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Soybean seed pest damage detection et

method based on spatial frequency domain
imaging combined with RL-SVM

Xuanyu Chen', Wei He?, Zhihao Ye?, Junyi Gai®, Wei Lu'” and Guangnan Xing®

Abstract

Soybean seeds are susceptible to damage from the Riptortus pedestris, which is a significant factor affecting the qual-
ity of soybean seeds. Currently, manual screening methods for soybean seeds are limited to visual inspection, making
it difficult to identify seeds that are phenotypically defect-free but have been punctured by stink bugs on the sub-sur-
face. To facilitate the convenient and efficient identification of healthy soybean seeds, this paper proposes a soybean
seed pest detection method based on spatial frequency domain imaging combined with RL-SVM. Firstly, soybean
optical data is obtained using single integration sphere technique, and the vigor index of soybean seeds is obtained
through germination experiments. Then, based on the above two data items using feature extraction algorithms

(the successive projections algorithm and the competitive adaptive reweighted sampling algorithm), the charac-
teristic wavelengths of soybeans are identified. Subsequently, the spatial frequency domain imaging technique

is used to obtain the sub-surface images of soybean seeds in a forward manner, and the optical coefficients such

as the reduced scattering coefficient u/; and absorption coefficient ug of soybean seeds are inverted. Finally, RL-MLR,
RL-GRNN, and RL-SVM prediction models are established based on the ratio of the area of insect-damaged sub-
surface to the entire seed, soybean varieties, and u4 at three wavelengths (502 nm, 813 nm, and 712 nm) for predict-
ing and identifying soybean the stinging and sucking pest damage levels of soybean seeds. The experimental results
show that the spatial frequency domain imaging technique yields small errors in the optical coefficients of soybean
seeds, with errors of less than 15% for i, and less than 10% for /.. After parameter adjustment through reinforce-
ment learning, the Macro-Recall metrics of each model have improved by 10%-15%, and the RL-SVM model achieves
a high Macro-Recall value of 0.9635 for classifying the pest damage levels of soybean seeds.
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Introduction
Soybean has high nutritional value, with high content of
protein, unsaturated fatty acids, isoflavones, and other
nutrients. It is also an important oilseed crop [1]. How-
ever, soybean seeds are susceptible to damage by Riptor-
tus pedestris (Order Hemiptera, family Pentatomidae)
while growing. These stink bugs produce saliva contain-
ing digestive enzymes while feeding, extracting nutrients
and moisture from soybeans [2], leading to a decrease
in soybean seed quality [3]. Healthy soybean seeds have
higher germination rates and can grow into more resist-
ant seedlings, ultimately improving crop yield [4]. There-
fore, seed quality detection is crucial [5]. The timing of
pest detection directly affects the final crop yield. This
is because the phenotypes of crops at the early stage of
infestation are not significantly different from healthy
soybean seeds. Manual selection is time-consuming,
labor-intensive, and less stable, relying on the experi-
ence of workers. Machine recognition methods are lim-
ited by the small size and hidden nature of soybean pest
characteristics [6], resulting in many infected seeds going
undetected until they are planted or used. Moreover, R.
pedestris, as a vector for yeast spot disease [7], often leads
to complete sterility of seeds in entire field [8]. Therefore,
it is crucial to screen for soybean seeds minor pest dam-
age to improve seed quality and ensure emergence rate.
At present, large seed companies both domestically
and internationally have established seed processing pro-
cedures. These procedures primarily rely on the physical
differences in seed size, density, and other characteris-
tics. Impurities are removed using equipment such as
air screen cleaners and liquid separators. Seeds that are
not plump, have abnormal colors, severe deterioration,
obvious signs of pest damage, or surface contamination
by pests and diseases are eliminated [9]. This process
mainly targets physically damaged or visually abnormal
seeds. It cannot selectively identify deteriorated seeds
that appear normal but have substandard germination
rates and vigor. It also fails to detect internal defects,
damage, contaminants, and pathogen invasion within
the endosperm and embryo of seeds. Some research-
ers have explored the use of scattering spectra obtained
through near-infrared [10], hyperspectral [11], fluores-
cence [12], as well as X-ray [13] and terahertz [14] tech-
niques to establish seed quality models based on optical
and density information. These methods aim to achieve
non-destructive detection of seed damage. However, due
to factors such as long detection cycles and high costs,
these methods are still limited to laboratory-scale appli-
cations. Moreover, they cannot accurately determine
pest damage hidden beneath the soybean phenotype.
In this regard, spatial frequency domain imaging tech-
nology has emerged as a promising approach in optical
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detection due to its capability for depth discrimination
in imaging.

In recent years, structured light reflection imaging
technology has experienced rapid development. Based
on the frequency-dependent attenuation of light in bio-
logical tissue [15], this technology projects light with
different frequencies onto the surface of an object. By
analyzing the modulated direct and alternating current
images containing depth information, and further pro-
cessing the images, the contrast of the information is
enhanced. Structured light reflection imaging technology
was initially applied in the field of biomedical sciences.
In 2005, Cuccia proposed this technique [16], and it has
since been widely used for measuring optical properties
of biological tissues, such as burn severity assessment
[17], prediction of foot ulcers in diabetic patients [18],
and oxygenation measurement [19, 20]. In 2007, Ander-
son et al. [21] first discovered the potential of spatial fre-
quency domain imaging technology in the agricultural
field. They found that the reduced scattering coefficient
of damaged apples was higher than that of normal apples.
Subsequently, Lu et al. [15] proposed structured light
imaging technology based on spatial frequency domain
imaging. They applied this technique to detect bruises
on the subsurface of fresh apples and demodulated the
transmitted images of the apples. Sun et al. [6] used
spatial frequency domain imaging to obtain alternating
current images and ratio images of peaches. They com-
bined the watershed algorithm with partial least squares
discriminant analysis and convolutional neural network
(CNN) methods to classify infected peaches. The detec-
tion rates ranged from 65 to 87% with the former method
and reached 98.6% with the latter. Luo et al. [22] studied
the calibration, correction, and application of spatial fre-
quency domain imaging in surface damage detection of
pears. They measured the reduced scattering coefficient
and absorption coefficient of pears and used a linear dis-
criminant analysis model to distinguish different surface-
damaged pears, achieving results superior to traditional
methods’ results.

