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Abstract: The identification of seed vigor is of great significance to improve the seed germination
rate, increase crop yield, and ensure product quality. In this study, based on a hyperspectral data
acquisition system and an improved feature extraction algorithm, an identification model of the
germination characteristics for corn seeds was constructed. In this research, hyperspectral data
acquisition and the standard corn seed germination test for Zhengdan 958 were carried out. By
integrating the hyperspectral data in the spectral range of 386.7–1016.7 nm and the first derivative
information of the spectral data, the root length prediction for corn seeds was successfully completed.
The data regression model and prediction relationship between the spectral characteristics and
seedling root length were established by principal component regression, partial least squares, and
support vector regression. The first derivative information of the hyperspectral data was obtained
by comparing the prediction model results with the original spectral data, which was preprocessed
by Savitzky–Golay smoothing, multiplicative scatter correction, standard normal variate, and curve
fitting. The results showed that the prediction model based on the first-order differential spectral
data showed better performance than the one based on the spectral data obtained by other processing
algorithms. By comparing the prediction results using different data characteristics and regression
models, it was found that the hyperspectral method can effectively predict the root length of the seed,
with the coefficient of determination reaching 0.8319.

Keywords: hyperspectral imaging technology; identification of seed vigor; corn seed; root length
prediction of seeds; first-order differential

1. Introduction

Maize (Zea mays L.) is the third largest grain crop after rice and wheat. It is important
for food and animal feed in China. As one of the indispensable raw materials for food,
medical and health care, light industry, and chemical industry, the production source of
corn seeds affects the development of the whole corn industry chain. However, in the
process of seed cultivation, harvest, transportation, and storage, the seed vitality may
decline due to the difficulty of controlling environmental conditions, which is a challenge
for the corn seed industry.

The complexities of crop genetic regulation and environmental influence make evaluat-
ing seed vigor as an indicator of seed quality challenging. Traditional seed vigor evaluation
methods are mainly based on seed chemical properties, such as the immunoassay test [1],
polymerase chain reaction test [2,3], accelerated aging method, and germination test [4,5].
Although these methods have a high accuracy and reliability, they are generally associated
with a high cost, long timeline, high requirements for operators, and irreversible damage
to seeds. Therefore, seed vigor can only be tested by sampling, which makes it difficult
to test a large number of seeds quickly. In recent years, some non-destructive and rapid
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seed vigor detection methods have been proposed and have attracted extensive attention,
such as the electronic “nose” based on seed chemical characteristics [6,7], the flow rate
of the H2O2- and O2-based detection method [8], seed respiration detection method [9],
and conductivity measurement [10,11]. However, these methods were mainly based on
single physiological and biochemical characteristics of seeds, and do not fully reflect the
comprehensive changes and influence of the relationships related to seed vigor.

In recent years, non-destructive testing technologies based on crop appearance and
optical characteristics have been examined, such as X-ray diffraction technology [12,13],
laser speckle analysis technology [14,15], near-infrared spectroscopy [16–20], hyperspectral
imaging technology (HSI) [19,21], and Raman spectroscopy [22,23]. Typically, by combining
traditional image information with spectral technology in HSI, the reflection spectral
characteristics and spatial structure information characterizing the physical and chemical
properties of samples are obtained. The vigor phenotype of seeds is closely related to the
composition of their main active substances: oil, sugar, protein, and starch. The changes
of the seed vigor characteristics reflect the physiological and biochemical characteristics
of seeds. Therefore, HSI has been successfully applied for the prediction of maize seed
vigor characteristics [24,25]. For example, in Cui [25], the best spectral characteristic band
related to seed vigor was optimized by kernel principal component regression, principal
component regression (PCR), and partial least squares regression (PLS). The results showed
that the prediction result of the seedling root length based on HSI performed well and the
coefficient of determination reached 0.7805.

