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Abstract

Seed vigor directly affects emergence rate, early emergence capacity, and seedling uni-
formity in ginseng. This study integrated pre-sowing laser treatment with hyperspectral
prediction for rapid evaluation of ginseng seed vigor. Cracked-stage Mountain Cultivated
Ginseng Seeds and American Ginseng Seeds were treated with four semiconductor laser
conditions, including red light, blue light, red-blue 3:1, and red-blue 6:1, for 5, 15, and
30 min. Emergence rate, emergence energy, and emergence index were evaluated, and
350-2500 nm hyperspectral reflectance data were collected. Different preprocessing, feature
selection, and machine learning methods were compared to construct an optimized sup-
port vector regression model for emergence rate prediction. The results showed that laser
effects were seed-type-specific and parameter-dependent. Mountain Cultivated Ginseng
Seeds responded strongly, with 5 min blue light treatment producing the best performance,
achieving a 100.0% emergence rate, 40.4 percentage points higher than the control, with
significantly higher emergence energy and emergence index. In American Ginseng Seeds,
no treatment differed significantly from the control, although the 30 min red light treatment
showed the highest emergence rate trend. Savitzky—Golay smoothing combined with
the second derivative was the optimal preprocessing method. The Caterpillar Fungus
Optimizer-based support vector regression (CFO-SVR) joint optimization model achieved
the best prediction performance, with R%, of 0.9517, RMSEp of 2.4766, and MAEp of 1.0730.
These results provide a feasible technical reference for pre-sowing treatment of ginseng
seeds and rapid, non-destructive evaluation of emergence vigor.

Keywords: ginseng seeds; laser pre-sowing treatment; seed vigor; hyperspectral
spectroscopy; CFO-SVR; non-destructive prediction

1. Introduction

Ginseng (Panax ginseng C.A. Meyer) is a traditional and valuable medicinal plant in
China, with a long history of medicinal use and high economic value. Its roots are rich in
ginsenosides, polysaccharides, amino acids, volatile oils, and various bioactive compounds,
and are widely used in traditional Chinese medicine preparations, functional foods, and
health products [1]. In artificial ginseng cultivation, seed quality is an important factor
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affecting emergence stability, seedling uniformity, and subsequent yield formation, among
which seed vigor is directly related to germination potential and field stand establishment.
However, ginseng seeds exhibit morphological after-ripening and physiological dormancy.
Their emergence process is affected by multiple factors, including seed maturity, storage
conditions, pregermination treatment, and post-sowing environment, often resulting in a
long germination period, uneven emergence, and unstable emergence rate [2]. Therefore,
exploring appropriate pre-sowing vigor treatment methods for ginseng seeds and estab-
lishing rapid, non-destructive, and accurate vigor evaluation techniques are important for
improving ginseng seedling quality and promoting precision cultivation.

In recent years, laser treatment has received increasing attention in crop breeding
and seed vigor enhancement as a green, non-contact, and parameter-controllable physical
regulation technology. Lasers are characterized by strong directionality, good monochro-
maticity, and high energy density. At an appropriate dose, laser treatment can promote
seed germination and seedling growth by affecting seed energy status, enzyme activity,
membrane system stability, and reserve mobilization [3]. Previous studies have shown that
He-Ne laser treatment can enhance germination-related enzyme activities and improve ger-
mination characteristics in safflower seeds [4]; He-Ne red light irradiation at an appropriate
time can promote seed germination and seedling physiological performance in triticale [5],
and low-dose Nd:YAG laser treatment can improve seed germination, photosynthetic
pigments, and morphological traits in maize [6]. In seeds of Arabidopsis thaliana [7], Erigeron
breviscapus [8], Elaeagnus mollis Diels [9], eggplant [10], and soybean [11], appropriate laser
treatment has also been shown to increase germination rate, germination energy, or seedling
growth quality. However, the biological effects of laser irradiation generally show clear
dose dependence and species specificity. An insufficient treatment time may fail to induce
effective stimulation, whereas excessive intensity or prolonged treatment may inhibit ger-
mination or even damage seeds. At present, systematic studies on the response patterns of
ginseng seeds to semiconductor laser treatments with different light-quality combinations
and irradiation times remain limited, and suitable laser regulation parameters for ginseng
seeds have not yet been clarified.

Seed vigor evaluation is an important component of seed quality control and pre-
sowing grading. Although conventional germination tests can directly reflect seed germi-
nation capacity, they require a long testing period, are strongly affected by environmental
conditions, and are difficult to meet the practical requirements of rapid grading and preci-
sion seedling production. Hyperspectral technology can simultaneously acquire spectral
response information from samples across multiple continuous wavelengths and charac-
terize changes in internal seed components, such as water, proteins, lipids, sugars, and
other storage reserves, without destroying the samples. Therefore, it has high application
potential for the non-destructive detection of seed vigor.

Previous studies have combined hyperspectral technology with machine learning or
deep learning methods to identify the vigor or viability of seeds such as maize [12], com-
mon bean [13], Sophora japonica [14], cucumber [15], strawberry [16], wheat [17], peanut [18],
and rice [19], achieving favorable classification or prediction performance. These studies
indicate that spectral preprocessing, feature wavelength selection, and modeling algorithm
optimization are key steps for improving the prediction accuracy of seed vigor. However,
existing studies have mainly focused on vigor grading of artificially aged seeds or conven-
tional crop seeds, whereas studies on the spectral response and quantitative prediction of
medicinal plant seeds, especially the emergence vigor of ginseng seeds after laser treatment,
remain limited. Laser treatment may induce internal physiological changes, such as water
migration, membrane system recovery, and reserve transformation, which are expected
to be reflected by spectral features in the near-infrared and shortwave-infrared regions.
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Therefore, combining laser-based pre-sowing treatment with hyperspectral non-destructive
detection may help address two key issues: seed vigor improvement and rapid vigor
evaluation in ginseng seeds.

Based on this research background, semiconductor laser irradiation, as a low-energy
physical stimulus, has potential for regulating seed vigor, while hyperspectral reflectance
technology provides a new technical approach for the rapid and non-destructive evaluation
of seed vigor status. However, studies on the effects of semiconductor laser treatment on
the emergence vigor of ginseng seeds remain limited. The response differences in different
ginseng seed types to light-quality combinations and irradiation times are still unclear,
and methods for rapidly predicting the emergence rate (ER) of laser-treated ginseng seeds
based on spectral information require further improvement.

Therefore, this study used cracked-stage Mountain Cultivated Ginseng Seeds (MCGS)
and American Ginseng Seeds (AGS) as materials to systematically analyze the effects of
semiconductor laser treatments with different light-quality combinations and irradiation
times on ER, emergence energy (EE), and emergence index (EI). Hyperspectral reflectance
data of the treated seeds were collected, and spectral preprocessing, feature wavelength
selection, and machine learning modeling methods were combined to construct a non-
destructive prediction model for ginseng seed ER. The innovations of this study are mainly
reflected in three aspects: first, semiconductor laser pre-sowing treatment was applied
to regulate ginseng seed vigor, and the emergence response differences between MCGS
and AGS under different light-quality combinations and irradiation times were compared;
second, hyperspectral reflectance data were used to construct a rapid and non-destructive
prediction model for the ER of laser-treated ginseng seeds, providing a new technical
approach for ginseng seed vigor evaluation; third, the Caterpillar Fungus Optimizer (CFO)
was introduced for feature wavelength selection and coordinated optimization of SVR
parameters, and a CFO-SVR joint optimization framework was constructed to improve
model prediction accuracy and feature interpretability.

2. Materials and Methods
2.1. Materials and Experimental Equipment

The ginseng seeds used in this study were purchased from a ginseng seed supplier
in Jilin Province, China. To ensure the reliability and reproducibility of the experimental
results, only healthy cracked-stage MCGS and AGS with uniform appearance, no dis-
ease spots, and no mechanical damage were selected as experimental materials for laser
irradiation treatment.

The light source used in the experiment was a laser plant growth regulation lamp
(model: CXL1-X0130-0001; Changxin Optoelectronic Technology Co., Ltd., Hangzhou,
China). Different light-quality combinations were obtained by adjusting the light-
emitting modules.

The hyperspectral data acquisition system consisted of a portable field spectrora-
diometer (FieldSpec4-Hi-Res NG; ASD Inc., Boulder, CO, USA), a fixed reflectance probe, a
matching halogen light source, optical fibers, and a computer. The field spectroradiometer
had a wavelength range of 350-2500 nm and could acquire 2150 spectral data points. The
RS3 software (version 6.4.3) supplied with the spectroradiometer was used to collect hy-
perspectral data from ginseng seeds. Data organization and processing in this study were
performed using ViewSpecPro 6.2, Microsoft Excel, and PyCharm 2024.3.1. Statistical anal-
ysis was conducted using IBM SPSS Statistics 27.0.1, and figure plotting and visualization
were performed using Origin and Microsoft PowerPoint.
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2.2. Laser Treatment Design

Different light-quality combinations were obtained by adjusting the light-emitting
modules. Four light-quality conditions were set in the experiment, namely monochromatic
red light, monochromatic blue light, red-blue 3:1, and red-blue 6:1, to compare the effects
of different light-quality ratios on seed emergence rate.