Above studies have demonstrated the tremendous
potential of spatial frequency domain imaging technol-
ogy in the agricultural field. However, current agricul-
tural experiments are still limited to the measurement of
fruits and vegetables, which have similar physicochemi-
cal properties and provide certain reference points for
each other. There is currently a lack of research on spa-
tial frequency domain imaging for seed crops. Due to
long-term moisture loss and wrinkling of the soybean
seed coat during storage and friction between seed coats
during transportation, soybean seeds often exhibit dark
abrasions on the surface [23]. These abrasions are very
similar to non-apparent pest damage and are difficult
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to distinguish with the naked eye [24], causing manual
selection to heavily rely on experience and not guarantee
accuracy. However, surface abrasions do not affect the
subsurface, and healthy seeds have noticeable differences
from pest-damaged seeds in the subsurface. By directly
observing and comparing the subsurface, they can be
easily and accurately differentiated.

Currently, shallow neural networks have become a
popular direction in deep learning due to their small data
set [25]. Compared to traditional deep learning models
that require multiple hidden layers and a large amount
of training data, shallow neural networks have a simpler
model structure and perform better on small datasets
[26]. Given the significant differences in information and
the relative difficulty in acquiring information in agricul-
tural product detection, shallow neural network models
are more suitable for agricultural applications [27]. Dur-
ing the training process of neural networks, there are
many invariant parameters, such as the sigma of Gener-
alized Regression Neural Network (GRNN), the kernel
and C of Support Vector Machine (SVM), and the alpha
of Mixed Logistic Regression (MLR). The selection of
these parameters directly affects the performance of the
final model [28]. These parameters are determined by
both empirical knowledge, selecting appropriate ranges
for setting, and reliable methods to accurately deter-
mine their final values [29]. The fundamental principle of
reinforcement learning is that an intelligent agent learns
autonomously through continuous interaction with the
environment, guided by a reward mechanism, to achieve
optimal behavioral choices [30]. To optimize the model,
applying reinforcement learning techniques and treating
the parameter selection of the neural network model as a
behavior choice in reinforcement learning is an emerging
approach to improving neural network performance [31].

Therefore, this study focuses on soybean seeds and
aims to validate the feasibility of the algorithm by com-
paring spatial frequency domain imaging data with sin-
gle integrating sphere measurement data. Subsequently,
structured light imaging methods are employed for pest
damage detection imaging of soybeans. Finally, in com-
bination with reinforcement learning, SVM, MLR, and
GRNN neural network models are optimized. Based on
the size of the subsurface erosion area of soybean seeds,
a predictive classification model for soybean seeds pest
damage levels is constructed, exploring the feasibility of
pest damage detection in soybean seeds.

Materials and methods

Experimental materials and data acquisition

In this experiment, seeds of three soybean varie-
ties, namely SuXian26, NanNong1138-2, and QY1808
(referred to as SX26, NN1138-2, and QY1808
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Fig. 1 Soybean Seeds Classification. (The blue, yellow, and red
circles in the diagram correspond to the concealed type, mild type,
and severe type of seeds, respectively)

respectively), were selected after being infested with R.
pedestris at the R3 stage at the Baima base of Nanjing
Agricultural University (longitude: 119.180691, latitude:
31.613777). Some soybean seeds may not show obvious
signs of damage on the surface after being bitten by R.
pedestris (Fig. 1). They are classified into three catego-
ries based on surface identification: concealed type, mild
type, and prominent type, corresponding to the blue, yel-
low, and red circles in the image, respectively. For each
variety, 100 healthy seeds were selected, which were simi-
lar in size, color, and had no obvious surface defects. In
total, there were 300 samples, with 210 seeds used as the
training set and 90 seeds as the testing set. Firstly, the
soybean seeds were washed with a 1000 mg/L concentra-
tion of sodium hypochlorite solution to ensure that the
surface was free from bacteria. Then, the soybean seeds
were rinsed with distilled water to remove the sodium
hypochlorite solution, followed by air drying in a drying
room.

Finally, soybean seeds of the concealed type were
selected for subsequent experiments, as this type of seeds
are difficult to screen manually by naked eyes and the
screening accuracy is relatively low. Seeds that did not
meet the requirements were discarded, and new soybean
seeds were selected to repeat the above steps until the
required number of seeds was obtained.

