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Abstract

The seed viability detection before sowing is indispensable in the agricultural production
of mung beans. The conventional detection methods for seed viability are destructive, carry
a risk of contamination, and fail to identify individual non-viable seeds. In this study, an
efficient and sustainable method for online viability detection of mung bean seeds was
developed, which utilized hyperspectral techniques and had characteristics of rapid speed,
non-destructive analysis, and the ability to detect the viability status without pollution to
the environment. A sample holder for mung bean seeds was designed to stably collect
spectral data. The effects of different optimal spectral bands and modeling algorithms on
the detection accuracy of seed viability were analyzed. Compared to the support vector
machine (SVM) and the extreme learning machine (ELM) algorithms, the partial least
squares (PLS) algorithm based on the visible and near-infrared spectra (380~980 nm) had
better performance. The accuracy for the identification of non-viable seeds was 98.8%,
and the error of viability prediction was 20.71%. The cost of a one-time viability test is
$0.25 with energy consumption of 0.05 kWh~!, which is much lower than the germination
test with a cost of $80.2 and energy consumption of 50.4 kWh~!. Furthermore, individual
non-viable seeds can be identified and removed, and the revenue increases by $286.9 per
hectare after sorting the non-viable seeds from the seeds with an 85% germination rate. This
will promote the cleaner production of mung beans without additional chemical solutions
added in the process.

Keywords: mung bean; energy-efficient; economy-sustainable; hyper spectrum; seed
viability detection

1. Introduction

Mung bean is rich in nutrients, with characteristics of high protein, medium starch,
low fat, and a variety of vitamins and minerals. It is widely grown and has been regarded as
an important nutritional health care product and food medicine [1-3]. The seed viability is
one of the most important factors affecting the emergence rate and seedling growth, thereby
seriously affecting crop yield [4-7]. However, a variety of external environmental factors
can cause a decrease in seed viability or even cause it to lose its viability, such as inappro-
priate harvest time [8,9], high drying temperature [10-12], unsuitable ambient temperature
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and humidity [13-15], and diseases and insect pests during storage [16,17]. Therefore, the
seed viability test is indispensable in the agricultural production of mung beans.

Currently, most viability testing methods for mung bean seeds are destructive or carry
a contamination risk and fail to identify individual non-viable seeds. The germination
test [18,19] is the most commonly used method to measure the viability of mung bean
seeds, but it is labor- and time-consuming, energy-wasting, and destructive. The tetra-
zolium test [20,21], the bromothymol blue method, the red ink test, and the conductivity
method [22] are commonly used methods for rapid prediction of seed viability level during
mung bean production. These methods determine the overall seed viability by measuring
the degree of damage to the physiological and metabolic functions of seeds. However,
these methods produce corresponding acidic and alkaline chemicals and carry the risk of
pollution to water and soil. Therefore, there is an urgent need to develop a rapid, non-
destructive, green, and low-consumption method for the viability detection of individual
mung bean seeds, thus achieving efficient and clean production of mung beans.

Hyperspectral techniques have been widely used in agricultural production because of
their advantages of fast detection and non-destructiveness [23-27], especially in the rapid ac-
quisition of seed physicochemical information [28-30]. For instance, hyperspectral techniques
can be used not only for quantitative analysis to determine the protein [31,32], oil [32,33],
carbohydrate [34], and moisture content [35] of seeds, but also for the qualitative analysis to
identify seed variety [36], origin [37], crop year [38] and quality [39]. Furthermore, hyper-
spectral techniques have also been gradually applied in the nondestructive detection of seed
viability. Based on the techniques, researchers have explored the feasibility of detecting the
seed viability of several staple crops such as maize [40—42], rice [43,44] wheat [45,46], etc.,
and vegetables and fruits, such as tomato [47], watermelon [48], melon [49], retinspora [50],
pepper [51], etc., which shows that the hyperspectral techniques have great potential in the de-
tection of seed viability. Nevertheless, there are few reports on the application of hyperspectral
techniques to the viability detection of mung bean seeds, and there is no equipment designed
for seed viability detection and non-viable seed screening, which restricts the efficient and
sustainable development of the mung bean industry.

A spectrometer and a hyperspectral imager are two main hyperspectral devices. The
spectrometer only collects spectral information [52,53], which contains average spectral
information for a certain region of the sample and is mainly aimed at organic content
detection of liquids, powders, or homogeneous solids [54-56]. A hyperspectral imager has
an image at each band, thus making it capable of acquiring both spectral information and
image information [29,57]. However, the data collection time and cost of a hyperspectral
imager are much higher than those of a spectrometer [58]. Therefore, this study chose the
spectrometer to collect spectral data of mung bean seeds.

