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ABSTRACT

Physiological index data and low-field nuclear magnetic resonance (LF-NMR) spectral data of rice seed
samples from three varieties harvested in different years were collected through a combination of the standard
germination test and an LF-NMR test. Three parameters of seed vigor: germination energy, germination
percentage, and germination index, were calculated based on the physiological index data of the rice seed
samples to determine their vigor over the years after harvest. LF-NMR Carr-Purcell-Meiboom-Gill (CPMG)
sequence echo-peak data were used as the input, and rice seed vigor was used as the output to establish
discriminative models using principal component analysis, support vector machine, logistic regression, K-
nearest neighbor, artificial neural network, and Fisher’s linear discriminant. The results showed that models
constructed using any algorithm, except for principal components analysis-algorithm distinguished between
seeds with high and low vigor, while models constructed using Fisher’s linear discriminant algorithm gave the
best results. This study provided a rapid, accurate, and non-destructive method to test rice seed vigor, offering
theoretical support and a reference for rice seed-sorting and storage research.
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INTRODUCTION

Rice (Oryza sativa L.) is an important food crop for humans, with more than 50% of the world population
relying on rice as a staple food. Seed vigor is the sum of a rapid and neat germination, growth, and productive
potentials of a seed lot under a wide range of field conditions. Seed vigor and vitality levels are critical in
determining seed quality, and can directly affect seed germination, seedling growth rate, and plant vigor (Reed,
2022). High seed vigor plays a key and decisive role in achieving high and stable rice yields. Rice seed vigor
is highest at harvest and decreases gradually as the seeds age during subsequent storage. Sowing of low-
vigor rice seed causes great economic losses to agricultural production (Yan, 2018). Hence, a rapid, accurate,
and non-destructive method for testing rice seed vigor is paramount.

Methods for testing seed vigor can be divided into two categories: traditional testing methods and non-
destructive testing (NDT) methods (Milosevic, 2010). Among the traditional methods, the standard germination
test is widely used and allows visual determination of seed vigor. However, it requires manual measurement
of root and shoot lengths of seedings during germination, which has the disadvantages of requiring complex
operation procedures, high technical expertise, high destructive effect, long test cycle, and shows low testing
efficiency (Romano and Stevanato, 2020). The International Seed Testing Association (ISTA) recommends
the conductivity and the tetrazolium tests to assess seed vigor by analyzing the relationship between seed
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physiological and biochemical indices and germination rate and potential (Ma, 2020). Other methods include
the accelerated aging test (Alahakoon, 2021), the cool germination test (Singh, 2021), the complex stress vigor
test (Zhang, 2021), and the cold test (Sharma, 2021). However, rapid, accurate, and non-destructive testing
methods are gaining increasing acceptance and are the future trend for measurement of seed vigor (Zhang,
2022). Thus, for example, Wang et al. (2020) used near-infrared (NIR) spectroscopy coupled with partial least
squares-discriminant analysis (PLS-DA) to identify the vigor of single maize seeds under different treatments
(Wang, 2020). Similarly, Zhang et al. (2017) used an electronic nose to analyze the odor of maize seeds with
different vigor (Zhang, 2017); furthermore, they used principal component analysis (PCA), support vector
machine (SVM), and Fisher linear discriminant (FLD) to establish a qualitative analysis model of maize seed
vigor. In turn, He et al. (2019) used near-infrared hyperspectral imaging (NIR-HSI) to distinguish rice seeds
from different years and identified the non-viable ones using PLS-DA (He, 2019). Yasmin et al. (2020) used
the machine vision technique to identify healthy and non-healthy tomato seeds and discriminated seed quality
in real time by image analysis (Yasmin, 2020). Similarly, Feng et al. (2021) built a discriminative model based
on electrical impedance spectroscopy parameters for rapid NDT of rice seed viability (Feng, 2021). Song et al.
(2021a) used the low-field nuclear magnetic resonance (LF-NMR) technique for NDT of moisture content and
moisture distribution in rice seeds with different vigor (Song, 2021). However, to date, few studies have
reported using the LF-NMR technique coupled with machine learning algorithms to determine rice seed vigor.

