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Introduction: Ginseng, as a precious medicinal plant, requires precise
classi cation of its seeds, which directly impacts production processes and the
stability of herbal quality. Furthermore, this classi cation plays a critical role in
advancing ginseng breeding and the modernization of the industry. Current
research indicates that systematic automated precision classi cation
technologies for ginseng seeds remain underdeveloped, necessitating
breakthroughs in technical bottlenecks.

Methods: This study innovatively proposes a smart classi cation method based
on multimodal data fusion. It employs recursive feature elimination (RFE) to
select morphological features from images, followed by competitive adaptive
reweighted sampling (CARS) to extract spectral bands from hyperspectral data
within the 350~2500 nm range. Morphological and spectral features are then
integrated to construct a random forest (RF) classi cation model optimized using
an enhanced, red-billed blue magpie optimization (RBMO) algorithm. To address
the RBMO algorithm’s tendency to converge to local optima, the hybrid
optimization framework is constructed by integrating three mechanisms: the
improved Circle chaotic map, the golden sine search strategy, and the adaptive
simulated annealing perturbation mechanism.

Results: Experimental results demonstrate that the proposed model outperforms
the baseline model RF, achieving 4.69% 4.79% 4.69 and 4.74% improvements
in classi cation accuracy, precision, recall, and Fl-score on test
datasets, respectively.
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Discussion: The established multimodal data fusion classi cation system not only
provides theoretical and technical foundations for industrial-scale ginseng seed
classi cation but also offers a transferable intelligent decision-making paradigm
for non-destructive testing in traditional Chinese medicine.

KEYWORDS

ginseng seeds, multimodal fusion, non-destructive classi cation, random forest, red-
billed blue magpie optimization algorithm

1 Introduction

Seeds are fundamental to agriculture and are often regarded as
the “chips” of modern farming. Panax ginseng C.A. Meymember
of the Araliaceous family, is a highly prized medicinal plant and a
renowned tonic herb, commonly referred to as the “King of Herbs”
(Gao and Yu, 2021) Ginseng contains ginsenosides and trace
elements that contribute to fatigue prevention, antioxidative
protection, and cancer therapy, and it plays active roles in the
treatment of cardiovascular diseases, immune disorders, and central
nervous system dysfunctions (Kang et al., 2009). China is the world’s
largest producer of ginseng, accounting for approximately 60—-70% of
the global annual output (Chen et al., 2022). Ginseng cultivation in
China is primarily concentrated in the provinces of Jilin, Liaoning,
and Heilongjiang. Due to excessive harvesting and the degradation of
suitable habitats, wild ginseng resources have become increasingly
scarce, and arti cial cultivation has become the main production
method. Currently, the seeds primarily used for Panax ginseng
cultivation include Cultivated Ginseng Seeds (CGS), Mountain
Cultivated Ginseng Seeds (MCGS), and Korean Ginseng Seeds
(KGS). In addition to these, American Ginseng Seeds (AGS)—
derived from the distinct species Panax quinquefolius—are also
prevalent in the market. Although AGS is taxonomically distinct
from Panax ginseng, it is frequently encountered in the supply chain,
sometimes acting as an adulterant or substitute for true ginseng seeds
due to market complexities. These four seed types exhibit highly
similar external appearances, making them dif cult to distinguish. In
particular, the morphological characteristics shared among CGS,
KGS, MCGS, and AGS render them virtually indistinguishable to
the naked eye. However, these seeds differ signi cantly in their
biological attributes and suitability for speci ¢ cultivation methods,
and the resulting products vary substantially in quality, yield, market
positioning, and economic value. Therefore, the precise and
nondestructive classi cation of ginseng seeds is a critical task in
ginseng production, with considerable signi cance for quality
assurance and industrial development. Although research on major
crop seeds has been widely reported, studies focusing speci cally on
ginseng seeds have only begun to emerge in recent years. A recent
study (Chen et al., 2025a)showed that hyperspectral imaging
combined with transfer learning can effectively distinguish several
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ginseng seed varieties in a nondestructive manner. This work
demonstrates that subtle spectral differences among ginseng seeds
can be captured through hyperspectral techniques and modeled using
deep networks. However, the method relies solely on hyperspectral
data and adopts a two-dimensional spectral-spatial representation,
leaving the complementary contributions of RGB morphological
features, three-dimensional spatial-spectral context, and
multimodal fusion strategies unaddressed. These gaps indicate that
the current understanding of ginseng seed characteristics remains
incomplete and that further methodological development is needed.