Despite these advances, significant gaps remain regarding the application of spectral
methods to minor crops like mung beans, specifically the lack of individual seed iden-
tification capability in existing non-destructive methods and the absence of systematic
evaluation of economic sustainability and real-time applicability. The objectives of this
study are as follows: (1) to develop a rapid, non-destructive, and environmentally friendly
method for detecting mung bean seed viability using Vis/NIR spectroscopy; (2) to design
a real-time detection and sorting platform for individual non-viable seed removal; and
(3) to evaluate the economic sustainability and practical applicability of the developed
system compared with conventional methods. This study addresses the urgent need for
cleaner production technologies in mung bean agriculture while providing a solution for
seed quality control.
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2. Materials and Methods
2.1. Samples and Sample Preparation

This study collected 12 varieties of mung bean seeds from seven regions (covering
major mung bean-producing areas of China), which were harvested in 2021 and generously
provided by the China Agriculture Research System of the Ministry of Finance (MOF). The
detailed information on the seeds is shown in Table 1. Before the experiment, all collected
mung bean seeds were sealed in glass jars and then stored in a constant temperature
refrigerator at 5 °C to eliminate the effects of ambient temperature and air humidity on seed
viability. To simulate the natural viability loss process and ensure experimental consistency
and repeatability, we adopted the microwave heating method, which has been widely used
in seed viability studies [41,42]. Microwave heating induces protein denaturation, starch
gelatinization, and damages the membrane system, which is similar to the physiological
changes occurring in naturally aged seeds. The microwave power was 700 W and the
time was 40s, which was determined by experiments to ensure that the mung bean seeds
completely lost their vitality. In total, 400 seeds of each variety were taken, of which
200 were inactivated by the microwave heating method, and the other 200 seeds were
used as the control group. As a result, a total of 4800 samples were obtained, including
2400 normal seeds and 2400 non-viable seeds. Conventional modeling methods generally
divide a data set into a trained class and a predicted class, which could achieve remarkable
performances, whereas an independent predicted class could better evaluate the modeling
approaches. Therefore, 8 of the 12 seed varieties (numbers 1 to 8 in Table 1) were used as
the trained class, and the remaining 4 independent varieties (numbers 9 to 12 in Table 1)
were used as the predicted class.

Table 1. The information on the collected mung bean seeds.

Number Seed Vari Producing Place Average Size Abbreviated
eed Variety & Length/mm Width/mm  Variety Name
1 JiLv2 Baoding City, Hebei Province 539 + 0.34 411+0.14 JL2
2 LiaoLv12 Shenyang City, Jilin Province 5.49 £0.29 391 £0.22 LL12
3 WanKeLv3 Hefei City, Anhui Province 5.00 £0.25 3.97 £0.12 WKL3
4 ZhongLv5 Hefei City, Anhui Province 554 +0.28 4.02 £0.20 ZL5
5 YingGe5 Zhangjiakou City, Hebei Province 4.82+0.36 3.63 & 0.30 YG5
6 YuLv1l Yulin, Shanxi Province 542 +0.26 417 £0.27 YL1
7 LvFeng?2 Qigihar City, Heilongjiang Province 421+£023 3.35+£0.23 LF2
8 BingLv20 Taiyuan City, Shanxi Province 5.63 - 0.40 4.33 +0.18 BL20
9 JiLv16 Baoding City, Hebei Province 5.32 +0.24 417 £ 0.17 JL16
10 LiaoLv13 Shenyang City, Jilin Province 5.40 + 0.36 394 +0.17 LL13
11 LvFengb Qigihar City, Heilongjiang Province 5.30 + 0.37 416 +0.17 LF5
12 BingLv21 Taiyuan City, Shanxi Province 6.03 £ 0.31 4.46 = 0.18 BL21

2.2. The Design of the Sample Holder and Spectral Data Acquisition

The length and width of single mung bean seeds were measured with a slide caliper
(Deli group Co., Ltd., Ningbo, China). The length (mm) of the mung bean seed is the
longest length of the kernel, and the widest width of the kernel is treated as the width
(mm) of the mung bean seed. All varieties were measured in three replications. The length
and width of all mung bean seeds (12 varieties with a total of 120 seeds) ranged from
3.79 to 6.51 mm and 3.07 to 4.82 mm, respectively, as shown in Table 1. Considering the size
range of the mung bean, a sample holder with a semi-ellipsoidal aperture was designed
to meet the different size requirements. The major axis and minor axis of the top elliptic
section were sized 7 nm and 5 nm, respectively, with 2 mm to the bottom of the ellipsoid
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(Figure 1a). Thus, the mung bean samples could be accommodated in the holder and, as a
result, stable spectral data could be collected. The central portion of the holder was made
of round glass (diameter 2.5 mm, thickness 1 mm) for good transmission of light in the
visible (Vis) and near-infrared (NIR) regions. The reflection methods for mung bean seeds
were selected, and an explanatory diagram of the spectral acquisition platform with the
holder is shown in Figure 1b.