As shown in Figure 1, during irradiation, all seeds were evenly spread in Petri dishes
to ensure uniform light exposure and avoid shading among seeds. Three irradiation times,
namely 5, 15, and 30 min, were set for each light-quality treatment to investigate the
effects of different irradiation times on the emergence rate of ginseng seeds. The laser
irradiation intensity was uniformly controlled at 50 umol-m~2-s~! (PPFD), ensuring that
all experimental groups were conducted under the same light-intensity conditions.

() (b)

Figure 1. Laser irradiation setup: (a) blue light irradiation; (b) red light irradiation.

The control group consisted of seeds without any laser treatment, which were directly
subjected to subsequent hyperspectral data acquisition and planting experiments. All
treatments were strictly performed according to the experimental design to ensure the
scientific validity and comparability of the results.

2.3. Sowing Experiment and Emergence Measurement

This experiment was conducted in the Science and Technology Courtyard Laboratory
of the Institute of Smart Agriculture, Jilin Agricultural University. Sowing was performed
at 10:00 a.m. on 21 April 2025. For each ginseng species, 12 experimental treatments and
1 blank control (CK) were established, resulting in a total of 26 experimental groups for the
two species.

Each experimental group included three biological replicates, with 33 seeds per repli-
cate. A total of 2574 seeds were sown across all 26 groups. The experimental substrate was
prepared under the guidance of agronomic experts by mixing peat, vermiculite, and perlite
at a ratio of 5:3:1, followed by the addition of 20 g of carbendazim solution for thorough
mixing and disinfection. During sowing, three seeds were placed in each seedling cup and
evenly distributed in a triangular arrangement. Specifically, each seedling cup was first
filled with substrate to two-thirds of its volume. The seeds were then placed and covered
with a thin layer of substrate, followed by watering until the substrate was fully moistened.
During the cultivation period, regular watering was applied to maintain the substrate’s
relative water content at approximately 50%.

Seed emergence was monitored and recorded daily until no new seedlings appeared.
MCGS began to emerge on the 9th day after sowing, and emergence ended on the 25th day;
AGS began to emerge on the 10th day after sowing, and emergence ended on the 36th day.
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2.4. Hyperspectral Data Acquisition and Preprocessing
2.4.1. Hyperspectral Data Acquisition

Hyperspectral data acquisition of the laser-irradiated ginseng seeds, including MCGS
and AGS, was conducted in a completely dark indoor environment to prevent interference
from external light sources. The hyperspectral data acquisition system is shown in Figure 2.
The hyperspectral data in this study were not collected immediately after laser irradiation.
All laser treatments were completed one day before hyperspectral data acquisition, and hy-
perspectral reflectance data were collected on the following day. Before spectral acquisition,
seeds from all laser treatment groups and the control group were kept overnight under the
same indoor environmental conditions to ensure that seeds from different treatment groups
were in a relatively consistent environmental state before acquisition, and to minimize
the effects of instantaneous surface temperature differences and the photothermal cooling
process after laser irradiation on the spectral acquisition results.

(a) Reflection Probe

Halogen lamp Optical Spectrometer

Computer

(b)

Figure 2. Hyperspectral data acquisition system. (a) Schematic diagram of the hyperspectral data
acquisition system; (b) top view of the actual measurement setup; (c) side view of the actual measure-
ment setup.

To ensure instrument stability and reduce the influence of external environmental
changes on data acquisition, the spectroradiometer was warmed up for 10 min before
the experiment to reach a stable operating state, followed by white reference calibration.
During the experiment, white reference calibration was repeated whenever a sample
was replaced and before data acquisition began. After calibration, the instrument was
considered successfully calibrated when the spectral reflectance curve appeared as a smooth
straight line.

During hyperspectral data acquisition, each sample was evenly spread in a tray
with a black background to reduce the influence of background reflection on the spectral
acquisition results. During measurement, the probe was positioned approximately 10 cm
above the seeds and fixed at a 45° angle relative to the tray surface. A 20 W halogen light
source was fixed on one side of the sample and above the seed-spreading area, with the
lamp body positioned approximately 22 cm above the tabletop where the sample was
placed, providing stable illumination for the seed-spreading area. The illuminated area
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covered the seed samples to be measured. Throughout the acquisition process, the probe
height, probe angle, light source position, sample background, and sample placement
method were kept consistent to ensure the consistency and reproducibility of spectral
acquisition conditions among different treatment groups. For each treatment group, data
were collected at 13 different points, and 10 spectral curves were acquired at each point.
The 10 collected spectral curves were then averaged into one spectrum, resulting in a
total of 338 spectral samples, thereby ensuring the representativeness and diversity of the
data. It should be noted that the ER in this study was a population-level indicator at the
treatment-group level, rather than an independent indicator at the single-seed or single-
spectrum level. Therefore, the 338 spectral samples represented 338 spectral observations,
but not 338 mutually independent ER observations. During model development, spectra
obtained from different sampling points within the same treatment group were assigned
the corresponding ER label of that treatment group to establish the predictive relationship
between hyperspectral features and treatment-level ER. The dataset was randomly divided
at the spectral-sample level at a ratio of 7:3, rather than at the treatment-group level.
Therefore, different spectra from the same treatment group may have entered the training
and test sets separately, but the same spectrum did not appear in both datasets.

2.4.2. Hyperspectral Data Preprocessing

During hyperspectral data acquisition, spectral curves are easily affected by light
source fluctuations, slight deviations in probe angle, and instrumental noise, resulting in
noise interference, scattering effects, and baseline drift. These non-systematic errors may
obscure feature wavelengths related to seed emergence rate, thereby affecting modeling
accuracy. Therefore, before modeling analysis, the raw spectral data must be preprocessed
to reduce irrelevant interference and improve the correlation and representational ability
between the spectra and emergence rate. In this study, several classical preprocessing
methods were adopted, including Savitzky-Golay (S5G) smoothing [20], which was used
to reduce high-frequency random noise while preserving spectral profile characteristics;
standard normal variate (SNV) transformation [21], which eliminates amplitude variations
caused by particle size or scattering differences through mean centering and variance
standardization; multiplicative scatter correction (MSC) [22], which was used to correct
spectral baseline drift and scattering effects, thereby making the spectra of different samples
more comparable; first derivative (1st Der) [23], which was used to eliminate partial
baseline shifts and enhance spectral variation trends; second derivative (2nd Der) [24],
which was used to further highlight weak absorption peaks and subtle spectral features;
and detrending/baseline drift correction (DT) [25], which was used to remove slowly
varying trends in spectral curves and reduce baseline shifts caused by instrument drift,
illumination changes, or differences in sample surface conditions. Building upon the
single preprocessing method, this study further explored two combined preprocessing
strategies: SG smoothing combined with the first derivative (S-G 1st) [26] and SG smoothing
combined with the second derivative (5S-G 2nd) [27], aiming to enhance spectral detail
information and provide a more favorable data basis for subsequent feature selection and
model construction.

2.5. Feature Selection and Modeling Strategy
2.5.1. Feature Selection Methods

After spectral data preprocessing was completed and the optimal preprocessing
method was determined, further selection of spectral feature variables was required. The
reason is straightforward: on the one hand, this process can reduce interference caused by
redundant information during modeling; on the other hand, when the number of high-
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dimensional spectral variables is excessive, the model is more prone to overfitting. Based
on this consideration, two typical feature selection algorithms, Random Frog and compet-
itive adaptive reweighted sampling, together with the Caterpillar Fungus Optimization
algorithm, were further employed in this study to select and optimize feature wavelengths,
thereby reducing model complexity and improving computational efficiency.

Random Frog (RF) is a stochastic feature selection method suitable for high-
dimensional spectral data [28]. This method continuously generates and updates candidate
variable subsets randomly in the variable space and evaluates each subset in combination
with partial least squares regression (PLSR). During multiple iterations, the selection fre-
quency of each variable is counted to characterize its importance. The variables are then
ranked according to their selection probabilities, and different variable subsets are com-
pared based on the root mean square error of k-fold cross-validation (RMSEcy) on the full
training set. When RMSEcy reaches its minimum value, the corresponding set of variables
with high selection probabilities is regarded as the optimal feature set. This method can
effectively extract key wavelengths that make substantial contributions to modeling and
reduce the interference of redundant variables and noise information, thereby decreasing
model complexity and improving model prediction performance.

Competitive adaptive reweighted sampling (CARS) [29] is a feature selection method
that combines Monte Carlo sampling with partial least squares regression. This method
establishes submodels through repeated random sampling, uses an exponential decay
function to control the number of retained variables, and gradually selects candidate
variables according to the magnitude of regression coefficients. Meanwhile, the root mean
square error of k-fold cross-validation (RMSEcy) for each variable subset on the full training
set is recorded throughout the process. When RMSEcy reaches its minimum value, the
corresponding variable set is regarded as the optimal feature set, thereby enabling effective
extraction of key wavelengths.