The SFDI (Spatial Frequency Domain Imaging) system
used in this experiment is based on a halogen light source
[32]. The physical configuration of the system is shown in
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Projector

Fig. 2 Physical image of spatial frequency domain imaging system

Fig. 2. The system consists of two main components: the
projection unit and the imaging unit. The projection unit
includes a dark box, a GX-100 halogen light source (Bei-
jing Padiwei Instrument Co., Ltd., China) with adjust-
able light intensity, a WDG single-grating spectrometer
(Beijing Beiguang Century Instrument Co., Ltd., China),
a lifting platform, and a DLI6500 projector (Texas Instru-
ments, USA). The halogen light source has good color
rendering properties, and its spectrum is close to the
continuous spectrum of sunlight. The maximum power
of the instrument is 200W, but for the sake of experimen-
tal stability, a power of 150W was used. The dimensions
of the lifting platform are 300 X 300 mm, and its height
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range is 100-460 mm. Spectrometer is used to screen the
wavelength of light sources and is directly connected and
controlled by the computer#1. The images required by
the projector are provided by a connected computer#2,
and the desired sine images are generated using MAT-
LAB R2020a software. To reduce the influence of surface
reflection from soybean seeds on the captured images, a
polarizing film is installed in front of the projector.

The imaging unit primarily consists of a lifting plat-
form, computers, and a Canon EOS 700D camera
(Canon, Japan). The lifting platform is used to control
the distance between the soybean seed and the projec-
tor and camera, ensuring uniform projection onto the
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soybean seed and clear image capture. The Canon cam-
era is controlled by a smartphone via software to allow
for focusing and capturing photos. The captured images
are then transferred to the computer for demodulation
processing.

Process of soybean seeds pest detection

This study utilizes the SFDI (Spatial Frequency Domain
Imaging) method to generate depth images of soybean
seeds based on three-phase demodulation. The detec-
tion method workflow is illustrated in Fig. 3 and con-
sists of five steps: (1) using a single integrating sphere
to measure the transmittance and reflectance of dif-
ferent bands of soybean and calculate the absorption

(a)

Sample
Collimator

Light Source
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coefficient p, and the reduced scattering coefficient
W (2) conducting soybean germination experiment;
(3) extracting feature wavelengths of soybean based on
successive projection algorithm and competitive adap-
tive reweighting algorithm; (4) obtaining the structured
light reflection image of soybean in the forward direc-
tion by spatial frequency domain imaging system; (5)
performing inverse reconstruction of y, and p/, by spa-
tial frequency imaging system, and the feasibility of the
experimental algorithm is verified; (6) classifying soy-
bean of damage based on gnawing area; and (7) compar-
ing and analyzing the models and evaluating the extent
of soybean damage.

USB 4000

Spectrometer Computer

Sliding Rail

Fig. 4 single integrating sphere system. a Schematic diagram. b Physical diagram
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Measurement of soybean optical properties by single
integrating sphere

This study employed an iterative indirect measure-
ment method to calibrate soybean seeds of three differ-
ent varieties. The PTFE integrating sphere system (Jinan
Chuangpu Instrument Co., Ltd., China) was used to
measure the total reflectance and total transmittance of
each soybean using SpectraSuite software. As shown in
Fig. 4.

When measuring the transmission spectrum, the
experimental setup is first placed in a dark environment
without opening any ports, and the dark field spectrum is
measured. Then, the halogen lamp light source is turned
on and preheated for 10 min. The input port is opened to
allow light to enter the interior of the single integrating
sphere and obtain the transmission reference spectrum.
The test sample is then placed tightly against the input
port of the integrating sphere, and the distance between
the light source and the sample is adjusted to minimize
and maximize the brightness of the light spot on the sur-
face of the test sample. Some of the light passes through
the sample and enters the detection end of the integrat-
ing sphere, where the detector measures the transmitted
light intensity.

When measuring the reflection spectrum, both the
input port and the output port of the instrument are
opened simultaneously, allowing the light to pass through
and measure the dark field spectrum. Then, a standard
reflection board (HSIA-CT-SRT-99-050, Jiangsu Dualix
Spectral Imaging Technology Co., Ltd., China) is placed
at the output port to obtain the reflection reference spec-
trum. The reflection board is then replaced with the test
sample, and the distance between the light source and the
sample is adjusted to minimize and maximize the bright-
ness of the light spot on the sample surface. The sample
reflects some of the light, which enters the detection end
of the integrating sphere again, and the detector meas-
ures the reflected light intensity.

During the experimental process, it is important to
ensure that the distance between the light source and
the sample remains constant, and the incident light spot
on the sample surface maintains a diameter of 1.9 mm
[33]. Using the scale at the right end of the optical rail as
a reference, for measuring the transmission spectrum,
the light source is positioned at 10 cm, the integrating
sphere is positioned at 20 cm, and the test sample is posi-
tioned at 14 cm. When measuring the reflection spec-
trum, only the position of the test sample is changed to
25 cm. The soybean spectral data are preprocessed using
SpectraSuite software, including noise removal and data
smoothing, and ultimately calculated to obtain the total
reflectance and total transmittance. The integration time
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is set to 1 s, and the smoothing and averaging are set to 3
times.

To ensure the reliability and consistency of the experi-
mental data, the experiments are repeated multiple times
and the results are compared. If the difference exceeds
the threshold set, the experiments are continued until the
difference in data is within the threshold for at least three
or more repetitions [34].

For most food and agricultural products, the anisot-
ropy factor has a small impact on the calculation of the
iq and usg values. The range of g values is typically [0.7,
0.9] [35]. In the subsequent IAD iterative computations
in this study, an anisotropy factor of 0.7 is used. The
reflectance and transmittance data were then used in the
iterative process based on the Inverse Adding Doubling
(IAD) algorithm [36] to calculate the values of 1, and /g
[37]. The accuracy of the measurements obtained using
the single integrating sphere method has been previously
demonstrated [38], and thus, the results obtained from
the single integrating sphere measurements were used as
the reference for comparison with the subsequent spatial
frequency domain imaging experiments. This was done
to validate the feasibility of the spatial frequency domain
algorithm.