Conventional seed classi cation methods mainly include
morphological and chemical identi cation approaches.
Morphological identi cation involves classifying seeds based on
external traits (Zhang et al., 2007), often relying on the human eye
to assess visual characteristics. While this method can provide
satisfactory results, it also suffers from several drawbacks, such as
inconsistency in classi cation, slow processing speed, high error
rates, and signi cant labor demands (Sharma et al., 2023). Chemical
identi cation methods include uorescence scanning techniques
(Zilkey et al.,, 2024), chemical composition analysis, molecular
biology techniques such as DNA testing (Nakanishi et al., 2020),
and electrophoretic analysis (Montowska and Pospiech, 2007).
Among these, uorescence scanning, chemical pro ling, and
DNA-based methods offer high classi cation accuracy (Tang
et al., 2022); however, they are generally time-consuming,
procedurally complex, and costly. Moreover, they require skilled
personnel and sophisticated instruments, making them unsuitable
for large-scale, rapid seed identi cation (Zhang et al., 2023). Given
the limitations of these traditional methods in terms of ef ciency,
cost, and operational complexity, there is an urgent need to develop
rapid and nondestructive techniques for ginseng seed classi cation.

Traditional seed classi cation methods are often procedurally
complex and inef cient. With the advancement of computational
technologies, computer vision and spectroscopy have emerged as
effective alternatives for seed identi cation. These technologies have
been extensively applied in various domains, including crop breeding,
quality evaluation of agricultural products, and the diagnosis of plant
diseases and pests (Ambrose et al., 2016; Barreto et al., 2021; Bodor
et al,, 2023; Cui et al., 2019; Stejskal et al., 2020). The classi cation
results for different technologies are shown in Table 1, computer
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vision-based seed classi cation typically involves image processing
techniques such as binarization, color extraction, and morphological
operations to derive external features of seeds, including geometric
shape, color, and texture characteristics (Hamid et al., 2022; Li et al.,
2025; Tu et al., 2021). For instance, Barrio-Conde et al (Barrio-Conde
et al., 2023). developed an image acquisition system and employed
deep learning algorithms to classify six varieties of sun ower seeds,
achieving an accuracy of 89.5%. In another study, Wang et al (Xiaofei
et al., 2024) utilized convolutional neural networks (CNNs) to extract
features from rice seed images, followed by classi cation using a
custom-designed model named RiceFastNet, which achieved an
accuracy of 96%.

However, external morphological features are often insuf cient
to capture the intrinsic quality differences among seeds. Spectral
techniques, which collect re ectance data across a wide range of
wavelengths (Jin et al., 2022), can reveal the internal chemical
composition and physical structure of seeds (Ye et al., 2023),
providing more and detailed information for seed variety
identi cation (Huang et al., 2018; Li et al., 2020). Compared with
traditional image-based approaches, spectroscopy offers advantages
in detecting key components such as moisture, protein, and starch
content (Bai et al., 2020). Despite these strengths, hyperspectral data
are inherently high-dimensional and contain substantial redundant
information, which may increase model complexity and
computational cost, potentially degrading classi cation
performance. Therefore, selecting informative wavelengths
through feature selection and optimization algorithms has
become a critical focus in hyperspectral seed classi cation.
Representative studies in other crops have demonstrated the
effectiveness of hyperspectral and deep-learning approaches.
Zhang et al (Zhang and Yang, 2023) proposed a comparative
framework involving four deep learning models—MobileNetV3,
VGG16, GoogleNet, and Shuf eNet—for the classi cation of four
maize seed varieties. Among them, MobileNetV3 achieved the
highest accuracy of 93.4%. Zhao et al (Zhao et al., 2018). used a

TABLE 1 Classi cation results of different techniques.