The Caterpillar Fungus Optimizer (CFO) is a swarm intelligence optimization algo-
rithm inspired by the growth, search, and parasitic behaviors of caterpillar fungus [30]. This
algorithm simulates the processes by which caterpillar fungus searches for hosts, parasitizes
hosts, and continuously adjusts its search strategy in complex environments, and abstracts
these processes into an optimization mechanism that combines global exploration and
local exploitation. The core logic of the algorithm is constructed around two search modes
and two parasitic behaviors. The two search modes, namely wave propagation and spiral
ascent, can effectively enhance the global exploration ability of the population, whereas the
two parasitic behaviors, namely repeated parasitism and optimal parasitism, can improve
the approximation accuracy of individuals toward high-quality solution regions, thereby
enabling efficient search for the global optimal solution. Compared with traditional swarm
intelligence algorithms, this method has strong advantages in escaping local optima and
maintaining convergence stability.

Let the dimension of the optimization problem be D, the population size be N, the
position vector of the i-th individual at the t-th iteration be denoted as X!, and the current
global best position be denoted as X,,;. Each iteration of CFO mainly consists of two stages:
the exploration stage and the parasitic stage. The exploration stage is used to expand the
search range, whereas the parasitic stage is used to strengthen local optimization ability.

(1) In the exploration stage, the algorithm first ranks the population according to
fitness. Then, each individual selects either the “wave propagation operator” or the “spiral
ascent operator” with equal probability to update its position.

https:/ /doi.org/10.3390/agriculture16141525
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The wave propagation operator simulates the random undulating behavior of caterpil-
lar fungus when searching for hosts in soil, and its position update formula is shown in
Equation (1):

X!~ 1and(1,D) & (X — X)) + 6 (X = X1), 1 =1

(1)
X{ —rand(1,D) © (X_; = X)) + « ® (X}, — X}), i=2,3,...,N

SO __
X =

where © denotes the Hadamard element-wise product, rand(1,D) denotes a D-dimensional
uniform random vector within [0,1], and X! ; represents the position of the adjacent
individual ranked better than the i-th individual after sorting. The parameter « is the
random search step size in the wave propagation stage, and its expression is shown in
Equation (2):

a = 2.5rand(1, D) ® |cos (rand(1,D))| )

This mechanism guides individuals toward the current optimal solution while ex-
ploring new candidate regions globally through random step sizes, thereby enhancing the
global search capability of the algorithm.

The spiral ascent operator simulates the behavior of caterpillar fungus gradually
narrowing its search range and spirally approaching dominant regions when it approaches
a suitable environment. Its update method is shown in Equation (3):

Xiest - rand(lf D) © (Xiest - Xf) + IB(Xiest - Xf)/ i=1

X5 —
X~ 1and(1,D) & (X X!) + B(Xly ~ X), i=2,3,...,N

)

where (3 is the search step size in the spiral ascent stage, and its mathematical expression is
shown in Equation (4):

,B:2cos(71r1)( L )rlrz (4)

Tmax

where r; € [0, 1] is a uniformly distributed random number, r; is a random integer taking
the value of 1 or 2, and Tax is the maximum number of iterations. This parameter dynami-
cally adjusts the search radius, allowing the algorithm to maintain strong search flexibility
in the early iterations and gradually narrow the search range in the later iterations. This
enables a natural transition from coarse-grained exploration to fine-grained exploitation,
thereby enhancing the convergence ability and solution precision of the algorithm in the
later stage.

(2) After the exploration update is completed, the algorithm enters the parasitic stage.
This stage imitates the parasitic behavior of caterpillar fungus on host larvae and constructs
two position update strategies: “repeated parasitism” and “optimal parasitism”. The
former emphasizes jump search under random perturbation, whereas the latter focuses
on directional contraction around the global optimal region. The two strategies cooperate
with each other, helping to improve local exploitation efficiency while maintaining global
search capability.

Repeated parasitism is used to describe the process in which an individual continues
to correct its position based on an existing parasitic relationship. Its update formula is
shown in Equation (5):

Xfl =X 4+ 3r3(rand - X, —rand - X{°), i=1,2,...,N )
where Xf ! denotes the new position of the individual in the parasitic stage, and r3 is a

random scalar following a standard normal distribution. Since 73 is close to zero in most
cases, this strategy usually produces only small adjustments near the current dominant
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region. In a few cases, however, a larger 3 may cause a substantial displacement, enabling
the individual to escape the current search region and move toward a new potential solution
space. Therefore, repeated parasitism has the dual functions of local intensification and
global jumping.

Optimal parasitism focuses on further guiding individuals toward the vicinity of the
current optimal solution, and its update method is shown in Equation (6):

Xfl = X}, + A(rand - X, —rand - X{°), i=1,2,...,N (6)
where A is the adaptive contraction factor, and its mathematical expression is shown in

/\:r4[<TntlaX>2_2(Triax) +1] %

where r4 € [0,1] is a uniformly distributed random number. It can be seen that A is

Equation (7):

relatively large in the early iterations and gradually approaches 0 in the later iterations.
This indicates that the algorithm has a larger search step size in the early stage, which
is beneficial for maintaining population diversity; in the later stage, the search range is
gradually narrowed to improve the exploitation accuracy of the optimal region, ultimately
promoting stable convergence of the algorithm toward the global optimum.

2.5.2. Support Vector Regression (SVR)

SVR [31] is a supervised regression method based on statistical learning theory. It
maps input variables into a high-dimensional feature space through a kernel function
and seeks the optimal regression hyperplane under the constraint of the e-insensitive loss
function, thereby achieving high prediction accuracy while controlling model complexity.
SVR is particularly suitable for small-sample, high-dimensional, and nonlinear problems,
and therefore has strong applicability in hyperspectral regression studies. Kernel function
and parameter selection have a substantial influence on prediction accuracy. The kernel
function defines a way to map input data into a high-dimensional space. In this study, the
radial basis function (RBF) kernel was used to construct the SVR model, and the penalty
parameter C, kernel parameter v, and insensitive loss parameter ¢ were optimized to
further improve the ability of the model to characterize complex nonlinear relationships in
hyperspectral data and enhance regression prediction accuracy.

2.5.3. CFO-SVR-Based Joint Optimization Modeling Framework

To improve the accuracy and stability of the ginseng seed emergence rate prediction,
this study constructed a joint optimization modeling framework based on the Caterpillar
Fungus Optimizer (CFO) and SVR. This method takes spectral wavelength feature selection
and SVR parameter optimization as its core components and incorporates both into the
same optimization process, thereby achieving coordinated optimization of the feature
subset and model parameters.

As shown in Figure 3, data reading and feature extraction were first performed for the
training set and test set to obtain the feature matrix X and target variable y. Correlation
analysis was then used to preselect the original spectral variables to reduce the interference
of redundant information in modeling. Subsequently, CFO was used to jointly encode and
iteratively optimize the selection status of candidate features and the key SVR parameters
C, v, and e. During the optimization process, the root mean square error of five-fold
cross-validation (RMSEcy) was used as the main evaluation metric, and a penalty term
for the feature selection ratio was introduced to construct the fitness function, which is
expressed as follows:

Fitness = RMSEcy + a X % (8)
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Figure 3. Framework of the CFO-SVR joint optimization modeling approach. The superscript
denotes the optimal solution obtained after CFO iteration; S represents the optimal feature subset,
and C*, 7%, and €* represent the optimized SVR hyperparameters.

In Equation (8), RMSEcy represents the average root mean square error obtained from
five-fold cross-validation, Ns represents the number of features selected by the current
individual, q represents the total number of candidate features, and « is the penalty coeffi-
cient. This fitness function minimizes prediction error while constraining the number of
selected features, thereby preventing excessive redundant wavelengths from participating
in modeling and enabling the model to achieve a balance between prediction accuracy and
structural simplicity.

After the maximum number of iterations was reached, the global optimal feature
subset and the corresponding optimal SVR parameters were output. The input matrices of
the training set and test set were then reconstructed based on the optimal feature subset,
and the final prediction model was established. This joint optimization framework can
effectively reduce redundant wavelengths and improve parameter optimization efficiency,
thereby enhancing the accuracy and generalization ability of the model for predicting
ginseng seed emergence rate.

2.5.4. SHAP Interpretability Analysis

SHAP (Shapley Additive exPlanations) is a commonly used model interpretation
method [32]. Its basic principle is to decompose the model prediction into the sum of the
contributions of each input feature based on the Shapley value from cooperative game
theory, thereby quantifying the influence of different features on the prediction results.
Compared with traditional analysis methods that focus only on model prediction accuracy,
SHAP can provide interpretability information at both global and local levels. It can not
only evaluate the importance ranking of features but also reveal the positive or negative
effects of features on model outputs. Owing to its good interpretability and strong general
applicability, SHAP has been widely used for the interpretability analysis of complex
machine learning models.
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2.6. Seed Vigor Evaluation Indicators

After the planting experiment was completed, seed emergence of each ginseng treat-
ment group was recorded under uniform cultivation conditions. ER, EE, and EI were
used as evaluation indicators [33-35] of seed vigor level for subsequent construction and
performance evaluation of the hyperspectral-based seed vigor detection model. ER was
calculated according to Equation (9).

G = x100% 9)

In Equation (9), G represents the ER, M; represents the total number of emerged
seedlings in a single sample, and M represents the total number of experimental seeds in a
single sample.