(b) Halogen
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light

Laptop
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Figure 1. (a) The shape and size of the designed sample holder and (b) the spectrum acquisition
platform for mung bean seeds.

The spectrum acquisition platform included two spectrometers, i.e., QE Pro and NIR
Quest (Ocean Optics, Inc., Orlando, FL, USA), a HL-2000 halogen lamp (Ocean Optics,
Inc., Orlando, FL, USA), a trigeminal optical fiber, a computer with Ocean View software
(Ocean Optics, Inc., Orlando, FL, USA), and a sample holder. The selection of spectrometers
over a hyperspectral imager was driven by practical considerations, as they offered a more
suitable solution for the rapid and cost-effective viability assessment of individual seeds.
The spectral range of the spectrometer QE Pro is 185~1100 nm with a resolution of 1.7 nm,
which includes the Vis region (380~780 nm) and part of the NIR region (780~1100 nm). The
spectrometer NIR Quest covers most of the NIR spectrum (900~2500 nm with a resolution of
9.0 nm). Several parts of spectral data (185~380 nm, 980~1100 nm for QE Pro, 900~980 nm,
and 2298~2500 nm for NIR Quest) were omitted because of a low signal-to-noise ratio,
and the spectral ranges retained for QE Pro and NIR Quest were 380~980 nm (Vis/NIR)
and 980~2298 nm (NIR), respectively. To meet the requirements of real-time spectrum
acquisition, the integration time of the two spectrometers was set to 0.068 s. The power of
the halogen lamp was 5 W, and it could continuously provide stable light for the operation.

The fiber probe was fixed beneath the sample holder with a hole in the center to reduce
the influence of ambient light during the collection of spectral data. The mounting distance
of the fiber probe (the distance between the fiber probe and the sample holder) was 0.5 mm,
so that the field of view was close to 2.5 mm in diameter. The three splices of the optical
fiber were connected to the two spectrometers and the halogen lamp, respectively. The
total number of fiber cores was 14, including 12 outer cores and 2 inner ones. All outer
cores were connected to the halogen lamp for a uniform light source, while the inner cores
were connected to the QE Pro and NIR Quest, respectively, for the simultaneous spectral
data collection.

2.3. Microscopic Examination and Germination Test of Seed

The microstructures of normal and non-viable seeds were examined by a Leica DVM6
electron microscope equipped with LAS X software (Leica Microsystems, Inc., Wetzlar,
Germany). An objective lens of FOV 3.60 was selected, and then the mode of reflection
microscopy was set to obtain high-magnification microscopic images of the seed section.
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The microscopic images of the full-view seed embryo, embryonic cell, and endosperm cell
were collected with 70, 400, and 400 magnifications, respectively.

The viability of all seeds was determined by the seed germination test [22]. The two
filter papers served as a germination bed to provide moisture for the seeds and support the
growth of the seedlings, and they were placed in a transparent and non-toxic germination
container. Each germination bed was evenly populated with 100 mung bean seeds, and the
seed spacing was about twice the diameter of the seeds to provide enough space for the
seedlings. The germination test was conducted in an artificial climate chamber (Ningbo
Ledian Instrument Manufacturing Co., Ltd., Ningbo, China) at 25 °C and 12,000 xI for
7 days. Seeds with a 2 mm seedling were considered viable; otherwise, they were considered
non-viable. The viability index (VI) was calculated as the product of germination rate and
average seedling length:

Vi=G-S (1)

where G is the germination rate (%) divided by 100, and S is the average seedling length
(cm). This formula integrates both the germination capacity and seedling vigor, providing
a comprehensive measure of seed viability.

2.4. Classification Models

The collected spectral data were preprocessed by the Savitzky-Golay smoothing (SG)
algorithm to eliminate high-frequency noise in the spectrum with a sliding smoothness
width of 5. Three machine learning methods, i.e., the partial least squares (PLS), the support
vector machine (SVM), and the extreme learning machine (ELM) algorithms, were selected
for real-time seed vigor prediction. PLS is a frequently used multivariate statistical analysis
method and is particularly suited when there is multicollinearity among spectral data
(matrix X). PLS is a latent variable method to form a covariance model in the two spaces
(matrices X and Y) and determines the multi-dimensional direction of the X space that
expresses the maximum multi-dimensional variance direction of the Y space, which is
calculated by the following formula.

X=TUu' +E 2)

Y =PVI 4+ F ©)

where X is an m X n matrix of prediction, and Y is an m X 1 matrix of response. T and P
are the score matrices, while U and V are the loading matrices. Matrices E and F are the
idiosyncratic errors. In the model construction stage, the number of principal components
was optimized by the method of 10-fold cross-validation, and 12 principal components
were finally determined.