In this study, three varieties of newly harvested rice seeds and naturally aged rice seeds were used as
the research objects. Firstly, the standard germination test was conducted to discriminate the vigor of rice
seeds of each variety in different years, and then the LF-NMR technique was used to collect the LF-NMR
spectral data of all test samples to obtain information regarding their internal hydrogen ions. Subsequently, six
machine learning algorithms, including PCA, SVM, logistic regression (LR), K-nearest neighbor (KNN), artificial
neural network (ANN), and FLD, were used to discriminate the vigor level of the same rice seeds, and
discriminative models of rice seed vigor were constructed. Finally, the validity of these models was verified.
The study aimed to find an efficient and accurate method to determine the vigor of rice seeds and provide a
reference for rice seed sorting and storage research.

MATERIALS AND METHODS
Experimental materials

This study used seeds of three different rice varieties. Two of them are conventional japonica rice
varieties, namely, Shen Nong 9816 (SN) and Bei Geng 3 (BG), bred by the Rice Research Institute at
Shenyang Agricultural University, and suitable for cultivation in the mid- to late-maturing rice areas in
northeastern China and south of Shenyang. The third variety is the conventional indica rice Tai You 871 (TY),
bred by the Agricultural College of Jiangxi Agricultural University and suitable for cultivation in areas less prone
to rice blast disease, in Jiangxi Province, China. All test samples were provided by the Rice Research Institute
at Shenyang Agricultural University. Rice seeds were selected and those newly harvested (October 2021)
were numbered 2021SN, 2021BG, and 2021TY, according to the names above, respectively. Meanwhile,
naturally aged rice seeds (harvested in October 2020) were numbered 2020SN, 2020BG, and 2020TY. Rice
seeds of the same varieties were sourced from the same seed lots. All seeds had initial moisture contents
lower than 14% and were stored at room temperature away from light. Among the test samples of different
varieties in different years, 380 rice seeds were selected as mature, full, and free of mold, germination, and
insects, of which 300 seeds were used for the standard germination test (three groups of 100 seeds each,
were used as replicates), and 80 seeds were used for the LF-NMR test (16 groups of five seeds each, were
used as replicates).

Germination test

To evaluate the differences in rice seed vigor due to natural aging, a 7-d standard germination test was
conducted in compliance with International Rules for Seed Testing (2022). Rice seeds were first soaked in a
0.2% potassium permanganate solution for 15 min and then rinsed five times with distilled water. The
germination box was lined with three layers of germination paper, moistened with distilled water, and then 100
seeds were evenly placed in it. To prevent water evaporation, the germination box was covered with a lid, and
placed in an RTOP-268D intelligent artificial climate chamber (Zhejiang Tuopu Instruments Co., Ltd., China).
The germination temperature was set at 27°C, with a 12/12 h light/dark regime in an alternating mode. To keep
the germination paper moist, distilled water was sprayed quantitatively every day. The total germination time
was 7 d, and the number of germinated seeds was recorded daily. Germination energy (GE) was calculated 4
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d after germination, and germination percentage (GP) and germination index (Gl) were calculated 7 d after
germination using Equations 1, 2 and 3. The results were expressed using the mean of the three replicates
used for the standard germination test.

GE="L <100 (1)
where: Ny is the number of germinated seeds on the fourth day, and N is the total number of tested seeds.

GP="L <100 @)
where: N7 is the number of final germination seeds, and N is the total number of tested seeds.

GI=JX_ = 3

where: t is the germination day, and N: is the number of germinated seeds per day corresponding to t.

LF-NMR relaxation measurements

The transverse relaxation time T is an important LF-NMR parameter to characterize the hydrogen-ion
relaxation inside rice seeds. Different components of the same material have different Carr-Purcell-Meiboom-
Gill (CPMG)-echo-sequence peak curves, which can be visualized using LF-NMR. The superimposed
relaxation signals of all hydrogen ions in rice seeds were measured at a resonance frequency of 21 MHz using
an NMI20-015V-I Nuclear Magnetic Resonance analyzer (Shanghai Niumag Science and Technology Co.,
Ltd., China). The magnet temperature was set to 32°C to ensure a constant rate of hydrogen-ion motion in the
detection system.