In Feng (2018), two varieties of maize processed with eight different aging duration
times (0, 12, 24, 36, 48, 72, 96, and 120 h) were studied by combining the hyperspectral
imaging and chemometrics methods [26]. The seed vigor and seed aging degree of different
corn seeds were evaluated. They found that the spectral reflectance was significantly
associated with the maize kernel vigor undergoing different accelerated aging times [26].
In Pang (2020), maize seed vigor detection and prediction was proposed by using the
spectral and image information of hyperspectral imaging [21]. Four levels of corn seeds
were predicted by deep learning, and the identification accuracy of the vitality levels
reached 99.96% [21], different vitalities of Quercus variabilis seeds were investigated by the
hyperspectral imaging technique and four vitality levels were estimated and forecasted
by the artificially accelerated aging non-destructive method [27]. The results indicated
that the prediction of seed germination processes in a shorter time was feasible [27]. In
Yang (2020), vigor identification of rice seeds harvested in different years was proposed by
combining near-infrared hyperspectral imaging technology and deep learning [28]. The
highest accuracy of vigor identification, which was 99.5018%, verified the effectiveness of
the proposed method [28].

The above non-destructive vigor testing technologies based on HSI mainly focus
on the spatial distribution characteristics of spectral data while ignoring the correlation
distribution structure of spectral data variables, such as the correlation between spectral
data among different bands and the relationship between a band and its corresponding
spectral value. Different spectral bands reflect different material characteristics of samples.
For example, the spectrum data in the 660 nm band represents the content information of
chlorophyll a and the spectrum data in the 640 nm band represents the content information
of chlorophyll b. If the correlation characteristics and dynamic trend information between
different spectra bands are ignored, the complex spectral distribution characteristics of
corn seeds will be lost, resulting in incomplete spectral feature extraction and inaccurate
model prediction. To make the model conform to the spectral distribution of samples,
Tang (2020) proposed to divide the original average spectrum into multiple disjoint spectral
intervals and use the least square algorithm to fit the local spectral curve of each segmented
spectral interval [29]. The fitting coefficients of different spectral intervals were applied to
characterize the original spectral features of apple samples with different damage degrees.
Although the “shape” differences of apple samples under different damage degrees could
be obtained by such spectral response curves, this method mainly focused on the fitting
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coefficient characteristics of the regression curves, and the spectral correlation information
and dynamic trend information of different bands could not be characterized. These
spectrum-related characteristics may carry important information useful for the prediction
of seed vigor. Therefore, comprehensive analyses and research of such characteristics are
needed.

The original spectral information of corn seed reflects the spatial distribution of sample
data, and its first-order difference reflects the sequence characteristics of the spectral
data. In other words, the location characteristics and correlation information of spectral
data are both important for spectral feature acquisition. The fusion of these two aspects
reflects the distribution and dynamic characteristics of the spectral data. Therefore, to
obtain the complex spectral characteristics of seeds, this paper proposes a sample spectral
information expression method based on the first-order difference information of spectral
data. It was applied to the prediction of seed vigor phenotype. Based on the characteristic
correlation between hyperspectral data and seed vigor phenotype and different spectral
data distribution, three different regression models were constructed for the prediction of
maize seed vigor. To evaluate the accuracy of the models, the germination test was used to
determine the root length of seed seedlings as a reference [30]. The prediction accuracy and
superiority of different spectral data acquisition methods and regression algorithms were
compared, and the effectiveness and feasibility of non-destructive testing of seed vigor
were determined.