Germination experiment of soybean seed samples

After the completion of single integrating sphere meas-
urements, the soybean seeds were immediately sub-
jected to germination experiments. A total of 216 seeds
(24 seeds for each variety) from three different varie-
ties, namely SX26, NN1138-2, and QY1808, were taken
from the past year (2022, since the soybean seeds were
harvested in the second half of 2023, and the experi-
ments were conducted in the first half of the year). The
soybean seeds were first soaked in room temperature
water (23 °C) for 4-5 h. Then, they were classified and
placed in different culture dishes. The culture dishes
had an upper cover with a diameter of 81 mm, a lower
cover with a diameter of 75 mm, a height of 17.6 mm,
a wall thickness of 2.3 mm, and weighed 59 g. Labels
were attached to the culture dishes for identification.
The germination process was conducted under a light—
dark cycle of 16 h of light and 8 h of darkness. The
number of germinated soybeans was recorded daily,
and timely watering was done to maintain moisture lev-
els. Moldy seeds were removed, and if more than half of
the seeds in a culture dish were moldy, the germination
filter paper was replaced. Finally, based on the data col-
lected for five consecutive days, the seed germination
rate, germination index (GI), and vigor index (VI) were
calculated.
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The germination rate refers to the percentage of
germinated soybean seeds out of all the experimen-
tal seeds under specific environmental conditions and
within a certain period. A higher germination rate indi-
cates higher seed vigor, while a lower germination rate
indicates lower seed vigor. It can be obtained using the
following formula:

Numysp,

G x 100% Q)

UM,
where G represents the germination rate, Numiy, repre-
sents the number of germinated seeds, and Num,y; repre-
sents the total number of seeds.

The GI is a more detailed indicator than the germina-
tion rate, as it represents the sum of germinated seeds
on a daily basis. It provides a finer analysis of the ger-
mination process by considering each day individually,
thus better reflecting the seed vigor. The calculation
formula is as follows:

Numgp,
Gl = Z — @)

where Numy,, represents the number of germinated
seeds and Day; represents the i-th day.

VI is a comprehensive index of germination rate and
growth rate of seeds. More importantly, this index can
reflect each individual condition of seeds. Seed vigor
is influenced by three main factors: genetic factors,
environmental conditions during seed development,
and storage conditions. Genetic factors determine the
strength of seed vigor, while environmental conditions
(including temperature, light, mineral nutrition, and
pests) affect the extent of seed vigor expression [39].
Therefore, the vigor index is associated with the degree
of damage caused by pests to soybean seeds, and the
measurement of vigor index will provide data for the
subsequent extraction of characteristic wavelengths. Its
calculation formula is as follows:

VI =S x GI (3)

where S stands for No. of seedings length (the length
excluding the cotyledon but including the root system,
and it is measured directly with a standard ruler).

The structured light reflection image of soybean

is obtained in the forward direction.

Image acquisition conditions

Before the formal experiment, it is important to note
that there is a negative correlation between the depth
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of penetration and the resolution of the final image
based on light transmission. Choosing the appropriate
frequency directly affects the accuracy of the results.
Therefore, we conducted pre-experiments to explore
the imaging effects of soybean seeds at different fre-
quencies. We found that clear imaging and moderate
penetration depth were achieved at frequencies of 65,
75, and 85 (unit: m™'). Therefore, we selected these
three frequencies for the current experiment.

During the capturing process, the soybean sam-
ples were placed on a manually adjustable lifting plat-
form. The height of the experimental platform was set
to 146 mm, and the distance from the projector was
500 mm. The camera and projector were tilted at a
10-degree angle in the vertical direction. This setup was
intended to minimize the specular reflection of light on
the surface of the soybean.

Under the sinusoidal illumination mode, each sam-
ple was photographed under three different phases for
each of the three wavelength bands: 502 nm, 813 nm,
and 712 nm. The specific phases were set as 0, /3, and
2m/3.

Image preprocessing

Based on various reasons, the preliminary obtained images
suffer from issues such as high noise levels, large data vol-
ume, and inconsistent data scales. To eliminate differences
in light intensity caused by variations in experimental time
and stabilize the reflectance variations in the images, an
initial black-white calibration is performed. The calculation
formula for the calibration is as follows:

Lsource — Idark

Ibright — Tdark

Lielatively = (4)
where I ey is the result image after black and white
correction, L, is the original image, Iy, is the white-
board image obtained with the light source turned on,
Igark is the dark light field image with the light source
turned off.

To improve the accuracy of data processing while reduc-
ing the amount of data processing, we extracted the Region
of Interest (ROI) of the image after black and white correc-
tion (see Fig. 5), which not only reduced the resolution of
the image, but also increased the proportion of soybean
seeds in the whole image [40].

Finally, the images are further processed with a smooth-
ing technique using a Gaussian low-pass filter to preserve
the low-frequency information and eliminate high-fre-
quency segmental noise. The kernel size for the filter is
selected as 3x 3.
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Image demodulation

The diffuse reflection of the image captured by the camera
consists of two components, AC component and DC com-
ponent, which are calculated as follows:

1(x,fx) = Ipc (%, fx) + Lac (%, fx) (5)

where Isc(x,f;y) and Ipc(x,fy) represent the reflection
intensities of AC and DC images, respectively. The DC
component is only related to the intensity of the light
source, while the AC component is not only related to the
intensity of the light source, but also to the frequency of
the projection [41]. Based on obtaining the three phase
images, we can obtain the AC and DC images by the fol-
lowing equation:

2 1
Mac(x, fx) = %[(11 —b)? + (h — 3)* + (I, — 13)*]?