F =" x100% (10)

In Equation (10), F represents EE, H; represents the cumulative number of emerged
seeds at the peak emergence period (May 3 for MCGS and May 5 for AGS), and M represents
the total number of experimental seeds in a single sample.

Gl=x(f) (11)

In Equation (11), (GI) represents the EI, (E;) represents the number of newly and
normally emerged seeds on day (t), and (D;) represents the number of days after sowing
on day (t).

2.7. Model Performance Evaluation Metrics

In model evaluation, the coefficient of determination (R?), root mean square error
(RMSE), and mean absolute error (MAE) were used to evaluate the model fit and prediction
performance [36]. Among these metrics, R? was used to characterize the degree of fit
between the predicted and actual values, whereas RMSE and MAE were used to measure
model prediction errors. An R? value closer to 1 indicates better model fitting performance,
while smaller RMSE and MAE values indicate lower prediction errors. The calculation
formulas for RMSE and MAE are shown in Equations (12) and (13), respectively:

1N .
RMSE = J N (i —9:)? (12)
i=1
1 N
MAE = ) |vi — 4 (13)
Nz’:l

where yj is the actual value of the i-th sample, ¥; is the predicted value of the i-th sample,
and N is the number of samples.

3. Results
3.1. Effects of Laser Treatment on Seed Vigor Indicators of Ginseng

As shown in Tables 1 and 2, different laser treatments markedly affected the emergence
performance of MCGS. Compared with CK, several laser treatments significantly increased
the ER, EE, and EI of MCGS. Among them, blue light treatment for 5 min showed the
best overall performance, with ER reaching 100.0 + 0.0%, representing an increase of
40.4 percentage points compared with CK (59.6 &= 3.5%). The EE and El reached 90.9 + 3.0%
and 3.057 £ 0.044, respectively, both of which were significantly higher than those of CK
(444 £+ 4.6% and 1.714 £ 0.129). In addition to blue light treatment for 5 min, red-blue
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3:1 for 5 min, blue light for 15 min, red-blue 6:1 for 15 min, red light for 30 min, blue
light for 30 min, and red-blue 3:1 for 30 min also showed significantly higher ER and EI
than CK, indicating that these treatments had a certain promoting effect on the emergence
vigor of MCGS. In terms of EE, blue light for 5 min, red-blue 3:1 for 5 min, blue light for
15 min, red-blue 6:1 for 15 min, and blue light for 30 min were all significantly higher
than CK, suggesting that these treatments not only improved the final emergence level but
also enhanced early emergence capacity. Overall, MCGS responded sensitively to laser
treatment, with blue light treatments generally showing better performance, especially blue
light for 5 min, which performed prominently across all three emergence vigor indicators.
However, some red-blue composite light treatments did not show significant promoting
effects, indicating that the effect of laser treatment was closely related to the light-quality
combination and irradiation time.

Table 1. Emergence vigor indicators of MCGS after different laser treatments.

Light Quality Time (min) ER (%) (n=3)  EE (%) (n =3) EI (n=3)
Red 5 69.7 + 3.0 535+£7.6 1.979 +£0.151
Blue 5 100.0 £0.0* 90.9+3.0* 3.057 £ 0.044 *

Red-blue 3:1 5 949 £35* 727 +6.1*% 2.750 £0.127 %

Red-blue 6:1 5 69.7 £3.0 42.4 +£10.9 1.877 +£0.077
Red 15 70.7 £7.6 56.6 + 4.6 2.154 £+ 0.162
Blue 15 99.0£1.7* 848 £6.1* 3.046 £ 0.074 *

Red-blue 3:1 15 65.7 £6.3 43.4+7.6 1.843 +0.195

Red-blue 6:1 15 98.0£1.7* 859 £1.7* 2.965 £ 0.037 *
Red 30 929£70* 859 £115 2927 £0.277 %
Blue 30 980+ 1.7* 83.8+46* 2.969 £ 0.039 *

Red-blue 3:1 30 89.9 +£35* 72.7 £ 8.0 2.725+0.171*
Red-blue 6:1 30 63.6 £5.2 545+9.1 1.950 4+ 0.191
CK 59.6 £3.5 444+ 46 1.714 + 0.129

Note: Values are presented as the mean =+ standard deviation of three biological replicates. * indicates a significant
difference compared with CK after Welch'’s t-test followed by Holm correction at (p < 0.05); values without an
asterisk indicate no significant difference.

Table 2. Comparison of cumulative emergence dynamics between the blue light treatment for 5 min
and CK in MCGS.

Time (9-25 d)

25d

15d

Blue light

5 min

CK
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As shown in Figure 4a—c, the cumulative emergence process of MCGS generally
followed an approximately S-shaped growth pattern, with differences among treatment
groups in emergence initiation, the rapid growth stage, and the final stable level. Compared
with CK, some laser treatments shifted the cumulative emergence curves forward and
showed higher increasing rates during the rapid growth stage, indicating that appropriate
laser treatment may help improve the early emergence capacity and final emergence level
of MCGS. Among them, the cumulative emergence curve of blue light treatment for 5 min
started earlier, increased more rapidly, and ultimately reached a higher emergence level,
which was consistent with the higher ER, EE, and EI of this treatment shown in Table 1.
Overall, the cumulative emergence dynamics further indicated that MCGS showed a clear
response to laser treatment, and short-duration blue light treatment exhibited a relatively
prominent overall effect.
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Figure 4. Dynamic changes in the number of emerged seeds of MCGS and AGS: (a) MCGS, 5 min;
(b) MCGS, 15 min; (¢) MCGS, 30 min; (d) AGS, 5 min; (e) AGS, 15 min; (f) AGS, 30 min.

As shown in Tables 3 and 4, the ER, EE, and EI of AGS showed certain numerical
changes under different laser treatments, but none of the laser treatments differed sig-
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nificantly from CK. Compared with MCGS, the differences among AGS treatments were
relatively small, indicating that AGS responded more moderately to the laser treatment
parameters used in this study. Numerically, red light treatment for 30 min showed the
highest ER, reaching 93.9 + 3.0%, which was higher than that of CK (82.8 & 4.6%). The
ER values of blue light for 5 min, red light for 15 min, and red-blue 6:1 for 30 min were
also higher than those of CK, but these differences did not reach a significant level after
Welch'’s t-test followed by Holm multiple correction. Therefore, treatments such as red light
for 30 min only indicated an increasing trend in the ER of AGS, rather than a significant
promoting effect. In terms of early emergence capacity, red-blue 3:1 for 15 min showed the
highest EE value, reaching 64.6 &= 1.7%, while red light for 30 min showed the highest EI
value, reaching 2.288 £ 0.108. Overall, AGS showed certain numerical increasing trends
under some laser treatments, but no statistically significant improvement was observed,
suggesting that its response to the laser parameters used in this study was weaker than
that of MCGS.

Table 3. Emergence vigor indicators of AGS after different laser treatments.

Light Quality Time (min) ER (%) n=3) EE (%) (n=3) EI (n = 3)
Red 5 85.9 £9.3 59.6 £9.3 2.058 4 0.206
Blue 5 929 +£9.7 56.6 £ 18.5 2.167 + 0.339

Red-blue 3:1 5 84.8 £12.1 59.6 £12.2 2.057 £ 0.298

Red-blue 6:1 5 81.8 £8.0 60.6 £ 13.2 2.031 £ 0.216
Red 15 899 £7.6 61.6 £ 20.2 2.164 = 0.296
Blue 15 869 + 6.3 51.5 £ 8.0 2.046 4+ 0.198

Red-blue 3:1 15 84.8 £ 6.1 64.6 £1.7 2.151 +0.141

Red-blue 6:1 15 859 £11.5 495+ 11.5 2.011 4+ 0.296
Red 30 939 £3.0 60.6 £9.1 2.288 + 0.108
Blue 30 83.8 £3.5 51.5£5.2 1.991 £ 0.063

Red-blue 3:1 30 859 +1.7 56.6 + 8.7 2.092 £ 0.028

Red-blue 6:1 30 89.9 + 4.6 465+ 6.3 2.064 + 0.089
CK 82.8 £4.6 51.5 £ 8.0 1.982 £+ 0.136

Note: Values are presented as the mean + standard deviation of three biological replicates.

As shown in Figure 4d—f, the cumulative emergence curves of AGS also followed an
approximately S-shaped growth pattern, but the degree of curve separation among different
treatment groups was relatively small, and the overall differences were less pronounced
than those observed in MCGS. This indicates that AGS itself had a relatively high basal
emergence capacity, and laser treatment mainly resulted in slight numerical fluctuations
during the emergence process rather than significant promotion. Some treatments, such as
red light for 30 min, showed a relatively high final emergence level during the later stage
of cumulative emergence, while red-blue 3:1 for 15 min showed certain advantages during
the early emergence stage. However, these changes mainly reflected trend-level differences
and were not sufficient to demonstrate a significant improvement in the emergence vigor
of AGS. Further studies are needed to increase the number of replicates, include more seed
batches, and further optimize laser parameters to verify the stability of these trends.