SVM is a high-performance and well-known machine learning model for solving
nonlinear and high-dimensional data classification problems. The SVM algorithm is char-
acterized by maximal margins, high-dimensional mapping, and kernel methods. Among
them, high-dimensional mapping is the key to solving nonlinear classification problems
with linear methods and can map low-dimensional inseparable or nonlinear data to a high-
dimensional space to achieve linear separability. The kernel function selected in this study
is the Gaussian kernel function (Gaussian kernel), which is very suitable for processing
nonlinear or linear data with high flexibility.

The ELM algorithm is a fast-learning method. The model parameters, such as weights
and thresholds of the input as well as hidden and output layers, are obtained by the
Moore-Penrose method based on the least squares criterion. The complex classification
problem can be transformed into a linear system solution problem by ELM, which has the
characteristics of quick learning ability and wide suitability, and can meet the real-time
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requirements of seed vitality detection and screening. The number of hidden neurons
assigned to the ELM was set to 2000, and the activation function was a sigmoidal function.

All calculations for data processing and model building were conducted by MATLAB
R2018b.

2.5. Evaluation Indices

The model performance for classifying non-viable seeds was assessed by accuracy,
precision, and recall. Accuracy is an overall index that describes the proportion of correctly
recognized seeds in all seeds and is used to comprehensively evaluate model performance.
Precision and recall are two supplementary indices. Precision is the proportion of correctly
recognized seeds in the predicted class, and recall is the proportion of correctly recognized
seeds in the true class. The calculation formulas are as follows.

TP+TN
A = %
ccuracy TP+ TN+ FP+FN X 100% 4)
iy TP .
Preclslon — m X 100 /0 (5)
TP
Recall - m X 1000/0 (6)

where TP and FN are true positives and false negatives, respectively. FP and TN are
false positives and true negatives, respectively. The model performance for predicting
seed viability was evaluated by the coefficient of determination (R?), root mean square
error of prediction (RMSEP), and prediction deviation of seed viability (PDSV), which are
calculated in Equations (6)—(8).

n —\2
im1(vi —7)
1 .
RMSEP = \/n'zz-l_l(yi —9:)° (8)
AV—PV

where y; is the observed value, and ¥ is the average of observed values. §; is the predicted
value of the regression model. AV and PV are actual viability and predicted viability,
respectively.

3. Results and Discussion
3.1. The Microstructure and Viability Status of the Samples

Figure 2 shows a microscopic image of different parts of mung bean seeds (full-view
embryo, embryonic and endosperm cells) collected by an electron microscope. The gaps
between the seed coat and the seed embryo and between the seed embryo and endosperm
were significantly larger in the non-viable class than in the normal class (labels 1 and 2 in
Figures 2a and 2d, respectively). The cellular structure of the seed embryo in the non-viable
class was partly destroyed, and the cell contour was dim (label 3 in Figure 2b), while the
cellular structure of the seed embryo in the normal class was intact, and its cell contour
was clear (label 3 in Figure 2e). It was indicated that the physiological function of seeds in
the non-viable class had been damaged. The cells in the endosperm of the non-viable class
were closely packed, which went against the transfer of nutritive material. In contrast, the
cells in the endosperm of the normal class were more intact and had gaps between adjacent
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cells; thus, the nutrition could be transported normally. These differences are the main
causes for the identification of non-viable seeds by the spectral method.

(c)

®@->

o 0

@~

<400 50 um x400 50 um

Figure 2. Electron microscope images from different parts of mung bean seeds (Take variety JiLv2 as
an example): (a) full-view embryo, (b) embryonic cell, and (c) endosperm cell of non-viable group;
(d) full-view embryo, (e) embryonic cell, and (f) endosperm cell of normal group.

The electron microscope images indicated that the cellular structure and function
of the seeds in the non-viable class were destroyed, which is in accord with the results
acquired from the germination test, with the germination rate of 0%. However, there was
no regular difference between the microscopic images of 12 varieties of mung seeds for
either the group of normal seeds or the group of inactivated seeds. In addition, viability
differences between the 12 normal groups were observed, and the results of the germination
test are shown in Table 2. It could be seen that their seed germination rates were all higher
than 91%, meeting the index of germination rate for sowing (>85%). Furthermore, the high
seed germination rate is the basis for obtaining high seed viability, and the seeds with a
higher germination rate are more likely to obtain high seed vigor (for instance, the highest
germination rate of 98.5% and the highest seed viability of 9.55 were both achieved by LF2).

Table 2. The results of the germination test of 12 mung bean varieties in normal groups.