Technical means Data type

10.3389/fpls.2025.1743311

hyperspectral imaging system in combination with a radial basis
function neural network (RBFNN) to classify three maize seed
types, obtaining an accuracy of 91%. Zhang et al (Zhang et al., 2019)
developed a classi cation model based on principal component
analysis (PCA) and support vector machines (SVM), achieving an
average classi cation accuracy above 95% for three varieties,
approximately 80% for four varieties, and around 66% for six
varieties. Chen et al (Chen, 2025b). applied a hybrid 3D-2DCNN
model to classify three types of pine seeds, reaching an accuracy
of 93.75%.

Single-source data such as individual images or spectral
information may overlook critical features. In contrast, multi-
feature fusion integrates information from diverse sources,
compensating for individual limitations and thereby enhancing
the classi cation capability of models. Consequently, increasing
attention has been directed toward multisource data fusion for
more accurate and robust seed classi cation. Li et al (Li et al., 2024).
extracted regions of interest from wheat varieties and utilized 3D
convolution to capture spatial and spectral features simultaneously,
along with 2D convolution for spatial and intrinsic image features.
Their method demonstrated superior classi cation performance,
achieving an accuracy of 97.92%. Zhuang et al (Zhuang et al., 2024).
combined morphological and spectral features to classify ve maize
seed varieties using a support vector machine (SVM), reaching an
accuracy of 94%. Ye et al (Ye et al., 2023). proposed a hybrid rice
seed classi cation method based on image and spectral information
fusion. This image-spectral fusion approach effectively improved
classi cation accuracy of convolutional neural networks (CNNs),
achieving 92% accuracy using a one-dimensional CNN (1D-CNN).
Due to the advantages of hyperspectral imaging combined with
conventional images—such as low cost, nondestructive Ness, ease of
operation, and strong adaptability to environmental variations—
this technique meets the practical demands for rapid,
nondestructive seed classi cation and enhances grassroots seed
management. Therefore, building on existing spectral and image-

Number of varieties
and categories

Accuracy

. - Barrio-Conde (Barrio-
0
RGB DL six sun ower seed varieties 89.5% Conde et al, 2023)
Computer Vision
RGB CNN RiceFastNet Ve rice seed varieties 96.0% Wang (Xiaofel et al.
2024)
SIMCA KNN PAC- four types of delinted cotton ) Huang (Huang et al.,
Hyperspectral LA PCA- QDA seeds 90.0% 2018)
Hyperspectral MobileNetV3 four maize seed varieties 93.4% ig;; 9 (zhang and Yang,
Spectral technology )
HSI RBFNN three maize seed varieties 91.% Zhao (Zhao et al., 2018)
CV-SVM  Elastic - Zhang (Zhang et al.,
+ 49
VNIR+NIRS Net (GA)-BP ten wheat seed varieties 90.4% 2019)
RGB+NIRS-HSI 1D-CNN Ten types of rice seeds 92.9% Ye (Ye et al., 2023)
Computer vision combined
with spectral technology RGB+NIRS SVM RF KNN ve waxy maize seed varieties 94.0% ig;gng (Zhuang et al.,
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based approaches, this study adopts a hyperspectral and RGB image
data fusion framework to investigate the classi cation of ginseng
seeds, with particular emphasis on feature complementarity and
model robustness under optimized parameter con gurations.