A three-way ANOVA was further conducted for the laser-treated groups to clarify the
effects of seed type, light quality, irradiation time, and their interactions on the emergence
vigor of ginseng seeds. As shown in Table 5, light quality had significant effects on ER,
EE, and EJ, indicating that light quality was an important factor affecting the emergence
vigor of ginseng seeds. Seed type had significant effects on EE and EI, whereas its main
effect on ER did not reach a significant level. The main effect of irradiation time was not
significant for any of the three emergence vigor indicators, suggesting that its influence
on emergence vigor was relatively limited when irradiation time was considered alone. In
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terms of interactions, seed type X light quality, light quality x irradiation time, and seed
type x light quality X irradiation time had significant effects on ER, EE, and EI. Among
them, seed type X irradiation time had a significant effect only on EE, whereas its effects
on ER and EI did not reach a significant level. Notably, the three-way interaction of seed
type x light quality x irradiation time was significant for all three indicators, indicating
that the effects of light quality and irradiation time on the emergence vigor of ginseng
seeds depended on seed type. Based on the above three-way interaction and the changes
in treatment means shown in Tables 1 and 3, the response patterns of different seed types
to the combinations of light quality and irradiation time were inconsistent. These results
indicate that the effects of laser treatment on the emergence vigor of ginseng seeds cannot
be explained by a single light quality or a single irradiation time alone, but should be
interpreted by comprehensively considering the interactions among seed type, light-quality
combination, and irradiation time. In other words, the same laser treatment parameter may
produce different effects in different seed types, which is also an important reason for the
differences in emergence responses between MCGS and AGS.

Table 4. Comparison of cumulative emergence dynamics between the red light treatment for 30 min
and CK in AGS.

Time (10-36 d)

10d

Red light
30 min

CK

Table 5. Three-way ANOVA results for seed emergence vigor indicators.

Source ER EE EI
Seed type 3.750 29.695 *** 96.719 ***
Light quality 12.822 *** 5.835 ** 15.097 ***
Irradiation time 1.007 0.312 2977
Seed type x Light quality 12.259 *** 9.795 *** 17.092 ***
Seed type x Irradiation time 0.063 3.590 * 1.750
Light quality x Irradiation time 11.187 *** 4.823 *** 13.242 ***

Seed type x Light quality x Irradiation time  9.319 *** 6.859 *** 12.246 **

Note: Values are F values obtained from three-way ANOVA. *, **, and *** indicate significant effects of the factor

or interaction at p < 0.05, p < 0.01, and p < 0.001, respectively. “x” indicates interaction between factors. CK was
not included in the three-way ANOVA because it had no light-quality or irradiation-time levels.
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Overall, under the treatment conditions used in this study, the effects of laser treatment
on the emergence vigor of the two types of ginseng seeds showed clear seed-type differences
and parameter dependence. Significant promoting effects were mainly observed in MCGS,
especially under blue light treatment for 5 min, which showed prominent performance in
terms of ER, EE, and EI In contrast, AGS did not show statistically significant improvement
in vigor under the laser treatment conditions used in this study, although some treatments
showed numerical increasing trends. These results indicate that laser treatment does not
exert a universal promoting effect on all ginseng seeds, and its effects are jointly influenced
by seed type, light-quality combination, and irradiation time. Therefore, laser treatment
parameters should be further optimized for different types of ginseng seeds to achieve
more stable and targeted emergence-promoting effects.

3.2. SVR-Based Hyperspectral Prediction of Ginseng Seed Emergence Rate
3.2.1. Hyperspectral Data Preprocessing Results

As shown in Figure 5, relatively obvious noise and baseline drift were observed in
the short-wavelength region (500-800 nm) of the unpreprocessed raw spectral data (RAW).
These problems may have resulted from random noise of the instrument itself, scattering
effects of the light source, and slight deviations in probe angle during data acquisition.
After Savitzky—Golay (SG) smoothing, the high-frequency random noise in the curves was
effectively reduced, and the overall spectral profiles became smoother, while the character-
istic spectral differences among ginseng seeds from different laser treatment groups were
well preserved. Multiplicative scatter correction (MSC) clearly reduced the scattering effects
caused by differences in sample surface roughness and measurement angle, resulting in a
more consistent spectral baseline. First derivative (1st Der) processing enhanced subtle spec-
tral features and enabled some overlapping absorption peaks to be distinguished, whereas
second derivative (2nd Der) processing further improved spectral peak resolution while
reducing the influence of baseline drift. Standard normal variate (SNV) transformation
could also correct scattering effects and effectively reduce overall reflectance differences
among different samples. Wavelet denoising (DT) showed a relatively strong ability to
suppress random noise and improved curve stability while retaining the main spectral
features. On this basis, combined preprocessing methods further improved data quality.
The combination of SG and derivatives, namely S-G 1st and S-G 2nd, highlighted detailed
spectral features while reducing noise, and the enhancement effect of S-G 2nd on weak
spectral absorption peaks was particularly evident.

Before modeling, the optimal preprocessing method was selected from multiple spec-
tral preprocessing approaches to improve the accuracy and robustness of subsequent model
prediction. For this purpose, the raw spectra were compared with spectra processed using
several commonly used preprocessing methods, and SVR was used for model-based evalu-
ation. As shown in Table 6, compared with the raw spectra, the prediction performance of
SVR models constructed using preprocessed spectra improved to varying degrees. This in-
dicates that appropriate spectral preprocessing can effectively reduce spectral noise, extract
useful information, and improve model fitting and generalization performance. Among all
preprocessing methods, SG combined with the second derivative (S-G 2nd) showed the
best performance, with an average R2, RMSEp, and MAEp values of 0.8881, 3.6622, and
1.6839, respectively. Therefore, S-G 2nd was selected as the optimal preprocessing method
for subsequent spectral data analysis and modeling.
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Figure 5. Visualization of all preprocessed spectra. (a) SG; (b) MSC; (c) SNV; (d) 1st deriv; (e) 2nd
deriv; (f) DT; (g) SG + 1st; (h) SG + 2nd; (i) RAW.

Table 6. Comparison of SVR model performance for predicting ginseng seed emergence rate under
different spectral preprocessing methods.

Testing Set
Preprocessing Method 2

Rp RMSEp MAEp
5S-G 2nd 0.8881 3.6622 1.6839
5S-G 1st 0.7985 4.8787 2.5342
1st Der 0.5974 7.0288 4.3276
2nd Der 0.4748 8.0828 5.3684
DT 0.2916 9.3151 5.7735
SG 0.2747 9.4479 6.3116
Raw 0.2261 9.7813 6.5863
MSC 0.1412 10.3016 6.8823
SNV 0.1193 10.4351 6.9831

3.2.2. Feature Selection Results

Because hyperspectral data are inherently characterized by high dimensionality, high
redundancy, and severe multicollinearity, directly using all wavelengths for modeling can
easily lead to excessive model complexity, low computational efficiency, and overfitting. In
this study, two typical spectral feature selection methods, Random Frog (RF) and competi-
tive adaptive reweighted sampling (CARS), together with the Caterpillar Fungus Optimizer
(CFO), were used to select the most representative key wavelengths for emergence rate
prediction from different perspectives, thereby reducing redundancy and improving model
accuracy and robustness. Feature extraction was performed based on the spectral data
preprocessed by SG combined with the second derivative (S-G 2nd).

The Random Frog (RF) algorithm was used for feature selection of spectral variables.
In this study, the number of RF iterations was set to 2000, and the initial variable subset
size was set to 10% of the total number of spectral variables. Variable selection was
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performed based on the training set to avoid the involvement of test set information in
the feature selection process. According to the variable selection probabilities obtained by
the RF algorithm, the wavelength variables were ranked in descending order of selection
probability. PLS models were then established by sequentially increasing the number of
feature variables, and the root mean square error of five-fold cross-validation (RMSEcy)
on the training set was used to compare subsets with different numbers of variables and
determine the optimal number of feature variables. The results showed that when the
number of feature variables was 60, the model obtained the minimum RMSEcy, with a
value of 2.5514. Therefore, this variable subset was determined as the optimal feature
combination selected by RF. The RF-based feature wavelength selection results are shown
in Figure 6, where Figure 6a shows the distribution of variable selection probabilities,
and Figure 6b shows the distribution of the selected feature wavelengths on the mean
spectral curve.

—— Mean spectrum
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Figure 6. Feature wavelength selection results based on the RF algorithm: (a) distribution of variable
selection probabilities; (b) distribution of selected feature wavelengths.

Competitive adaptive reweighted sampling (CARS) was used for feature selection of
spectral bands, and the results are shown in Figure 7. CARS establishes PLS submodels
based on Monte Carlo sampling and gradually reduces the number of retained variables
using an exponentially decreasing function (EDF). As shown in Figure 7a, with the in-
crease in sampling iterations, the number of retained variables decreased rapidly and then
gradually leveled off, indicating that a large number of redundant variables were pro-
gressively eliminated during the iterative process. After each sampling iteration, five-fold
cross-validation on the training set was used to calculate RMSEcy to evaluate the modeling
performance of the corresponding variable subset. Figure 7b shows the variation curve
of RMSEcy with sampling iterations. The RMSEcy first decreased and then increased
with the sampling iterations, reaching the minimum value of 2.6444 at the 26th iteration,
indicating that the variable subset corresponding to this iteration had the best modeling
performance. Figure 7c shows the regression coefficient path, where the dashed line corre-
sponds to the 26th iteration, consistent with the position of the minimum RMSEcy. Finally,
CARS selected 61 feature variables, which were used as the feature band combination
for subsequent model construction. Figure 7d shows the distribution of the final selected
feature bands on the mean spectral curve.