Varieties

JL2 LL12 WKL3 ZL5 YG5 YL1 LF2 BL20 JLl16é LL13 LF5 BL21

Sample number
Germination number
Germination rate (%)
Average length (cm)

Viability

200 200 200 200 200 200 200 200 200 200 200 200
193 197 182 184 197 171 197 197 193 193 194 193
96.5 98.5 91 92 985 855 985 985 965 965 97 96.5
3.88 3.15 377 51 6495 38 9695 376 3.025 3.075 4.865 3.17
3.74 3.1 343  4.69 64 325 955 37 292 297 472 3.06

3.2. Spectral Characteristics of the Samples

The spectral data of 12 seed varieties, including normal and non-viable seeds, were
analyzed. Despite the similar spectral trends of all seeds, there was a large difference
between the normal and non-viable seeds, as shown in Figure 3a,b. The results of the
germination test are shown in Table 2, and it was noticed that all seeds treated by the
microwave heating method failed to germinate, indicating that these seeds had completely
lost their viability. This was because the heat treatment changed the internal structure of
the seeds (Figure 2a,b,f), which led to the loss of seed viability and spectral differences
between normal and non-viable seeds. It was found that the differences in the two types of
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seeds in the range of the Vis spectra (band 1: 380~780 nm) could be clearly differentiated
by spectrometers, though they were barely distinguished by the human eye. And the
spectral differences in the NIR range (band 2: 780~980 nm, band 3: 980~2298 nm) were
larger than the differences in the Vis range (band 1: 380~780 nm), especially in the range of
band 2. This was because the chemical composition of the mung bean seeds changed (starch
gelatinization, protein denaturation, lipid saturation, moisture reduction, etc.) during the
inactivation treatment process [40,41]. And less reflectance was presented, meaning more
light was absorbed.
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Figure 3. (a) Vis/NIR and (b) NIR spectra of normal and non-viable seeds; (c) Vis/NIR and (d) NIR
mean spectra of the 12 mung bean varieties.

Comparing the spectral data collected from the seeds of 12 varieties (Figure 3c,d), the
spectral data of each variety had the same trend, but there were differences in spectral
reflectance. The higher the seed viability, the lower the spectral reflectance. JL16 had the
lowest viability, and LF2 had the highest viability; their corresponding spectral reflectance
was the highest and lowest, respectively. Therefore, it is feasible to predict the seed viability
of different varieties by using the Vis/NIR or NIR spectrum, and the model with the
Vis/NIR spectrum may be more effective in predicting the seed viability due to a larger
spectral difference between the varieties. A further evaluation was then conducted to
determine the most suitable spectral band for viability detection of mung bean seeds.

3.3. The Model for Identifying Non-Viable Mung Bean Seeds

Three algorithms (PLS, SVM, and ELM) were used to build models for identifying
non-viable mung bean seeds. The results are shown in Table 3. The highest accuracy of
the trained class was achieved by the SVM algorithm, with an accuracy close to 100%.
The highest accuracy of the predicted class was obtained by the PLS algorithm, which
achieved an accuracy of 98.8% and 97.7% for Vis/NIR and NIR spectra, respectively. The
lowest accuracy was observed for the ELM algorithm in this study, with only about 95%
accuracy when the NIR spectrum was used. Even though the number of hidden neurons

https://doi.org/10.3390/s26041333


https://doi.org/10.3390/s26041333

Sensors 2026, 26, 1333

90of 16

Vis/NIR
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NIR

True class
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Total

NonG NorG
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was increased to 2000, the performance was only slightly improved. The PLS algorithm
was selected for the identification of non-viable seeds because of its high accuracy and
simple structure.

Table 3. The accuracy of trained and predicted classes by the three algorithms (PLS, SVM, and ELM).

Trained Class Predicted Class
Algorith: ; 3
gorithm Sample Vis/NIR NIR Sample Vis/NIR NIR
Number Accuracy/%  Accuracy/% Number Accuracy/%  Accuracy/%
PLS 3200 98.9 98.5 1600 98.8 97.7
SVM 3200 99.9 100 1600 98.3 974
ELM 3200 98.7 95.1 1600 98.1 94.7

The accuracy for identifying non-viable seeds of each variety is shown in Figure 4.
The accuracy of the PLS model based on the Vis/NIR spectrum for all four varieties was
more than 98%, with an average accuracy of 98.8%, which was better than the accuracy of
97.7% using the NIR spectrum. The spectral resolution of the Vis/NIR spectrometer was
1.7 nm, and the spectral number used for building the model was 803, while the spectral
resolution of the NIR spectrometer was 9.0 nm and the spectral number was 412. We
speculated that the higher spectral number of the Vis/NIR spectrometer and the large
spectral difference in the region of band 2 were the reasons for achieving higher accuracy
with Vis/NIR spectroscopy.