2. Materials and Methods
2.1. Sample Preparation and Data Collection

The GaiaSky-mini visible/near-infrared hyperspectral imaging system (Dualix In-
struments Co., Ltd., Chengdu, China) with a spectral range of 386.7–1016.7 nm was used.
As shown in Figure 1, the hyperspectral data acquisition system is fixed in a rectangular
parallelepiped dark box (Sichuan Shuangli Hepu Technology Co., Ltd., HSIA-DB). The dark
box includes a CCD camera (CCDSonyICX285, Tokyo, Japan) with a spectral resolution
of 3 nm ± 0.5 nm; four halogen tungsten light sources; and a fixed lifting platform at
the bottom of the dark box. In this experiment, the lifting platform was set prior so that
the distance between the lens and the samples was 50 cm. Based on the hyperspectral
imaging control software Spectral-View, the number of spectral bands was set to 256 and
the imaging resolution was set as 1388 × 1392 pixels. The exposure time was 35 ms and the
camera scan speed was 14 s.
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In this paper, Zhengdan 958, a corn variety with a large planting area, is the re-
search focus. The corn seeds were purchased from Beijing Fengming Yashi Seed Company
(Beijing, China) and stored in a refrigerator at the temperature 4 ◦C. Eighty-four corn sam-
ples were selected and had their embryonated surfaces evenly placed on the blue gauze.
The hyperspectral image data of the corn seeds were collected by keeping the stalks of
each seed in the same direction; the position of the seeds for image acquisition is shown in
Figure 2. In this experiment, 68 samples were selected as the training set, and the remaining
16 samples were defined as the test data.
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The growth status of the seed after germination, especially the seedling root length
information obtained after the standard germination experiment, reflects the vigor status
of the seed. According to Cui (2020), the hyperspectral characteristics of seeds have a
strong relationship to the root length characteristics of seedlings [25]. In this paper, the root
length of corn seeds, which can reflect the seed vigor, was studied and predicted by the
hyperspectral data acquisition system. First, the hyperspectral characteristics of the seed
samples were collected. Then, the standard germination experiment was carried out, and
the germination was continuously observed under the same conditions for 7 days. The
longest root length of each seed sample was measured and defined as its standard seedling
root length. The rang of the root length for the seedling samples in this experiment were
among 5.5 cm to 27 cm. Figure 3 shows a schematic overview of the prediction process for
corn seed germination, including the hyperspectral data collection, data acquisition of seed
germination, regression model construction, and root length prediction.

2.2. Region of Interest Extraction

When the hyperspectral images of corn seeds are collected, the spectral signal obtained
by the spectrometer not only contains useful information, but also has random errors that
may cause noise interference. Therefore, 220 hyperspectral bands from 430.1 nm to 971.5 nm
were selected. The embryo part of the seeds was divided into an ellipse to create a region
of interest (ROI), and then ENVI 5.1 (ITT Visual Information Solutions, Boulder, CO, USA)
was used to extract the average spectral reflectance of the seeds within the ROI.

Black and white correction on the hyperspectral image I0 was performed to reduce the
negative effects of light source fluctuations and dark currents. The PTFE standard white
calibration plate with a reflectivity of 99.99%, which was placed at the same height as the
sample, was scanned to collect standard white light calibration data W . By covering the lens
with a black lens cap, a dark-field standard blackboard image B was collected. According
to Equation (1), the spectral data I after black and white correction was calculated [31]:

I =
I0− B
W − B

× 100% (1)
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2.3. Data Analysis and Processing Methods

The commonly used hyperspectral data preprocessing methods, such as Savitzky Go-
lay smoothing (SGS), multiplicative scatter correction (MSC), and standard normal variate
(SNV), were applied in the experiment for data processing. The prediction performances
after the data processing were also compared.

The data trends of the sequence data and the peak points of spectral curves can be
observed through the first-order difference of the spectral data sequence. Assume that
the original hyperspectral data sequence is yi (1≤ i≤ n). When the sequence number i
changes from k to k + 1, the amount of change of y is defined as:

4yk = yk + 1 − yk (2)

where4yk is the first-order difference of the spectral data at point k, which is defined by
the difference between the spectral values at time k + 1 and time k.

To obtain the prediction of seedling root length, the hyperspectral data of corn seeds
and the corresponding germination data were used to perform data regression based on
the common regression models PCR, PLS, and support vector regression (SVR) [32–35].

By projecting the hyperspectral data of corn seeds into a low-dimensional space
through the PCA algorithm, a PCR-based linear regression model was established between
the projection data and the germination data. The algorithm can characterize the data
relationship between the hyperspectral data and the germination data while solving the
problem of multicollinearity among independent variables in data regression.

In the PLS algorithm, the germination data and the spectral data were projected into a
low-dimensional space so that the reduced data could represent the original data as well as
possible. In addition, a strong correlation between the germination data and the spectral
data was guaranteed.