The CFO algorithm was used to select spectral feature wavelengths. First, preliminary
screening was performed using the absolute correlation coefficients between the spectral
variables and the target values in the training set, and the top 120 variables with relatively
high correlations were retained as the candidate feature set. Subsequently, with the feature
selection mask as the optimization object, the CFO algorithm was employed to search for the
optimal subset of candidate variables. During feature subset evaluation, a fitness function
was constructed by comprehensively considering the prediction error of the candidate
feature subset and a penalty term for the number of variables, so as to control the number
of selected variables while ensuring feature effectiveness. In this study, the population size
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of the CFO algorithm was set to 20, the maximum number of iterations was set to 60, and
the penalty coefficient for feature number was set to 0.06.
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Figure 7. Feature wavelength selection results based on the CARS algorithm: (a) relationship between
sampling iterations and the number of sampled variables; (b) variation in RMSEcy with sampling
iterations; (c) regression coefficient path; (d) distribution of selected feature wavelengths.

According to the CFO iteration results, the algorithm showed a clear downward trend
in fitness within the first 20 iterations, with the optimal fitness value decreasing from 2.7090
to 2.5552, indicating that the CFO algorithm could rapidly search for a relatively optimal
feature combination region within a small number of iterations. After 20 iterations, the
optimal fitness value remained basically stable, indicating that the algorithm had gradu-
ally converged and that further iterations produced no obvious improvement in fitness.
Ultimately, the CFO algorithm selected 57 feature wavelengths from the 120 candidate
variables, corresponding to a feature retention rate of 47.5%. This indicates that the method
can effectively retain the major spectral information related to the target variable while
reducing the number of input variables. The results of CFO feature wavelength selection
are shown in Figure 8, where Figure 8a presents the CFO iterative convergence curve,
and Figure 8b shows the distribution of the selected feature wavelengths on the mean
spectral curve.

CFO Convergence Curve (b)
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Figure 8. Feature wavelength selection results based on the CFO algorithm: (a) CFO iterative
convergence curve; (b) selected feature wavelengths after processing by the CFO algorithm.

As shown in Table 7, under the same SVR modeling conditions, different feature
selection methods had certain effects on model prediction performance. Compared with RF
and CARS, the SVR model established using the feature bands selected by CFO achieved
the best prediction performance on the test set, with RIZ, of 0.9383, and both RMSE,, and
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MAE, were lower than those of the other two methods. This result indicates that the feature
subset selected by the CFO could more effectively retain spectral information related to the
prediction of ginseng seed ER, thereby improving the test-set prediction performance of
the model within the experimental data range.

Table 7. Modeling results for predicting ginseng seed emergence rate.

Training Set
R? RMSE MAE Rf, RMSEp MAEp

Testing Set

Model Feature Selection

RF 09738 1.8088 0.7938 0.9219 3.1495 1.5256
SVR CARS 09739 1.8052 0.7528 0.9203 3.1804 1.5044
CFO 09652 2.0833 0.8123 09383 2.7993 1.4264

From the perspective of algorithmic mechanisms, RF and CARS are essentially conven-
tional variable selection methods. Their advantage lies in their ability to rapidly identify
locally significant wavelengths, but they focus more on the contribution of individual
variables or local competitive relationships, with relatively limited consideration of the
strong correlations, information redundancy, and synergistic effects among variables that
are commonly present in hyperspectral data. In contrast, the CFO adopts a swarm intel-
ligence optimization strategy and performs overall optimization of feature subsets in a
larger combinatorial search space. It can not only avoid premature convergence to local
optima through global exploration, but also dynamically balance the relationship between
feature compression and prediction performance during iteration. This also means that the
core value of CFO is not limited to selecting individual important wavelengths; rather, it is
more capable of mining complementary relationships among wavelengths and ultimately
selecting a wavelength combination with stronger adaptability and the best overall perfor-
mance. Therefore, although all three methods achieved feature dimensionality reduction,
CFO obtained a higher coefficient of determination and lower prediction errors on the
test set, indicating that it has stronger robustness and better generalization potential in
hyperspectral feature selection.

3.3. Prediction Results and Analysis of Ginseng Seed Emergence Rate Based on the CFO-SVR Joint
Optimization Model

The prediction performance of the SVR model is greatly affected by hyperparameters
such as the penalty factor (C), kernel parameter (), and insensitive loss parameter (¢).
Traditional manual parameter tuning or grid search methods have limitations such as
low search efficiency, dependence on empirical parameter combinations, and difficulty
in simultaneously considering global search and local optimization. To further improve
the prediction accuracy of the ginseng seed emergence rate, this study jointly optimized
the hyperparameters of the SVR model after completing hyperspectral feature selection
based on the CFO algorithm and constructed a CFO-SVR joint optimization modeling
framework. During modeling, the sample data were divided into a training set and a
test set at a ratio of 7:3. The training set was used for model training, feature selection,
and parameter optimization, whereas the test set was used only for the final evaluation of
model prediction performance.

3.3.1. Analysis of Emergence Rate Prediction Results

To verify the effectiveness and superiority of the CFO-SVR joint optimization model
in predicting ginseng seed emergence rate, GA-SVR and PSO-SVR were selected as com-
parison models in this study. A comprehensive analysis was conducted in terms of fitness
iteration changes, model fitting ability, prediction accuracy, and generalization performance.
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To ensure the fairness of the comparison among different swarm intelligence optimization
algorithms, CFO-SVR, GA-SVR, and PSO-SVR all adopted the same joint optimization
framework. Specifically, on the same candidate wavelength set, the wavelength selection
mask and the three key hyperparameters of the SVR model, namely C, v, and ¢, were opti-
mized simultaneously. The three models used the same parameter search ranges, five-fold
cross-validation-based fitness function, population size, maximum number of iterations,
and feature number penalty coefficient.

The variation pattern of fitness during iteration showed that all three optimization
algorithms could effectively reduce the fitness value of the joint optimization model and
achieve simultaneous search in the parameter space and feature subspace. Among them,
CFO-SVR showed a clear convergence advantage. The fitness value decreased rapidly in
the early stage of iteration, and convergence was completed within far fewer iterations than
those required by the other two algorithms, indicating significantly higher optimization
efficiency. In contrast, PSO-SVR tended to fall into local optima during the middle and late
stages of iteration, with the decrease in fitness gradually stagnating. Although GA-SVR had
continuous search ability, its convergence process was slow, resulting in a higher overall
computational cost. These results verify that the CFO algorithm is more suitable for the
complex search scenario involving simultaneous optimization of features and parameters
in this study and can efficiently and stably construct an optimal modeling framework.

As shown in Table 8, among the different joint optimization models, CFO-SVR
achieved favorable prediction performance. Compared with GA-SVR and PSO-SVR, CFO-
SVR obtained the highest Rf, (0.9517) and the lowest RMSE;, and MAE,, on the test set,
indicating better consistency between the predicted and measured values. This result
suggests that the CFO algorithm had good optimization capability during the simultaneous
optimization of feature selection and SVR parameters, thereby improving the prediction
performance of the model for ginseng seed ER within the experimental data range.

Table 8. Comparison of prediction performance of different joint optimization models for ginseng
seed emergence rate.

Training Set Testing Set
Joint Optimization
R2 RMSE MAE Rf, RMSEp  MAEp
GA-SVR 0.9778 1.6631 0.5195 0.9399 2.7611 1.2324
PSO-SVR 0.9758 1.7374 0.5571 0.9319 2.9410 1.2797
CFO-SVR 0.9820 1.4978 0.4221 0.9517 2.4766 1.0730

To further exclude the potential influence of inherent emergence differences between
MCGS and AGS on model performance in mixed-data modeling, the CFO-SVR model
was independently trained and tested using the MCGS and AGS datasets. As shown
in Table 9, the R}% values of MCGS-only CFO-SVR and AGS-only CFO-SVR on the test
set were 0.9474 and 0.9397, respectively, both close to that of the global CFO-SVR model
(0.9517), indicating that CFO-SVR still maintained good prediction ability within a single
seed type. This result suggests that the high prediction performance of the global CFO-SVR
model was not solely caused by the inherent emergence differences between the two seed
types, but that the model could capture the association between hyperspectral features
and ER within the same seed type. From the scatter plot distribution in Figure 9, further
comparison showed that the scatter points of both the training and test sets in the global
CFO-SVR model shown in Figure 9a were more concentrated, with smaller deviations
between the predicted points and the ideal fitting line, especially in the medium-to-high
ER range, where good fitting consistency was observed. In contrast, some prediction points
of GA-SVR and PSO-SVR in Figure 9b,c deviated more obviously from the ideal fitting line,
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indicating relatively larger prediction errors. Meanwhile, Figure 9d,e further showed that
MCGS-only CFO-SVR and AGS-only CFO-SVR also achieved good prediction consistency
within the single-seed-type datasets, further verifying the stability of the CFO-SVR model.