JL16 LL13 LF5 BL21
Predicted class Predicted class Predicted class Predicted class
NorG NonG Total NorG NonG  Total NorG NonG Total NorG NonG  Total
196 4 200 195 5 200 197 3) 200 193 7 200
98% 2.0% 98% 97.5% 2.5% | 97.5% 98.5% 1.5% | 98.5% 96.5% 3.5% 96.5%
1 199 200 0 200 200 0 200 200 0 200 200
0.5% | 99.5% | 99.5% 0.0% 100%  100% 0.0% 100%  100% 0.0% 100%  100%
197 203 395 195 205 R 197 203 397 193 207 393
99.5% 98% 98.8% 100%  97.6% REEREA 100%  98.5% REEREZ 100%  96.6% BCLIREZS
195 5 200 198 2 200 184 16 200 198 2 200
97.5% 2.5% [ 971.5% 99% 1.0% 99% 92% 8.0% 92% 99% 1.0% 99%
2 198 200 1 199 200 8 192 200 1 199 200
1.0% 99% 99% 0.5% | 99.5% | 99.5% 4.0% 96% 96% 05% | 99.5% | 99.5%
197 203 393 199 201 397 192 208 376 199 201 397
99% 97.5% RELREZY 99.5% 99% 99.3% 95.8% 92.3% 94% 99.5% 99% 99.3%

196 &« — Counts 200 197 .. 395
98% & — Percentage 08% Recall 09.5% Precision 98.8% Accuracy

Figure 4. The accuracy for identifying non-viable mung bean seeds by the PLS model with different
spectral bands and seed varieties. NorG: normal group, NonG: non-viable group.

Further analysis was conducted, and the identification results of the model built by
Vis/NIR and NIR spectra are shown in Figure 4. The PLS model built by the Vis/NIR
spectrum could accurately recognize non-viable seeds: only one of 200 non-viable seeds
in variety JL16 was mistakenly identified as a normal seed, while all the 200 non-viable
seeds of the other three varieties were classified correctly. The PLS model built by the NIR
spectrum showed misjudgment in the identification of non-viable and normal seeds in the
four varieties. In addition, it was observed that a few seeds in the normal group failed to
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germinate (Table 2) and were regarded as non-viable (there were seven, seven, six, and
seven non-viable seeds in varieties JL16, LL13, LE5, and BL21, respectively). These seeds
were mostly identified as non-viable by the Vis/NIR-based model: four of seven, five of
seven, three of six, and seven of seven non-viable seeds were identified in varieties JL16,
LL13, LF5, and BL21, respectively. Therefore, the Vis/NIR spectrum was preferred for the
identification of non-viable seeds, and the resulting PLS model could accurately classify
non-viable seeds among normal mung bean seeds.

3.4. The Model for Predicting the Viability of Mung Bean Seeds

The performance of the built model for predicting the overall viability of mung bean
seeds was also tested and evaluated. The accuracy difference in the models based on the
two spectrometers was very small in the trained class (Figure 5). The R? of the PLS models
based on the Vis/NIR and NIR spectra were 0.989 and 0.991, respectively, and the RMSEs
were 0.222 and 0.201, respectively.
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Figure 5. The performance of the trained class: (a) Vis/NIR-based and (b) NIR-based PLS models.

The prediction deviation of seed viability (PDSV) was used as an index for evaluating
the accuracy of the predicted class, and the results are shown in Table 4. The PDSV value of
the PLS model based on the Vis/NIR spectrum was 20.71%, and the PDSV value of the PLS
model based on the NIR spectrum was 21.65%, indicating that the Vis/NIR-based model
was better than the NIR-based model. In addition, it was noted that the predicted value was
lower than the real value when the seed viability was low, while the predicted value was
higher than the real value when the seed viability was high. The results indicate that the
developed model is practical and more likely to abandon batches of seeds with low viability,
thus avoiding low germination rate and yield reduction caused by sowing low-viability
seeds. Furthermore, it is easy to misjudge seeds with high viability as low-viability seeds
and eliminate them, preventing the waste of seeds by culling them.

Table 4. The performance of the predicted class for seed viability.