To achieve optimal performance across various tasks, machine
learning models typically require meticulous tuning and proper
con guration of their hyperparameters. However, traditional
manual tuning methods are often inef cient and heavily
dependent on expert experience. Consequently, the integration of
intelligent optimization algorithms to automatically search for the
optimal hyperparameter combination has become an effective
strategy for enhancing model performance. This approach,
however, demands not only a deep understanding of the
algorithms employed but also the ability to implement
appropriate optimization strategies (Yang and Shami, 2020). Li
etal (Lietal, 2023). employed a particle swarm optimization (PSO)
algorithm to identify optimal parameters for the Gaussian kernel
function, which were then applied to a support vector machine
(SVM) model for wine classi cation. The results demonstrated that
PSO not only enhanced the training of small-sample datasets but
also signi cantly improved the classi cation performance of the
wine model. Long et al (Long et al., 2022). utilized the whale
optimization algorithm (WOA) to optimize an SVM-based fusion
model, achieving a notable improvement in the classi cation
accuracy of maize seed vigor. Their approach offers a promising
alternative for nondestructive detection of seed aging. Sun et al (Sun
et al., 2024). developed a predictive model (ABC-SVM) that
integrates the arti cial bee colony (ABC) algorithm to assess
watermelon seed vigor. The optimized model showed enhanced
classi cation performance and introduced a new strategy for rapid,
nondestructive seed vigor detection. These studies collectively
demonstrate that swarm intelligence optimization algorithms
exhibit strong potential in improving machine learning model
performance through effective hyperparameter tuning.

Although substantial research has been conducted on the
classi cation of major crop seeds such as maize, wheat, and rice,
and several recent studies have applied hyperspectral imaging and
deep or transfer learning techniques to the nondestructive analysis
of ginseng-related materials, systematic studies focusing on
multimodal RGB-hyperspectral fusion and model optimization
strategies for ginseng seed classi cation remain limited. Chen
et al. (Chen et al.,, 2024) employed a fully connected—
convolutional neural network to extract both spectral and spatial
cues from hyperspectral images for the nondestructive assessment
of Panax ginseng, demonstrating that deep models can effectively
characterize subtle spectral differences in ginseng-related materials.
Existing studies, both domestic and international, have primarily
concentrated on evaluating the quality of ginseng roots, detecting
bioactive components, or tracing geographical origin. However, the
image and spectral characteristics of ginseng seeds have not yet been
thoroughly explored or systematically modeled.

To |l the current research gap in the classi cation of ginseng
seed varieties, this study proposes a novel approach that combines
image and hyperspectral features with an enhanced, Red-Billed Blue
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Magpie Optimization (RBMO) algorithm. The goal is to achieve
accurate and nondestructive identi cation of ginseng seeds. The key
areas of focus in this study are as follows:

1. This study Ils the gap in the eld of ginseng seed
classi cation by pioneering the application of intelligent
recognition methods to ginseng seed classi cation tasks. It
establishes a critical bridge between foundational research
and industrial applications. The research provides
signi cant theoretical foundations and technical support
for enhancing ginseng production ef ciency, optimizing
seed selection strategies, and strengthening germplasm
resource conservation. It holds substantial practical value
in advancing the sustainable development of the
ginseng industry.

2. The RFE method was applied to select morphological
features from images, resulting in the extraction of 10
critical features and achieving a 68.75% reduction in
dimensionality. For hyperspectral data, the CARS method
was used to extract 13 key spectral bands, reducing
dimensionality by 99%. The selected spectral bands
exhibited strong chemical correlations with functional
groups such as C-H, O-H, and C=C, which correspond
to water content, lipids, and carbohydrates in seeds,
respectively. These provide a uni ed spectral basis for
classi cation models with biological interpretability.
Image and spectral data demonstrated complementary
and correlated feature dimensions. Fusion of these
modalities maximizes integration of information from
diverse sources, signi cantly enhancing the completeness
of model input features, thereby improving classi cation
discriminative power and stabilizing classi cation results.

3. A model, ORBMO-RF, was constructed by incorporating a
Circle chaotic mapping mechanism, golden sine search
strategy,and the adaptive simulated annealing perturbation
mechanism. These enhancements optimize the
hyperparameters of the Red-Billed Magpie Optimization
(RBMO) algorithm for Random Forest (RF) models,
signi cantly improving accuracy. This approach reduces the
randomness and subjectivity of manual parameter tuning
while enhancing the model’s ability to recognize multimodal
data. It provides a novel method for achieving non-destructive
detection and precise classi cation in seed sorting applications.

2 Materials and methods
2.1 Experimental procedure

This study was conducted on a 64-bit Windows 10 operating
system using Python version 3.12. The computational environment

comprised an Intel® Core™ i7-13700KF 3.40 GHz processor,
64 GB of RAM, and an NVIDIA GeForce RTX 4070 Ti SUPER
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graphics card with 16 GB of VRAM. The overall experimental 2 2 Data acquisition
work ow is illustrated in Figure 1.

