbean 2 7.80 8.44 7.68 8.31 1.54
S0y 3 8.54 9.52 8.44 9.59 0.96
Average 8.01 8.73 7.90 8.67 1.27
Equivalent diameter relationship is shown in Fig.9.
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The average absolute errors for the major and minor axes
are exceptionally low: 0.04 mm/0.06 mm (0.59%/0.92%)
for Northeastern soybeans, 0.04 mm/0.16 mm (0.55%/
2.29%) for Black soybeans, and 0.06 mm/0.11 mm
(0.69%/1.40%) for Green soybeans. The overall average
relative error remained below 1.43%, which was well
within the acceptable range for industrial-grade particle size
analysis and confirmed the system’ s high reliability and
measurement traceability. Correlation analysis between
particle area and equivalent diameter (Fig.9a—c) yields a
regression coefficient of R?=0.962, demonstrating stable
feature extraction.

Box plots (Fig. 9d—f) show compact distributions,
particularly for Northeastern soybeans (IQR=0.41 mm) ,
which is consistent with their uniform phenotype. Outlier
rates remain below 3%, meeting the requirements specified
in the GB/T 3543-1995 seed inspection standard.

The developed detection interface is tested for usability,
as shown in Fig.10.

1 image batchansyis e - o x

Number of particles detected:

Fig. 10 System operation interface

3 Discussion

The proposed distance-gradient dual-constrained
watershed algorithm was developed based on the general
morphological and gradient characteristics of granular
materials rather than species-specific features. As a result,
the method demonstrates strong generalization capability
and can be effectively applied to a wide range of soybean
varieties as well as to other legume seeds with comparable
adhesion and surface textures. In the present study,
experiments on three soybean varieties—yellow, black,
and green—consistently yielded high segmentation accuracy
and stable particle size measurements across variations in
surface brightness, color tone, and seed distribution.

From an application perspective, the algorithm has
shown reliable performance under diverse imaging
conditions, including multi-source illumination, daylight,
artificial lighting, and desk-lamp environments. This

robustness under varying noise and lighting disturbances

underscores its practicality for real-world industrial
scenarios, particularly for low-cost machine vision systems
intended for small and medium-sized enterprises.
Although the current experiments primarily address
typical separation scenarios, it is worth noting that
heavily overlapping seed cases are uncommon in actual
processing and metrology workflows due to the use of
mechanical dispersion devices. Nevertheless,
investigating algorithmic adaptations for more complex
overlapping or cluttered scenes remains an important
which could further

enhance the system’ s applicability in dense-packing or

direction for future research,

mixed-material agricultural datasets.

4 Conclusions

The proposed distance-gradient dual-constrained
watershed algorithm achieved a segmentation accuracy
of 96.8% and a mean particle diameter error of only
0.13 mm, marking a 27.8% improvement over the
traditional watershed method. This enhancement is
attributed to two key components: (1) a distance-based
marker strategy that reduced over-segmentation to 3.1%
through morphological dilation, and (2) a gradient-
constrained flooding mechanism that improved contour
alignment (IoU: 0.84). These improvements mitigated
edge fragmentation and excessive seed generation,
outperforming previous methods by 15.6% and 8.5%.
When combined with K-means pre-segmentation, the
system exhibited strong illumination adaptability (edge
retention: 87.3% vs. Otsu’ s 78.6%), enabling real-
time performance using low-cost hardware. This makes
the system practical for small and medium-sized
enterprises.

However, challenges remain in segmenting heavily
overlapping particles and maintaining robustness under dust
interference. Future work will focus on integrating
multispectral imaging and establishing a comprehensive
particle size—quality database to support precision sorting
and sowing in agricultural applications. In addition, efforts
will be directed toward improving the segmentation
accuracy of adherent or overlapping particles, which
remains a key challenge in enhancing the robustness and
reliability of the system under complex field conditions.
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