Seed
Varieties

Ture
Viability

Vis/NIR NIR

Predicted
Value

Predicted

Value Total/%

PDSV/[% Total/% PDSV/%

TL16
LL13
LF5

BL21

292
297
4.72
3.06

3.72
2.36
4.94
2.02

27.4
20.54
4.66
33.99

2.09
249
54
2.33

28.42
16.16
14.41
23.86

20.71 21.65
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3.5. Design and Economic Assessment of the Automatic Mung Bean Seed System

An automatic Vis/NIR-based system for mung bean seeds was designed (Figure 6),
and it was used for detecting seed viability and rejecting non-viable seeds in a large number
of mung bean seeds. The system was composed of a spectral detection module (a QE Pro
spectrometer, a halogen light source, an optical fiber, etc.), an electronic control module
(motors, motor driver, speed reducer, etc.), a pneumatic control system (blower fan, air
pump, valves, etc.), a set of mechanical mechanisms (seed meter, turnplate, rack, etc.), and
a controller. The seed meter was used to obtain single seeds, which applied a pneumatic
system to avoid seed damage in the process of testing. The sample holders were evenly
arranged on the turnplate, and their rotational speed was adjusted according to the speed of
the seed meter to ensure that all seeds were accurately put into the corresponding holders.
The two-in-one spectral probe was fixed beneath the turnplate, and then the spectra of
mung bean seeds were collected by the QE Pro spectrometer. For the function of seed
viability prediction, the spectral data of 600 mung bean seeds (three groups with 200 seeds
each) were continuously collected, and then the seed viability (average viability of the
three groups) was predicted by the PLS model, which is an alternative to the traditional
germination test with the advantages of speed and non-destructiveness. For the function
of non-viable seed identification, the spectra of all individual seeds were collected, and
then non-viable seeds were distinguished and separated by an air nozzle; the normal
seeds were delivered into a collection box by a seed-guiding device, thus improving the
emergence rate.

A /\

Seadneter 1 ] : Executive system 2
Electric
Turnplate 5 ]

Executive system 1

Seed meter 1
> 4

Turnplate

Seed guiding

(€
Controller O
O

Non-viable Collection
seeds box

Air nozzle
- QE Pro
Ha_logen spectrometer
light

Figure 6. The automatic Vis/NIR-based system for the detection of seed viability and separation of
non-viable seed of the mung bean.

The lifespan of the Vis/NIR-based system was designed to be 10 years and could run
for 29,200 h with 8 h a day. Its detection efficiency was 0.2 s/seed, and each test took 2 min
for 600 seeds. Hence, the total power consumption for a test of seed viability is 0.05 kWh~!
(power 1.49 Kw, time 2 min). If the seed viability was measured by the germination test,
the climate chamber worked 24 h a day, and 7 days were taken to complete the test; thus, a
power of 50.4 kWh~! was consumed (power 1.2 Kw, power ratio 0.25), which was much
higher than the energy consumption of the spectral method at 0.05 kWh~!. Therefore, the
developed Vis/NIR-based system is energy-efficient in seed viability detection.

The test costs of the two methods were compared, mainly including energy cost,
equipment usage, labor cost, and seed consumption, which is shown in Table 5. The
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industrial charge in Beijing is $0.13 kWh~!. The energy cost of the spectral method is $0.01
per test, which is much lower than that of the germination test at $6.55. Although the
equipment cost ($19,454.09) is higher than the cost of the germination test ($4750.6), the
equipment usage cost of $0.02 is lower than that of the germination test at $27.33. This
is because the running time of the spectral method is just 2 min while the time of the
germination test lasts 7 days; thus, the equipment usage cost of the system is lower. The
human labor costs are $6.59/h. In the 7-day period of the germination test, 1 h per day
was needed to manage the seedlings, and the total labor cost was $46.1, which is higher
than that of the spectral method ($0.22). The seeds used in the germination test cannot
be recycled for sowing again, resulting in a seed consumption cost of $0.21 (the price of
mung bean seeds for sowing is $6.32/kg, and their thousand kernel weight is 0.055 kg). The
tested seeds by the spectral method can be reused for sowing due to their non-destructive
nature. As a result, the total cost of the spectral method is $0.25, which is much lower than
the cost of the germination test ($80.2). Therefore, the developed Vis/NIR-based system is
economically sustainable in seed viability detection.

Table 5. The cost for the viability determination of mung bean seed by spectroscopic method and
germination test (sample size of 600 seeds).

Name Spectral Method Germination Test
Pl = LIspectra + pelectric + aneumatic + pcontruller P2 = pincubatoy x 0.25
= (0.01+40.26 + 1.2+ 0.02) kw = 1.49 kW =12kW x 0.25 = 0.3 kW
Energy cost truningt = 600 seed x 0.2 s-seed”! = 3170h truningz =7 x24h =168 h
Conergy1 = 149 KW x L x $0.13kWh ™! = $0.01 Conergyz = 25’52 168 x $0.13
Ey = Espectm + Eetectric + Epneumatic + Econtrotier + Emechanical
= $17955.7 + $218.12 + $410.95 + $316.12 + $553.20 E> = Eincubator + Egerm bed