The CPMG pulse sequence was used to scan all the test samples five times with 3,000 echoes; the
repeated-sampling waiting time was 0.150 ms, pulse width for 90° radiofrequency (RF) was 17 ys, pulse width
for 180° RF was 36 us, and repeated sampling interval was 1,000 ms. After measurement, raw PEA files were
obtained, and the CPMG-echo-sequence peak data of the samples were extracted.

Data processing and analysis

This study adopted the LF-NMR technique to collect CPMG-echo-sequence peak data of rice seed
samples for multivariate analysis, and the algorithms used for the analysis included PCA, SVM, LR, KNN,
ANN, and FLD (Ge, 2017). Cross-validation of data was performed using the hold-out method to ensure the
discriminative accuracy of the final model trained on all data.

Principal component analysis is an analytical method to reduce the dimensionality of high-dimensional
data. LF-NMR CPMG-echo-sequence peak data contain a large amount of redundant information and random
noise values that are not conducive to building an accurate model for discriminating rice seed vigor. Therefore,
the extraction of feature variables using PCA techniques is necessary. To retain the main features of the
original data variation, the multivariate data were linearly transformed and dimensionally reduced, and the
reduced feature vectors were extracted. First, the CPMG-echo-sequence peak data of each tested sample
was set as a multivariate in one row, and each row vector represented one sample. The CPMG-echo-sequence
peaks of the rice seed samples of the same variety and different years were grouped together to obtain the
original matrix M using Equation 4.

M=nxa (4)
where: n denotes the number of seed samples, and a refers to the CPMG-echo-peak data of the samples.
Then, the data matrix M was analyzed according to the maximum variance theory by PCA.

M:M] XMZ (5)
where: M1 is an n x m dimensional matrix, n is the number of rice seed samples, m is the number of principal
components, and Mz is an m x m dimensional matrix. Based on the principle of PCA, matrix M is the principal
component score matrix, i.e., the first column is principal component 1 (PC1), the second column is principal
component 2 (PC2), and the other principal components are derived in turn.

Support vector machine (SVM) is a supervised learning approach to solve the problem of data binary
classification in machine learning. Its goal is to find a hyperplane using two classes of data as far away from
the hyperplane as possible, thus classifying the new data more accurately (Hu, 2020).

Logistic regression is a typical probabilistic statistical classification model; a linear algorithm widely used
to discriminate binary classification problems with k-dimensional independent variables. Using a sigmoid
function allows LR to output only two values, so that it is possible to classify both naturally aged and newly
harvested rice seeds, thereby distinguishing between their vigor.
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As for KNN, this is a classification model often applied in pattern recognition, machine learning, and
data mining. The principle of this algorithm is that a naturally aged rice seed sample is the nearest neighbor to
k samples in the dataset in the feature space. If most of these k samples belong to the naturally aged rice seed
category, then the sample also belongs to this category; otherwise, the sample belongs to the newly-harvested
seed category.

In turn, ANN is a classification algorithm that mimics the behavioral characteristics of animal neural
networks and performs distributed parallel information processing. It consists of an input layer, multiple hidden
layers, and an output layer. ANN can acquire relevant knowledge through learning and store it in each
connection weight. It forms memory in the process of continuous training to complete more complex
classification discriminations with strong fault tolerance and nonlinear mapping capability.

Finally, FLD is a popular binary classification algorithm in machine learning and data mining. The LF-
NMR CPMG-echo-sequence peak data are projected in low dimensions. After projection, the projection points
of similar samples are as close as possible, and those of dissimilar samples are as far as possible, i.e., the
projection minimizes intra-class variance and maximizes inter-class variance, thus discriminating between
seed samples contrasting for vigor.