(6)
Iac(x,fx) = Mac(x,fx) - cos2nfy + ¢) (7)
e f) =31+ +1) (8)

where I1,I; and I3 are the images with offsets of 0, 11/3 and
21/3 respectively. Mac (%, fy) is referred to as the ampli-
tude envelope of the diffuse intensity. Due to the signifi-
cantly higher attenuation rate in tissues compared to A,
we introduce a ratio image [15] to enhance the contrast
of the image. The calculation formula for the ratio image
is as follows:

v = %E = %[(ﬁ — b+ (h — B)* + (b — 1))

)
where y is the ratio image, where the value of each
pixel ranges from O to 1, resulting in improved imaging

performance.

The feasibility of the algorithm is tested by reverse
inversion.

Before performing inverse inversion, to mitigate the influ-
ence of systematic errors, we can employ a single integrat-
ing sphere to directly measure the diffuse reflection from
the surface of a specific sample. This measured sample can
serve as a reference sample. Then, by utilizing the follow-
ing formula (10), we can determine the corrected diffuse
reflection of the test sample.

MAC(fo;C)

Rofe) = MAC ref (%, f)

: Rref (fx) (10)

where R, (f,) is the diffuse reflection of the reference
sample and M4c ef (%, fy) is the amplitude envelope of
the diffuse reflection intensity of the reference sample.
After correcting the diffuse reflection of the sample to be
measured, i1, and p/; can be obtained by nonlinear fitting
Eq. (11) using the following Eq. (11-14):

3A g/ i

R = G T+ Dty 340 a

- s (12)
Roy ~ 0.06361 + 0.668 + 0.71/n — 1.44/n>  (13)
Ieg = \/Blalter + 4T (14)
Wor = Ma + A (15)
er) == 100% (16)
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where A is the scaling constant, R,z is the effective reflec-
tion coefficient, n is the sample refractive index, u;ﬁr is
the reduced attenuation coefficient, u,, is the full attenu-
ation coefficient, e, (x) is the relative error, x is the meas-
ured value and x* is the reference value.

Modeling insect pest levels in soybean seeds

Due to the challenging nature of acquiring spatial fre-
quency domain images of soybean seeds and the limited
availability of experimental datasets, this experiment
employed three shallow neural networks, namely Sup-
port Vector Machine (SVM), Generalized Regression
Neural Network (GRNN), and Mixed Logistic Regression
(MLR), to establish models for three different soybean
varieties (NN1138-2, SX26, QY1808). To obtain more
reliable evaluation results and maintain class balance, we
employed a stratified sampling method to partition the
dataset, ensuring a similar proportion of samples from
each class in the training and testing sets. The division
ratio was set at 7:3.

SVM [42] is a binary classification model (Dicategori-
cal models, DM). In comparison to traditional neural
networks, SVM offers advantages such as handling small
sample sizes, good generalization ability, handling inter-
actions between non-linear features, and solving high-
dimensional problems.

GRNN [43] belongs to the Radial Basis Function (RBF)
neural network family and represents an improved ver-
sion of RBF. It possesses a strong ability to learn nonlin-
ear mappings. In comparison to RBF, GRNN offers faster
learning speed and exhibits notable advantages in predic-
tion performance when dealing with small datasets and
high levels of data noise [44].

MLR [45] is an optimization of the linear regres-
sion model (Logistic regression, LR), and its funda-
mental optimization concept is the divide-and-conquer
approach [46]. By partitioning high-dimensional data
into regions, each region corresponds to a linear LR
model. The MLR model utilizes these linear models fitted
to different partitions to achieve a nonlinear pattern for
high-dimensional data.

During the training of the classification model, the
input data consisted of a (210X 5) array representing the
five detection features of the soybean seeds. These fea-
tures include the ratio of the insect-damaged sub-surface
area to the entire seed, soybean variety, and the measured
values of i, at 502 nm, 813 nm, and 712 nm wavelengths.
The output array was a (210X 1) array corresponding to
the pest damage level based on the ratio of damaged area
after final germination to the entire seed.

To achieve optimal results for the predictive model,
parameter tuning is crucial. In this regard, we utilize
a reinforcement learning-based multi-armed bandit
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approach to autonomously learn and adjust the param-
eters of the model to obtain the best possible results.

A multi-armed bandit [47] is an algorithm in reinforce-
ment learning that is based on the probability theory. It
can be described as a slot machine with multiple lever
arms. Each arm corresponds to a different probability
of winning, and our goal is to maximize the winnings
within a limited number of trials [48]. The fundamental
principle of reinforcement learning is to continuously
explore and learn from experiences, where different
actions yield varying rewards. Higher rewards are given
when the results are closer to the expected values, while
lower rewards are assigned otherwise [49]. In contrast
to exhaustive trial and error, the agent in reinforcement
learning does not equally explore all parameters. Instead,
it evaluates different parameters based on past experi-
ences and selects the ones that offers the highest rewards.
By trying out new parameters and updating its experi-
ences, the agent, much like a human, learns continuously
and eventually becomes an "expert" in those parameters,
capable of selecting better ones.