Table 9. Validation of ER prediction performance of the CFO-SVR model based on independent
seed-type datasets.

Training Set Testing Set
Validation Strategy
R? RMSE MAE RIZJ RMSEp MAEp
Global CFO-SVR 0.9820 1.4978 0.4221 0.9517 2.4766 1.0730
MCGS-only
CFO-SVR 0.9858 1.8020 0.5189 0.9474 3.4890 1.7434
AGS-only CFO-SVR  0.9658 0.6628 0.3708 0.9397 0.8806 0.5915
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Figure 9. Scatter plots of different optimization frameworks: (a) CFO-SVR; (b) GA-SVR; (c) PSO-SVR;
(d) MCGS-only CFO-SVR; (e) AGS-only CFO-SVR.

The results showed that the CFO-SVR joint optimization modeling framework pro-
posed in this study could simultaneously achieve feature wavelength selection and SVR
parameter optimization. By reducing high-dimensional spectral redundancy and noise
interference, the framework improved the model fitting ability and test-set prediction
performance for ginseng seed ER. Compared with GA-SVR and PSO-SVR, CFO-SVR
showed faster convergence and lower prediction errors and maintained good prediction
performance in the MCGS-only and AGS-only datasets, indicating that this model could
effectively extract hyperspectral feature information related to ER. Overall, CFO-SVR ex-
hibited good ER prediction ability within the experimental data range and can provide a
methodological reference for rapid and non-destructive evaluation of ginseng seed vigor.

3.3.2. Analysis of Spectral Response Characteristics of Ginseng Seeds

In this study, the feature wavelengths selected by CFO-SVR were mapped onto the
mean spectral curves of ginseng seeds, as shown in Figure 10a,b. The results showed that the
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selected feature wavelengths were not randomly distributed across the full spectral range,
but were mainly concentrated in spectrally sensitive regions of the shortwave infrared
range, particularly within 1080-1250 nm, 1370-1470 nm, 1640-1770 nm, 1880-1960 nm,
and 2200-2350 nm. To further analyze the physicochemical significance of these feature
wavelengths, their main functional group assignments and possible corresponding physic-
ochemical characteristics were summarized. As shown in Table 10, the feature wavelengths
selected by the CFO-SVR model were mainly associated with the absorption of functional
groups such as O-H, C-H, and N-H and may reflect changes in internal seed components
and status, including water status, lipids, proteins, starch, and sugars. Among them,
1370-1470 nm and 1880-1960 nm may be mainly related to water and bound water status,
1080-1250 nm and 1640-1770 nm may be mainly associated with lipids and membrane lipid
status, and 2200-2350 nm may reflect information on complex components such as proteins,
starch, and sugars. These results indicate that these feature wavelengths contributed to
model prediction and may also provide a reference for analyzing differences in the internal
physicochemical status of ginseng seeds after laser treatment.
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Figure 10. Mean spectral curves of ginseng seeds: (a) MCGS; (b) AGS.
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Table 10. Main functional group assignments of feature wavelengths and their corresponding
physicochemical characteristics.

Wavelength Region

Possible Corresponding

Main Functional Group Assignment Physicochemical Characteristics

1080-1250 nm

Mainly C-H second overtone, primarily
involving -CH, —-CHj, and -CH3
vibrations [37,38]

Lipids, crude fat, and some
reserve carbohydrates

1370-1470 nm

Water content, bound water, and
Mainly O-H absorption, with contributions  hydrogen-bonding environment may also
from C-H and N-H [39,40] partially reflect changes in proteins
and carbohydrates

1640-1770 nm

Lipids and membrane

Mainly C-H first overtone [37,41] lipid-related information

1880-1960 nm

O-H combination band/strong water

band [37,42] Water status and bound water changes

2200-2350 nm

Overlapping region of N-H/C-H/O-H Complex components such as proteins,
combination bands [41] starch, cellulose, sugars, and some lipids

The emergence results in Table 1, the mean spectral curve in Figure 10a, and the
feature band assignments in Table 10 showed that MCGS had relatively high ER, EE,
and EI under blue light irradiation for 5 min, indicating that short-duration blue light
treatment markedly improved the emergence vigor of MCGS. From the perspective of
spectral response, the blue light treatment for 5 min showed clear reflectance differences
from the other treatments in O-H-related sensitive regions, such as 1370-1470 nm and
1880-1960 nm. These regions are mainly associated with seed water status, bound water,
and the hydrogen-bonding environment, suggesting that the improvement in emergence
vigor of MCGS under short-duration blue light treatment may be related to changes in
water-related spectral information.

In addition, certain spectral differences among treatments were also observed in
the wavelength regions of 1080-1250 nm, 1640-1770 nm, and 2200-2350 nm, which are
related to C-H, N-H, and O-H combination absorptions. These regions may involve
information on components such as lipids, membrane lipids, proteins, starch, and sugars.
The ER of the MCGS control group was lower than that of AGS, indicating a relatively low
basal emergence level. After appropriate laser treatment, the emergence performance of
MCGS improved markedly, and these changes may be associated with spectral information
related to water status, membrane lipid structure, and storage reserve status. However,
the specific physiological processes require further verification using physiological and
biochemical indicators.

Combined with the emergence results in Table 3, the mean spectral curves in Figure 10b,
and the feature band assignments in Table 10, the AGS control group showed a relatively
high ER, indicating a favorable basal emergence level of its seeds. Compared with MCGS,
AGS showed more distinct stage-dependent responses to different light qualities and
irradiation times. Under blue light irradiation for 5 min, AGS achieved a relatively high
final ER, suggesting that short-duration blue light treatment may have certain regulatory
potential for its emergence process. This effect may be related to water status and partial
storage reserve information reflected by O-H- and C-H-related wavelengths. The red-blue
3:1 treatment for 15 min showed relatively high EE, indicating that an appropriate composite
light ratio may be more conducive to early emergence initiation in AGS, which may also be
associated with spectral information related to water status and storage reserves. Under
red light irradiation for 30 min, AGS showed better ER and EI, suggesting that longer-
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duration red light may be more beneficial for later emergence accumulation. Its spectral
response may be more closely reflected in wavelength regions such as 1640-1770 nm and
2200-2350 nm, which are associated with complex components including lipids, proteins,
sugars, and starch.

Therefore, the spectral information captured by the CFO-SVR model can be used not
only for ER prediction, but also as a reference for understanding changes in ginseng seed
vigor after laser treatment. The selected key wavelengths were mainly associated with
physicochemical components such as water, lipids, proteins, and carbohydrates, indicating
that the spectral information contained in these wavelengths may reflect differences in the
internal component status of seeds after laser treatment. MCGS and AGS showed different
response trends within similar feature wavelength ranges, further suggesting that different
ginseng seed types differ in their adaptability to light quality and irradiation time. These
findings also provide a reference for establishing differentiated laser regulation parameters
for different ginseng seed types in future studies.

3.3.3. SHAP Analysis

To further analyze the prediction basis and feature contributions of the optimized CFO-
SVR model, SHAP was used to interpret the final model. The contributions of each input
feature were visualized using SHAP bar and beeswarm plots. In the bar plot, the bar length
represents the mean absolute SHAP value of each feature across all explained samples,
reflecting its importance in the prediction dataset. The beeswarm plot further shows the
distribution range of SHAP values for each feature and the direction of its influence on
model output. Features are ranked from top to bottom according to importance. A wider
SHAP value distribution indicates a stronger association with the output and a greater
potential influence on the prediction results.

As shown in Figure 11a, among the top 20 important feature wavelengths, 17 were
located in the shortwave infrared region, including 1221, 2238, 1123, 2027, 1549, 2257, 1227,
2167,1193, 1082, 1648, 2202, 1226, 1408, 1373, 1768, and 1705 nm. Among these wavelengths,
1221 nm had the greatest influence on the prediction of ginseng seed ER.
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Figure 11. Feature importance plots for interpreting the CFO-SVR model: (a) SHAP bar plot; (b) SHAP
beeswarm plot.

As shown in Figure 11b, different feature wavelengths showed different directions of
influence on the model output. High feature values at 1221, 725, 1193, 1648, 2202, 1408,
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1768, and 1705 nm were mainly distributed in the positive SHAP value region, indicating
that higher values at these wavelengths generally increased the model-predicted ER and
made positive contributions to ER prediction. In contrast, high feature values at 2238, 817,
1123, 2027, 1549, 2257, 1227, 2167, 840, 1082, 1226, and 1373 nm were mainly distributed in
the negative SHAP value region, indicating that higher values at these wavelengths may
reduce the model-predicted ER and thus contribute negatively to ER prediction.

According to the near-infrared band assignments listed in Table 10, bands such as
1221, 1226, 1227, and 1193 nm were mainly distributed near 1200 nm. This region is
generally associated with C-H second-overtone absorption and partial high-order overtone
absorption of O-H and may reflect spectral information related to lipids, carbohydrates, and
bound water status in seeds. The bands at 1408 and 1373 nm are located near O-H-related
absorption regions and may be associated with seed water status and the hydrogen-bonding
environment. Bands such as 1549, 1648, 1705, and 1768 nm mainly involve N-H- and C-H-
related overtone absorptions and may be related to information on storage substances such
as proteins, lipids, and some carbohydrates. Long-wave near-infrared bands such as 2027,
2167, 2202, 2238, and 2257 nm are mostly located in the combination absorption regions of
O-H, N-H, and C-H, and may reflect information on complex components such as water,
proteins, starch, sugars, and lipids.