For each rice variety, 160 test seed samples were used for the LF-NMR test; five seeds were used as
a group, and each test was repeated five times. Thus, a total of 160 groups of CPMG-echo-sequence peak
data were obtained for each variety. Among them, 100 groups were randomly selected as the training set, and
the remaining 60 groups were used for model validation. The indices of accuracy, sensitivity, and specificity
were used to evaluate the binary classification performance of the discriminative model, as shown in Equations

6, 7, and 8.
FP+NA

Accuracy (%)= - x100 (6)
Sensitivity (%)= F}i PFN x100 @)
Specificity (%)= 3 A]?NF x100 (8)

where: FP are freshly harvested seeds predicted to be freshly picked seeds; NA are naturally aged seeds
predicted to be naturally aged seeds; TT is the total number of seeds of the same variety from different years;
NF are naturally aged seeds predicted to be freshly harvested seeds, and FN are freshly harvested seeds
predicted to be naturally aged seeds.

The statistical analysis software SPSS (version 25.0, IBM, USA) was used to analyze and process all
the data collected in the LF-NMR spectral test and the standard germination test. The function plotting software
Origin (version 2021; OriginLab Company, USA) was used for graph plotting. In terms of machine learning
algorithms, MATLAB (R2021b; MathWorks Company, USA) was used to build and validate the models.

RESULTS
Analysis of the results of the standard germination test

Figure 1 shows the germination of a group of rice seed samples of variety BG on day 7 after initiation of
vigor testing using the standard germination test. Fig. 1a shows the newly harvested seeds, while Fig. 1b
shows the naturally aged seeds.

As Fig. 1 clearly shows, the growth rate of both roots and shoots of the naturally-aged seeds were lower
than that of the newly harvested seeds.

Cand <%
”e A
’ ] |., E ) ‘
(&) Newly picked rice seeds (b) Naturally aged rice seeds
Fig. 1 - Germination of naturally aged and newly picked seeds (BG, 7d)
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The number of germinated seeds per day during the seed germination test of the three rice varieties in
different years was recorded; additionally, seedling height was measured and GP, GE, and Gl of the seeds,
which indicate the level of vigor, were calculated.

The results are shown in Table 1.

Table 1
Effects of natural aging on GP, GE and Gl
(*Newly harvested seed. **naturally-aged seed)

Variety GP (%) EG (%) Gl
2021SN* 96 93 28.7
2020SN** 45 34 13.1
2021BG* 98 96 29.2
2020BG** 35 28 10
2021TY* 95 94 27.9
2020TY** 21 15 6

As can be seen, the germination rate of SN decreased from 96% to 45% with aging, that of BG
decreased from 98% to 35%, and that of TY decreased from 95% to 21%. The highest difference (74%) in GP
between newly harvested and naturally aged seed was observed for variety TY, and the lowest difference
(51%) was observed for variety SN. The germination rate of rice seeds of the same variety in different years
showed a large difference, so that the germination rate of newly harvested rice seeds was high, whereas that
of naturally aged rice seeds was significantly lower.

Furthermore, the germination potential of newly harvested rice seeds of SN, BG, and TY was 93%, 96%,
and 94%, respectively, whereas that of naturally aged rice seeds was 34%, 28%, and 15%, respectively.
Indeed, germination potential followed the same trend as germination rate. According to the International Rules
for Seed Testing (2022), Gl is an important index of high rice seed vigor. In this study, Gl of 2021BG was the
largest, indicating that its seed vigor was the highest among the tested samples. Conversely, Gl of 2020TY
was the lowest, indicating that its seed vigor was the lowest among the tested samples. Vigor index of newly
harvested seeds was higher than that of naturally-aged seeds regardless of variety.

Therefore, rice seeds from 2021 were defined as high-vigor seeds, whereas seeds from 2020 were
defined as low-vigor rice seeds.

Analysis of LF-NMR spectral test results

LF-NMR spectral data of seed samples of three rice varieties were examined under the same conditions.
Fig. 2 shown the CPMG-echo-sequence peaks of the tested seeds of the same variety in different years.