Equipment usage cost

= $19454.09 = $4742 + $8.6 = $4750.6

tiife = 10 x 365 x 8h = 29200h Cequipt = E2 X truninga =+ biife
Coquipt = E1 X truningt = tife = $4750.6 x 168 < 29200
= $19454.09 x 4 +29200 = $0.02 = $27.33
Labor cost Claborl = Chour X tmningl ClaborZ = Lhour X 7(da}’) x 1h
=$6.59h"! x ih =$0.22 =$6.59 x 7 = $46.1
. Coeed1 = $0 Csegdg = 600 seed x Wkg X Ssow
Seed consumption The seeds can be used for sowing after testing = 0.6 x 0.055 x $6.32
= $0.21
Total Crotai1 = $0.25 Crotarr = $80.2

The Vis/NIR-based system can also identify and then separate non-viable seeds from
mung bean seed batches. The cost for sorting non-viable seeds is shown in Table 6 (on the
scale of one hectare of mung beans). The sowing amount of mung bean seeds is 18.75 kg
per hectare, and 340,909 seeds need to be sown (thousand kernel weight of 55 g). The
seed emergence rate and final crop yield can be increased by Rpon when the Rpon rate of
non-viable seeds is eliminated, resulting in the revenue increase of $2223.8:Rpon, (the hectare
yield of mung bean is 1322.9 kg, and the price of harvested mung bean seeds is $1.68). The
elimination of non-viable seeds increases the seed input by $118.56 Rpon/(1 — Rpon)- In
addition, the cost of energy consumption and equipment usage is $16.29/(1 — Rpon), and
the labor cost is $6.59 for 1 h to operate the machine. Ultimately, the total revenue Ryqyq; is
obtained, whose numerator is a quadratic equation of one variable with an opening facing
down (Table 6). It shows that more than 1.1% of non-viable seeds being screened out will
positively increase revenue, and the revenue of $81.22 per hectare can be increased at an
Rnon 0f 5%. When the seed germination rate is as low as 85% (the minimum germination
rate for sowing, Rnon = 15%), the profit can be increased to $286.9 per hectare due to the
non-viable seeds being eliminated and the ultimate seed germination rate being improved.
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Table 6. The detailed calculations about the revenue of identifying and eliminating non-viable seeds.

Name Calculative Process
Benefit from the yield Byieta = Yia X Sharvest X Ruon
increase = 1322.9kg x $1.68 kg’1 X Ryon = $2223.8-Ryion
— Qng R
Cost for non-viable seed Cow = 1005 X TR X Weg X Ssow . .
elimination = % x 0.055kg x $6.32kg ™" x 173%(”1’(’]”
R
= $118.56- 17&”’1’1’”1
truning = 340909 seed X —g— x 02s:seed | = 25%h
Cost for machine usage Conachine = Cenerge + Cequip + Clapor

= LA9KW X tryning X $0.13kKWh ™" + $19454.09 X tying + 29200 + $6.586 h ™' x 1h
= 0.86tnuning + $6.59 = 1282 +$6.59

Total revenue Riotal = Byicld — Csow — Ciachine
= g (—$2223.80R 0" + $2111.83R,p0, — $22.87)

4. Conclusions

This study discussed the potential of using QE Pro (185~1100 nm) and NIR Quest
(900~2500 nm) spectrometers to predict seed viability and identify non-viable seeds of
mung bean. The effects of different optimal spectral bands and modeling algorithms on
the detection accuracy of seed viability were analyzed. Compared to the SVM and ELM
algorithms, the PLS model coupled with the Vis/NIR spectrum had the highest accuracy,
precision, and recall for the identification of non-viable seeds. Furthermore, the developed
model could predict the viability of seed batches and identify individual non-viable seeds
by non-destructive and environmentally friendly methods. According to the economic
analysis, the automatic sorting system utilizing the technology of the Vis/NIR spectrum is
economically viable with high efficiency, low energy consumption, and a large capacity to
increase the germination rate of mung beans. There is no chemical solution added in the
process, which promotes the cleaner production of mung beans.

Nevertheless, this work has several limitations: (1) The study used microwave-treated
seeds to simulate viability loss; while validated with naturally aged seeds, broader field
validation under diverse natural degradation conditions is needed. (2) The economic
analysis assumes ideal operating conditions; actual costs may vary with regional electricity
prices, labor costs, and equipment maintenance requirements. (3) The current system design
is crop-specific for mung bean seeds; adaptation to other seed types requires mechanical
modifications. To enhance model stability and generalizability, future research should:
(1) expand the sample database to include seeds from multiple growing seasons, storage
conditions, and natural aging processes; (2) integrate RGB imaging for simultaneous
detection of multiple quality attributes (cracks, diseases, color defects) alongside viability,
and investigate the effects of seed scratches, color variations, and shape abnormalities on
detection accuracy; and (3) explore transfer learning approaches to adapt the model to
other legume crops with minimal retraining.
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