These results indicate that the key bands identified by SHAP were not randomly
distributed, but were mainly concentrated in typical near-infrared regions associated with
seed water status, storage substances, and organic functional group absorption, providing a
possible spectral explanation for the prediction of ginseng seed ER by the CFO-SVR model.
Because the information reflected by these wavelengths overlaps, a single wavelength
cannot be directly assigned to a specific physiological process. Therefore, this study
provides only a preliminary interpretation from the perspective of spectral assignment.

Overall, the SHAP analysis showed that the predictions of the CFO-SVR model were
jointly influenced by multiple feature wavelengths, mainly located in the shortwave in-
frared region. This indicates that the model did not rely on random wavelengths for
prediction, but primarily used spectral information related to seed components such as wa-
ter, lipids, proteins, and carbohydrates. SHAP analysis provided supplementary evidence
for the importance ranking and influence direction of key wavelengths, thereby improving
the interpretability of the CFO-SVR prediction results.

4. Discussion

The results of this study indicate that semiconductor laser treatment affected the
emergence vigor of ginseng seeds. However, this effect was not a uniform promotion
response, but was jointly influenced by seed type, light-quality combination, and irradiation
time. MCGS showed greater vigor enhancement under blue light treatment, whereas AGS
performed better under longer-duration red light irradiation. These results suggest that the
effects of laser treatment on ginseng seed vigor are not single or fixed promoting effects,
but depend on seed type, light-quality characteristics, and irradiation dose.

This difference may be related to variations between MCGS and AGS in dormancy
depth, seed coat structure, embryo developmental status, and endogenous hormone bal-
ance. Although cracked-stage seeds have acquired a certain basis for germination, they
remain at a critical transitional stage from dormancy release to germination initiation,
during which different ginseng seed types may differ in their perception of and response to
external light signals. In general, blue light is more commonly associated with the activation
of energy metabolism, antioxidant regulation, and enhanced cellular activity, whereas red
light is more involved in phytochrome-mediated dormancy release and radicle elongation
regulation [43—45]. Therefore, the higher sensitivity of MCGS to blue light may indicate
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that its vigor enhancement depends more on metabolic activation and enhanced enzymatic
reactions. In contrast, the better performance of AGS under long-duration red light suggests
that its germination process may be more strongly affected by phytochrome signaling and
early growth regulation. Meanwhile, the biological effects of laser irradiation also showed
clear dose dependence. An appropriate irradiation time may act as a low-energy physical
stimulus to promote reserve transformation and embryo growth, whereas insufficient or
excessive stimulation may weaken the promoting effect. Therefore, the different treatment
combinations reflected the differential physiological responses of different ginseng seed
types within specific laser dose windows. The hyperspectral modeling results further
demonstrated that changes in ginseng seed vigor after laser treatment could be effectively
characterized using spectral information. Preprocessing with SG combined with the second
derivative (S-G-2nd) significantly improved model prediction performance, indicating that
this method reduced the effects of noise and baseline drift while enhancing weak absorption
features. Compared with conventional feature selection methods such as RF and CARS, the
feature subset selected by CFO achieved higher prediction accuracy when combined with
SVR, suggesting that swarm intelligence optimization has strong global search capability
for high-dimensional and highly collinear hyperspectral data. Furthermore, the CFO-SVR
joint optimization model achieved the highest coefficient of determination and the low-
est prediction errors on the test set, indicating that simultaneous optimization of feature
wavelengths and model parameters improved model generalization performance.

It should be noted that the time interval between laser irradiation and hyperspectral
acquisition may affect the interpretation of the spectral results. In this study, hyperspectral
reflectance data were not collected immediately after laser irradiation, but were collected
on the second day after all laser treatments were completed. Seeds from all laser treatment
groups and the control group were kept overnight under the same indoor environmental
conditions before spectral acquisition. Therefore, the instantaneous surface temperature dif-
ferences and immediate photothermal cooling process that may have been caused by laser
irradiation were largely eliminated, and the hyperspectral sensor was unlikely to mainly
measure differences in photothermal cooling curves among different treatment groups.
Meanwhile, this study collected visible-near-infrared—shortwave infrared reflectance in-
formation within the range of 350-2500 nm, rather than thermal infrared radiation signals.
Therefore, this system was not a device for directly monitoring seed surface temperature or
the thermal cooling process. Considering the overnight interval between laser treatment
and spectral acquisition in the experimental procedure of this study, the influence of instan-
taneous photothermal effects on the hyperspectral acquisition results can be considered
relatively small. However, this study did not directly record the dynamic changes in seed
surface temperature after laser irradiation. Future studies may further verify the pho-
tothermal effects after laser treatment by combining infrared thermal imaging or surface
temperature monitoring.

The key bands selected by the CFO were mainly concentrated in the regions of
1080-1250 nm, 1370-1470 nm, 1640-1770 nm, 1880-1960 nm, and 2200-2350 nm. In terms
of near-infrared spectral assignment, these bands are mainly associated with overtone and
combination absorptions of functional groups such as O-H, C-H, and N-H, and may reflect
spectral information related to seed water status, surface scattering characteristics, lipids,
proteins, starch, sugars, and other storage substances. It should be noted that near-infrared
absorption peaks are characterized by overlap and complex assignments, and a single
feature wavelength cannot be directly interpreted as a change in a specific biochemical
component. Therefore, the spectral interpretation in this study mainly indicates that these
bands are associated with information related to seed emergence vigor, but cannot directly
prove that stable biochemical reconstruction of internal seed macromolecular structures
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occurred after laser treatment. SHAP analysis further showed that bands such as 1221,
2238, 1123, and 2027 nm made important contributions to model prediction, providing a
basis for feature interpretation of the hyperspectral model.

Although this study established a relatively high-accuracy non-destructive prediction
method for ginseng seed vigor, several limitations remain. First, only two types of seeds,
MCGS and AGS, were used in this study. The samples were obtained from the same
production area, the experimental data were collected in the same experimental season,
and hyperspectral data acquisition was completed using the same measurement system.
Therefore, the sample sources, year-to-year variation, and instrumental conditions were
still limited. Second, this study used ER and related emergence indicators as the basis for
vigor evaluation, and the prediction model was mainly established based on the statistical
association between hyperspectral features and ER. Continuous spectral monitoring at
different time points after laser treatment, seed surface temperature recording, and phys-
iological and biochemical indicator measurements were not conducted simultaneously.
Therefore, the biological interpretation of the key bands in this study remains mainly a
speculative analysis based on near-infrared spectral assignments, and the present spectral
evidence alone is insufficient to directly demonstrate stable biochemical reconstruction of
internal macromolecular structures, such as proteins, lipids, starch, or sugars, after laser
treatment. Future studies may further combine indicators such as enzyme activity, respira-
tion intensity, soluble sugars, membrane lipid peroxidation, infrared thermal imaging, and
dynamic monitoring of the imbibition process to verify the relationship between spectral
features and internal physiological changes in seeds. In addition, model validation in this
study was mainly used to evaluate the ER prediction ability within the established laser
treatment system. Because the training and test sets were divided at the spectral-sample
level, different spectra from the same treatment group may have entered the training and
test sets separately. Therefore, the R?, RMSE, and MAE reported in this study should
mainly be interpreted as internal prediction performance within the treatment range of this
experiment, and should not be regarded as a completely independent validation for new
seed batches or new treatment groups. Further independent external validation should be
conducted under different years, production areas, seed batches, larger sample sizes, and
different measurement systems to improve the stability and applicability of the model in
practical seed quality detection and production applications. Overall, this study provides
a feasible technical pathway for laser-based pre-sowing treatment of ginseng seeds and
hyperspectral nondestructive detection and also offers a reference for the rapid quality
evaluation of medicinal plant seeds.

5. Conclusions

In this study, cracked-stage MCGS and AGS were used to investigate the effects of
semiconductor laser treatments with different light-quality combinations and irradiation
times on the emergence vigor of ginseng seeds, and a non-destructive prediction model for
ER was constructed based on hyperspectral technology and machine learning. The results
showed that the effects of laser treatment were characterized by clear seed-type differences
and parameter dependence. MCGS responded most markedly to short-duration blue light
treatment, and blue light treatment for 5 min significantly increased ER, EE, and EI. In
contrast, no significant differences were observed between any laser treatment group and
CKin AGS, with only certain numerical trends. Hyperspectral results showed that changes
in seed emergence vigor could be characterized by spectral information, and the CFO-SVR
model showed good ER prediction ability within the treatment range of this experiment.
However, because model evaluation was based on spectral-sample-level division within the
same experimental system, the obtained prediction results should be regarded as internal
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validation results within the treatment range of this experiment, rather than as completely
independent validation for new seed batches or unknown treatment groups. Future studies
should further introduce independent samples from different years, production areas, and
seed batches, and adopt independent validation at the treatment-group or batch level to
further evaluate the robustness and practical applicability of the model.
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