Figure 2 indicates that the CPMG-echo-sequence peak curves of the seeds of the three rice varieties
showed similar trends. The decay rate of the CPMG-echo-sequence peaks for naturally-aged seed was lower
than that for the newly harvested seeds, from 20 to 100 ms. After 100 ms, the decay rate of the rice seeds in
different years gradually tended to weaken until the end of the decay at 450 ms.

The decay of the CPMG-echo-peak curve is closely related to the content and the free state of hydrogen
ions in the seed samples, which in turn is related to seed vigor. Hence, the curve data can be used to evaluate
the vigor of the seed samples.

Small differences were observed between the CPMG-echo-sequence peak curves of seed samples
from different years, and the difference between curvature and signal intensity was also small. Thus, it is
impossible to distinguish and discriminate between newly-harvested and naturally-aged rice seeds using this
curve alone. Addressing this problem requires parsing the curve data using machine learning methods. The
extracted CPMG-echo-sequence peaks of rice seeds from different years were used to discriminate between
newly-harvested and naturally-aged rice seeds.
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Fig. 2 - Carr-Purcell-Meiboom-Gill (CPMG)-echo-sequence peaks of seeds of three rice varieties

Analysis of PCA algorithm results

The PCA algorithm was used to linearly transform and downscale the LF-NMR CPMG-echo-sequence
peak data. Then, a multivariate analytical model was established based on the different varieties. The intra-
class vigor difference of different seed samples was characterized by the interval distance on the principal
component score plot. The farther the interval between two classes of samples, the greater the difference in
vigor, and vice versa. The contribution rates of PC1 and PC2 obtained in the PCA linear transformation were
included in PC1 and PC2. The larger the contribution rate, the better the primary component reflected index
information.

The PCA algorithm was adopted to extract the principal feature components of the LF-NMR CPMG-
echo-sequence peak data to distinguish between rice seeds of the same variety in different years with similar
feature information. The results of PCA analysis showed that the PC1 and PC2 explained 44.8%, 46.9%, and
51.3% of the information original variances in SN, BG, and TY, respectively, as illustrated in Fig. 3.

Figure 3 revealed that the separation effect for TY was the best, whereas that for BG was the poorest.
However, regardless of the variety, it was difficult to distinguish naturally-aged from newly-harvested seed
using the PCA method. Therefore, other machine learning classification algorithms were required to parse
these LF-NMR CPMG-echo-sequence peak data. Rice seed vigor was discriminated by extracting information
that reflected different vigor characteristics.

The PCA method usually selects a cumulative contribution of = 80% to determine the first k components
to be defined as the principal components of the research question. The feature variables of seed samples of
the same rice variety in different years were extracted based on this method. The selected results were
analyzed, and the top 10 principal components were found to have a contribution rate of = 80%. Hence, the
top 10 principal components of CPMG-echo-peak data were selected as the feature variables for the analysis
model, and five other machine learning classification algorithms were used to further construct the models to
determine the vigor of rice seed.
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Fig. 3 - Principal component analysis (PCA) plots of the CPMG-echo-sequence peak data
for the seed of three rice varieties from two different years
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Analysis of the results of five machine learning classification algorithms

Model training was performed using the SVM, LR, KNN, ANN, and FLD algorithms on 100 groups of
randomly obtained training set data for each variety, and the model validation was conducted with 60 groups
of validation set data. The results of the evaluation of the indices of accuracy, sensitivity, and specificity of the

100

five models of multivariate analysis for the determination of seed vigor are shown in Table 2.