To achieve effective classi cation of different ginseng seed This study focuses on four types of ginseng seeds commonly
varieties, morphological features were rst extracted from RGB  used in practical ginseng cultivation. The seed samples were
images. Subsequently, both the extracted morphological features  obtained from licensed commercial seed suppliers and were
and hyperspectral data were preprocessed, followed by key feature ~ taxonomically veri ed by experts from Jilin Agricultural
selection from image and spectral information. The morphological ~ University to ensure classi cation accuracy. The four categories
and spectral features were then fused and used as inputs for  include Korean Ginseng Seeds(KGS), Mountain Cultivated Ginseng
classi cation models. Different feature fusion strategies were  Seed(MCGS),Cultivated Ginseng Seeds(CGS), and American
compared to determine the optimal approach. On this basis, a  Ginseng Seeds(AGS), as illustrated in Figure 2.

swarm intelligence optimization algorithm was applied to optimize To ensure sample quality, manual screening was conducted
the hyperparameters of the selected machine learning model,  during the collection process to eliminate damaged, insect-infested,
thereby improving the model’s overall performance. and impure seeds. Only intact, well-developed seeds of moderate

I The preparation of samples of different ginseng seeds varieties I

Hyperspectral

Yoe,
Reag"Sce,,
ooty

Classification Result

FIGURE 1
Flowchart of the experimental procedure.
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FIGURE 2
Ginseng seed samples: (a)CGS, (b) KGS, (c) MCGS, (d) AGS.

size were retained. A total of 2,000 high-quality seeds were selected
for each ginseng variety for use in this study.

2.2.1 Image data acquisition

Ginseng seed images were acquired using an iPhone 14 Pro Max
with the main rear camera (approximately 48 MP sensor, 24 mm
equivalent focal length, f/1.8 aperture). All photographs were taken
in the same indoor studio to avoid variation in ambient light.
During image acquisition, seeds were placed on a matte black
background board, and the smartphone was mounted vertically
on a xed stand with a shooting distance of about 25cm from the
lens to the seed surface. Two continuous LED lamps were
positioned symmetrically on the left and right sides of the seeds
to provide stable and uniform illumination, using neutral white
light with color temperature of 4000K.No ash or digital zoom was
used. The camera was set to the standard photo mode with an
output resolution of 3024 4032 pixels (12 megapixels). Autofocus
was applied to the seed region, and exposure was controlled
automatically under the xed lighting conditions, with ISO kept
at a low level of 200 and shutter speed in the range of roughly
1/125-1/250 s. White balance was set to a xed daylight/white light
mode to keep the color of the seeds consistent across all images.

For each ginseng seed type, 100 seeds were randomly oriented and
arranged on the background board and photographed as one group,
and 20 groups were collected for each variety. The image acquisition
setup is shown in Figure 3a.

2.2.2 Hyperspectral data acquisition

Hyperspectral data of ginseng seeds were collected using a
portable Field Spec 4 spectrometer (ASD Inc., Santa Barbara, CA,
USA), covering a spectral range of 350~2500 nm. During
measurement, the probe was positioned approximately 10 cm
above the seed surface. The instrument’s wavelength accuracy was
0.5 nm, with a repeatability of 0.1 nm. lllumination was provided by
a 20 W halogen lamp. The schematic diagram of the data
acquisition setup is shown in Figure 3b Prior to measurements,
spectral calibration was performed using a standard white reference
panel. Each spectral data point was obtained by averaging 10 scans
with an integration time set at 100 Ms. For each sample group (one
plate of seeds), data collection commenced with a scan at the center
of the plate. Subsequently, the plate was shifted downward and
rotated clockwise in 30 increments for a total of 12 rotations. This
protocol yielded 130 spectral acquisitions per group, with two
groups collected in total. To maintain consistency, the

FIGURE 3

(a) Seed image data acquisition schematic diagram (b) Schematic diagram of hyperspectral data acquisition for ginseng seeds.
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