In this paper, the intelligent agent (Agent) refers to the
algorithm itself, the environment (Environment) refers
to the neural network model, the action (Action) refers
to trying different model parameters, and the reward
(Reward) is based on the results of cross-validation. Our
ultimate objective is the value function, specifically the
state-action value function Q (s, a) (s stands for state and
a stands for action). Since the state in a multi-armed ban-
dit is fixed and unchanging [50], we can simplify Q (s, a)
to the action-value function Q(a), which is solely depend-
ent on the action. The calculation formula for Q(a) is as
follows:

t—1
_ 7 Reward
Qe = S Re

(17)
i=11

where Q(a) refers to the value estimate of selecting
action a at time t, and its value depends on the synthe-
sis of previous value estimates. The selection of actions in
the multi-armed bandit employs the Upper Confidence
Bound Algorithm (UCB) [51]. The specific formula for
UCB s as follows:

Table 1 Seeds germination of different soybean varieties

Germination indicators NN1138-2 QY1808 SX26
Germination rate 0916 0.875 0.830
G_erml_natlon index 412 3025 2433
Vigor index

5001.0 3384.2 32184
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Fig. 6 Grading of seed germination and cotyledon damage symptoms. a original image. b damage level classification image

2Int
N¢(a)

At = argmax(Q(a) + ) (18)

where A represents the action selected at time t, and
N (a) represents the number of times the action has been
selected at time t.

Results
Germination data of soybean seeds.
The germination experimental data of soybean seeds is
shown in Table 1. This data will serve as the foundational
data for extracting soybean characteristic wavelengths.
Meanwhile, we classified the extent of damage to soy-
bean buds. The classification criterion was based on
the proportion of the black damaged area (including
detached parts) to the entire soybean after germina-
tion. Based on the proportion, it was classified into three
categories: mild damage, moderate damage, and severe
damage (see Fig. 6).

(a)

Final number of selected variables:13 (RMSE=296. 3365035862305)

x10?

6.51

RMSE

4.5

2.51

0 5 10 15
Number of variables included in the model

Extraction of characteristic wavelength of soybean seed

The feature wavelength extraction was performed using
two algorithms: the successive projections algorithm
(SPA) and the competitive adaptive reweighted sampling
(CARS) algorithm. In these algorithms, the operation
matrix represents the samples, while the columns rep-
resent the spectral bands. The wavelength range spans
from 450 to 950 nm and is divided into 518 intervals.
The initial iteration vector was set as the soybean seed
vigor index, and the remaining vectors in the matrix
corresponded to the reflectance or transmittance val-
ues for different bands. The step size was selected as 1.
Root mean square error (RMSE) is a common index to
measure the prediction accuracy of regression models.
It quantifies the difference between the predicted value
and the actual observed value. The root-mean-square
error of cross-validation (RMSECYV), a subclass of RMSE,
is obtained by repeating the cross-validation process
several times and calculating the average of the RMSE

(b)

e
) w
0.5

0.21 ;‘J/
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Variable index
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m Selected variables

Fig. 7 a RMSE changes with the number of set variables in SPA wavelength selection and b Characteristic wavelength selection
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Fig. 8 CARS characteristic wavelength selection. a Variation trend
of the number of variables with the number of samples; b RMSECV;
c The change process of regression coefficient of each variable
with sampling times

values obtained in each iteration [52]. In SPA and CARS,
RMSE and RESECYV are selected as the criteria to evalu-
ate the relationship between features and target variables
according to the algorithm properties [53]. After each
iteration, the change in RMSE(RMSECV) is monitored
to evaluate the impact of adding or removing variables.
A smaller RMSE(RMSECYV) value indicates smaller pre-
diction errors, indicating better model fit and prediction
accuracy.

Based on the SPA [54], the dimensionality reduction
results for the soybean reflectance dataset are shown in
Fig. 7. The RMSE reaches its minimum value when the
number of feature wavelengths is 13, resulting in a com-
pression rate of 97.49%. The selected 13 feature wave-
lengths are as follows: 501.55 nm, 798.08 nm, 712.34 nm,
813.91 nm, 615.42 nm, 545.12 nm, 884.94 nm, 784.02 nm,
765.12 nm, 833.29 nm, 821.31 nm, 824.08 nm, and
537.9 nm.

Based on the CARS algorithm [55], the dimensionality
reduction results for the soybean reflectance dataset are
shown in Fig. 8. The RMSECYV value is achieved in the
39th run. Therefore, the wavelength variables retained
in the 39th run are considered as the selected feature
wavelengths, with a count of 7. The specific values are
520.29 nm, 813.02 nm, 700.66 nm, 701.64 nm, 774.59 nm,
784.02 nm, and 874.18 nm.

Referring to the five characteristic wavelengths with
the highest weight coefficients of the two methods, three
wavelengths of 502 nm, 813 nm and 712 nm were finally
selected as the following experimental wavelengths. The
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Original Ratio

-~ B B

Fig. 9 The original images, ratio images and images processed using
ImageJ of soybean seeds for varieties QY1808, NN1138-2 and SX26

ImageJ

400-700 nm region is affected by the absorption light of
carotenoids and other pigments [56], while 710 nm is
close to the vibration of H element [57], and soybeans
exhibit an absorption peak near 820 nm, which repre-
sents carotenoid content [58].Therefore, the three wave-
lengths selected in this paper have a theoretical basis for
soybeans and are used as experimental wavelengths for
subsequent experiments.

Measurement of the subsurface area of soybean seeds
After obtaining Ratio images of QY1808, NN1138-2 and
SX26, the soybean seeds were subjected to damage area
extraction using professional software Image]. As shown
in Fig. 9. The ratio of the damaged area to the entire seed
was calculated, and these ratios will be used as inputs for
the neural network model.