Results of the evaluation of seed vigor indices based on support vector machine (SVM), logistic regression (LR),
K-nearest neighbor (KNN), artificial neural network (ANN), and Fisher’s linear discriminant (FLD)

Model Index SN BG TY
Accuracy (%) 96.7 95 93.4

SVM Sensitivity (%) 96.7 96.7 90
Specificity (%) 96.7 93.4 96.7
Accuracy (%) 93.4 95 93.4

LR Sensitivity (%) 90 93.4 86.7
Specificity (%) 96.7 96.7 100
Accuracy (%) 95 95 83.4

KNN Sensitivity (%) 93.3 96.7 70
Specificity (%) 96.7 93.4 96.7

Accuracy (%) 83.3 85 81.6

ANNs Sensitivity (%) 86.6 73.4 80
Specificity (%) 80 96.7 83.3

Accuracy (%) 100 98.3 100

FLD Sensitivity (%) 100 96.7 100
Specificity (%) 100 100 100
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By comparing and analyzing each index of the discriminative models of newly-harvested and naturally-
aged seeds of three rice varieties, constructed using SVM, LR, KNN, ANN and FLD algorithms, it was found
that each model discriminated seed vigor. Additionally, among these classification algorithms, the
discriminative model constructed by the ANN algorithm performed poorest in discriminating seed vigor,
whereas the model constructed by the FLD algorithm performed best. The rice seed-vigor discriminative model
constructed by the FLD algorithm was visualized as shown in Fig. 4. This model distinguished well between
the newly-harvested and the naturally-aged seeds of the three varieties tested herein.

@ 2021TY
@ 2020TY
2021SN
 2020SN
@ 2021BG
2020BG

LD1
Fig. 4 - FLD plots of the CPMG-echo-sequence peak data of the same variety
of rice seeds in different years Model validation

Pre-processed CPMG-echo-sequence peak data of 50 groups of seed of the BG rice variety from two
different years were randomly selected to validate the effectiveness of the discriminative model constructed
using the FLD algorithm for determining rice seed vigor. The discriminative model constructed using the FLD
algorithm, which performed best among the five classification algorithms, was selected, and the classification
results are shown in the form of a visualized confusion matrix in Fig. 5.

Accuracy = 98% Number of samples
I:[! (]
A0, 00

BRI

New seeds

Ture lable

20. 00

Old seeds

.00

0., 0

New seeds Old seeds

Predicted lable
Fig. 5 - Confusion matrix of classification results as per the FLD model

In Fig. 5, new seeds are the newly-harvested seeds, and old seeds are the naturally-aged seeds. The
true labels are the number of actual seed samples in different years, and the values in the upper left and lower
right cells are the number of correctly discriminated seed samples in different years. The higher values in the
upper left and in the lower right corners indicate that the model constructed using the FLD algorithm is more
capable of discriminating newly-harvested and naturally-aged seeds. The color of the matrix grid is related to
the size of the values in the grid, and the color bar on the right side gives the specific numerical
correspondence. The accuracy in BG recognition was 98%, similar to the results in Table 2. Thus, 48 samples
of newly-harvested seeds and 50 of naturally-aged seeds were correctly classified, and the intra-class
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accuracies were 96% and 100%, respectively. Furthermore, the recognition accuracy of BG seeds of different
years by the FLD algorithm-based model was greater than 95%, thereby showing strong generalization
performance, indicating that the model constructed using the FLD algorithm effectively discriminated the level
of vigor between rice seeds from two different years.

CONCLUSIONS

1. The standard germination test was used to obtain values of three indices to characterize rice seed
vigor, namely, GP, GE, and GI. The values of all three indices of the newly-harvested seeds were higher than
those of the naturally-aged seeds. Seed samples were classified for vigor according to the year of harvest.

2. The LF-NMR test was conducted to obtain the spectral data of seed samples of three rice varieties
from two different years. The PCA algorithm was adopted to discriminate the vigor of the seed samples by the
CPMG-echo-sequence peak data. The results led to the conclusion that distinguishing a naturally-aged rice
seed from a newly-harvested one was difficult.

3. The PCA algorithm was used to select the first 10 principal components of the CPMG-echo-sequence
peak data as the feature variables of the analysis model. Subsequently, the SVM, LR, KNN, ANN, and FLD
algorithms were used to build and validate the corresponding seed-vigor discrimination models for three rice
varieties. All models discriminated for seed vigor but best performance was observed for the model constructed
using the FLD algorithm.
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