In this process, we measured 100 seeds for each variety,
amounting to a total of 300 soybean seeds. The overall
distribution of the measurement data is shown in Fig. 10.
The measurement results of the three soybean varieties
are relatively evenly distributed, and the distribution
patterns among different varieties are also similar. From
the distribution heatmap in the right figure (b), it can be
observed that the distribution of damage ratio intervals is
primarily concentrated between 0.1 and 0.5.

Measurement results and analysis of spatial frequency
domain method

In this measurement experiment, the samples are divided
into healthy soybean seeds and soybean seeds that have
been subjected to piercing and sucking by R. pedestris,
but with a concealed appearance of damage on the sur-
face. Sample values are obtained through spatial fre-
quency domain inversion, while reference values are
measured using the integrating sphere method. Overall,
the measurement results obtained in the experiment have
errors within an acceptable range (15%). This confirms
that the experimental algorithm is feasible (see Table 2).
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(a) Distribution of ratios of seed damage
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(b)  Distribution of damage ratio intervals

Unit: times
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Fig. 10 The distribution of ratios of NN1138-2, QY1808 and SX26 damaged area to the entire seed. a Scatter plot of ratios of seed damage; b
Heatmap of distribution of damage ratio intervals, warm colors indicate a larger quantity, while cool colors indicate a smaller quantity

Table 2 Optical properties of normal and damaged soybean seeds

Variety Measurement target sglmm=1) o {mm=")
502 813 712 502 813 712
NN Normal sample 0.07802 0.03961 0.03004 0.82389 0.82731 0.80683
1138-2 Reference value 009107 004571 003478 091493 090724 0.88469
Relative error (%) 14.33 13.35 13.62 9.95 8.81 8.80
Damaged sample 0.11498 0.06772 0.04944 0.87472 0.75930 0.89752
Reference value 0.13190 0.07571 0.05781 0.93217 0.82343 0.98469
Relative error (%) 12.83 10.55 14.48 6.17 7.79 8.86
Qy Normal sample 0.05531 0.01769 0.00952 0.76929 0.74397 0.81923
1808 Reference value 0.06086 002033 001090 083873 082367 088179
Relative error (%) 9.12 12.99 12.63 8.28 9.71 7.10
Damaged sample 0.16160 0.05213 0.03284 0.81472 0.70931 0.78346
Reference value 0.17976 0.05792 0.03799 0.88294 0.75724 0.83469
Relative error (%) 10.11 10.00 14.56 7.73 6.33 7.14
SX Normal sample 0.06189 0.01687 0.01462 0.72189 0.72385 0.71936
26 Reference value 0.07043 0.01935 0.01647 0.78294 0.77539 0.77926
Relative error (%) 1213 12.84 11.26 7.80 6.65 7.69
Damaged sample 0.16166 0.05320 0.04267 0.73899 0.73196 0.75159
Reference value 0.19002 0.06155 0.04998 0.80471 0.80001 0.81938
Relative error (%) 14.93 13.57 14.62 8.17 851 8.28

Table 3 Comparison of modeling performance for pest damage
levels of soybean seeds

Model Test set
Macro-recall f1-score Accuracy

MLR 0.8603 0.8931 09213
GRNN 0.8269 0.8678 0.9444
SVM 0.8828 0.9079 0.9325
RL-MLR 0.9556 0.9509 0.9437
RL-GRNN 0.9583 0.9737 0.9889
RL-SVM 0.9635 0.9754 0.9883

Prediction results of soybean pest damaged degree
In this study, three methods, namely SVM, GRNN, and
MLR, were used to build a prediction model for soybean
pest levels. The training set and test set were set at a
ratio of 7:3. The parameters of the three models, includ-
ing (kernel, C) for SVM, sigma for GRNN, and alpha for
MLR, were optimized and adjusted using a multi-armed
bandit approach. The final modeling results are com-
pared and shown in Table 3.

Macro-Recall is the average Recall, which measures
the ability of a model to correctly predict positive sam-
ples for each class [59]. Accuracy measures the ratio of
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correctly predicted samples to the total number of sam-
ples. Fl-score is the harmonic mean of Accuracy and
Recall, providing a balanced evaluation of the model’s
performance.

Due to having three categories in this classification
task with imbalanced class distribution, Accuracy may
be dominated by the predictions of the majority class,
thereby being less sensitive to the classification perfor-
mance of minority classes [60]. In contrast, Macro-Recall
considers the recall of each individual class. Therefore,
the Macro-Recall metric is of greater importance. Prior
to optimizing the parameters of the neural network
model, the Macro-Recall values were relatively low.
However, after optimizing the parameters using rein-
forcement learning, the RL-SVM classification model
exhibited the best performance, with a Macro-Recall of
0.9635, F1-Score of 0.9754, and Accuracy of 0.9883.

Discussion

The three soybean seed varieties exhibit varying degrees
of increase in u, after being attacked by the R. pedestris.
The presence of the R. pedestris begins during the R2 to
R4 stages of soybean growth [61]. During the R3 stage,
the uppermost four nodes on the main stem of the soy-
bean plant, each with sufficient leaf growth, possess
pods that are at least 5 mm in length [62]. At this stage,
R. pedestris pierces and sucks the soybean pods using its
mouthparts, and its saliva contains a significant number
of digestive enzymes. This saliva causes the soybean tis-
sue to become uneven and discontinuous, with numer-
ous air-filled cavities. Multiple scattering during the
transmission process enhances the tissue’s light absorp-
tion, resulting in an increase in p, [63]. Among the three
varieties, the increment in u, is smaller in NN1138-2
pest-resistant seeds compared to SX26 and QY1808.
This is due to NN1138-2 exhibiting a lower level of pest
infestation. In our field and greenhouse insect resistance
identification experiments, NN1128-2 was identified as
a resistant variety, while QY1808 and SX26 were found
to be susceptible varieties. Additionally, we discovered a
significant negative correlation between soybean’s insect
resistance and hundred-grain weight. In our experiments,
the pod damage index and kernel damage index were uti-
lized to quantify the extent of R. pedestris damage on soy-
beans. The severity of damage was directly proportional
to higher values of both indices. The correlation coeffi-
cient between the pod damage index and hundred-grain
weight was found to be 0.47, indicating a significant rela-
tionship. Similarly, the correlation coefficient between
the kernel damage index and hundred-grain weight was
determined to be 0.74, also signifying a strong statisti-
cal significance. Research indicates that hundred-grain
weight is also a mechanism of insect resistance, defined
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as damage dilution, which helps reduce losses caused
by insect feeding [64]. Generally, lower hundred-grain
weight corresponds to a higher number of grains per
plant and a smaller proportion of damaged grains. The
hundred-grain weights of NN1138-2, QY1808, and SX26
are 18.9, 20.0, and 33.3 g, respectively.

Using the spatial frequency domain measurement
method, the optical parameter analysis of soybeans was
conducted. The experiment measured the u, and u/; of
three soybean varieties: SX26, NN1138-2, and QY1808. It
was found that there was a significant difference between
the measured 1, and the results obtained using a single
integrating sphere method. This discrepancy may be due
to the small numerical value of u,, which poses statisti-
cal challenges [32]. The highest value of u, for soybeans
was observed at 502 nm, followed by 813 nm, while the
lowest value was at 712 nm. This variation is attributed
to the differential light absorption capacity of chemical
substances at different wavelengths. Both 502 nm and
813 nm are influenced by the absorption of carotenoids
[44], with greater absorption at 502 nm compared to
813 nm. Near 712 nm, there is no strong light-absorbing
substance, resulting in a lower i, value. In soybeans dam-
aged by insects, both p, and p/, showed varying degrees
of increase. However, the change in u, was much larger
than the change in pu/gindicating that p, is an important
parameter for studying soybean seeds pest damage.

Currently, researchers have been using infrared spectros-
copy and hyperspectral imaging techniques to detect seeds.
Different components of a substance have distinct spectral
characteristics, which means they absorb, reflect, or scat-
ter light differently at different wavelengths. By analyzing
the spectral information in the spectral image, we can infer
the composition, concentration, texture, and other internal
characteristics of the substance [65]. However, these meth-
ods require high experimental requirements, as variations
and non-uniformity in lighting can lead to inconsistency or
noise in the spectral data, affecting the accuracy and reli-
ability of the data. Moreover, hyperspectral imaging gen-
erates a large amount of data, with each pixel containing a
significant amount of spectral information [66]. Therefore,
data processing and analysis require complex algorithms
and computational methods, demanding significant com-
putational resources and expertise.

Some scholars have also used X-rays and terahertz for
seed detection. However, X-rays have high energy and
ionizing radiation characteristics, which may pose cer-
tain radiation hazards to biological tissues [67]. Terahertz
detectors, on the other hand, are expensive, and their
sensitivity and dynamic range need further improvement
to meet the requirements of high-quality imaging [68].
Considering factors such as detection cycle length and
cost, these methods remain at the laboratory stage.
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In comparison, spatial frequency imaging methods
project light of different frequencies onto the surface
of an object, capturing direct current and alternating
current images that contain depth information. These
images are further processed to enhance the contrast of
the information. Not only is the equipment cost low, but
the detection cycle is also short. Additionally, it allows for
non-destructive detection of subsurface information in
crops. It has excellent prospects for application.

Due to objective factors such as a series of strict
reviews and controls required for inoculating pests on
soybean seeds, all soybeans used in this experiment were
yellow soybeans. The current model in this paper is still
limited to the detection of yellow soybeans. We will fur-
ther increase the detection of soybeans of different colors
in the future.

Conclusion

The methods for manually detecting soybean seeds pest
damage are primarily limited to visual identification and
measuring overall germination rates. These methods can
only assess soybean seeds with visible surface defects or
evaluate the overall performance of a particular variety.
They also suffer from subjectivity. In this study, a spa-
tial frequency domain imaging method was employed
to acquire sub-surface images of soybeans and calculate
their optical characteristic parameters. Based on this, a
method for early detection of soybean pest damage was
investigated. The following conclusions were drawn:

1. At the three wavelengths of 502 nm, 813 nm, and
712 nm, the p, of soybeans is highest at 502 nm,
followed by 813 nm, and lowest at 712 nm, while
s shows no significant difference. Feeding by R.
pedestris causes a significant increase in u, of soy-
beans without affecting p/,. Among the three varie-
ties, NN1138-2 exhibits a noticeably lower increase
in 1, compared to the other two, indicating it is less
affected by pest damage.

2. Autonomous adjustment of neural network param-
eters based on reinforcement learning methods can
effectively improve the performance of neural net-
works and has broad adaptability across different
models. The Macro-Recall metric for different mod-
els is improved by 10-15%. Among the optimized
models, RL-SVM performs well in predicting soy-
bean seeds pest damage levels, achieving a Macro-
Recall of 0.9635.

Overall, the spatial frequency domain imaging technique
can accurately measure the optical characteristic param-
eters of soybeans and acquire sub-surface images that
carry depth information. The construction of an RL-SVM
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classification model for soybean pest detection and iden-
tification is feasible, and it has the potential for further
expansion to quality assessment of seeds from other crops.
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