The goal of the SVR algorithm is to obtain a regression plane so as to have the data
characteristics among the germination data and the corresponding spectral data fit the best.
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An optimized model that minimized the loss and the width of the interval were obtained
through the predefined linear function tolerance and slack variables.

MATLAB toolbox was applied for the data processing and model construction.

2.4. Seed Vigor Prediction

Based on the original spectral data and the first-order difference information of the corn
seed, the regression relation between the seed spectral characteristics and the corresponding
seedling root length was established by the PCR, PLS, and SVR algorithms. Based on these
regression models, non-destructive prediction of the root length characteristics of the test
samples was performed. Assume that the spectral data of the corn seed for the training
data defined in real number matrix X(x1, . . . , xn) ∈ RD×n (D is the number of wavelengths
for hyperspectral data). The seedling root length characteristic reflects the seed germination
characteristics of the seeds. According to the regression accuracy, the model parameters of
the PCR, PLS, and SVR algorithm were optimized 10 times by ten-fold cross validation.

The flowchart of the seedling root length prediction model constructed by the regres-
sion model is shown in Figure 4.
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2.5. Model Evaluation Index

On the basis that the spectral data of training samples and the test samples were
normalized under the same standard in the data pre-processing procedure, the coefficient
of determination (R2), root mean square error (RMSE), and relative prediction deviation
(RPD) were applied to test the performance of the proposed model. Assuming that the true
value of the root length variable is y1, y2, . . . , yn, the R2, RMSE, and RPD can be calculated
as follows:

R2 = 1− ∑n
i=1 (yi−

^
yi)

2

∑n
i=1 (yi−

¯
y)

2 (3)

RMSE =

√√√√∑n
i=1 (yi−

^
yi)

2

n− 1
(4)

where ŷ is the predicted value of the samples by the regression model,
–
y represents the

mean of the actual measured value for the test sample, and n represents the number of test
samples. In Formula (3), R2 indicates the correlation between the predicted variable and
the actual value. The closer to 1 R2 is, the stronger is the ability for prediction of the model.
RMSE is used to measure the quality of model fitting. The smaller the value of RMSE, the
closer is the predicted value to the true value and the higher is the prediction accuracy. In
Formula (3), SD represents the standard deviation of the test sample.

2.6. Algorithmic Steps

Based on the hyperspectral data characteristics, the seed vigor detection method based
on the proposed model was developed. For the D (D = 256) dimensional hyperspectral
data with n seed samples X1, . . . , Xn collected from the spectrum acquisition system, the
general procedures of the model regression and root prediction were applied as follows.

(1) The SGS, MSC, and SNV were applied for the hyperspectral data preprocessing;
(2) The curve fitting fit method for data processing was applied;
(3) The first-order difference of the hyperspectral data sequence at point k was defined

as 4Xk = Xk + 1 − Xk, and the new data matrix was constructed by all the first-order
difference data and the raw hyperspectral data;

(4) Model training and correction were carried out for PCR, PLS, and SVR by the
preprocessed data in step (1), step (2), and step (3);

(5) The hyperspectral data for the test seeds was preprocessed by the method in step
(1), step (2), and step (3);

(6) Root length prediction was performed and compared based on different processed
data and different regression model.

3. Results and Analysis
3.1. Hyperspectral Features of Corn Seeds Based on First-Order Difference

Suppose the spectral reflectance data matrix of the corn seed samples collected by the
hyperspectral system is X(x1, x2, . . . , xD)∈RN×D, where x1 is the spectral reflectance of the
first band, N is the number of samples, and D Is the number of spectral bands. Figure 5a
shows the spectral reflectance and average spectral reflectance of the Zhengdan 958 for the
training data in different spectral bands.
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Figure 5a shows that when the spectral band changes from range 386.7 nm to 1016.7 nm,
the spectral reflectance of the seeds changes discretely and dynamically. Such changes
reflect the intrinsic material composition of the seed. For example, the spectral value in the
910 nm band characterizes the protein content in the sample, and the spectral value in the
660 nm band characterizes the chlorophyll a content in the sample. Therefore, the order
of the spectral values with different bands cannot be exchanged. That is, when the data
processing is performed, it is necessary to retain the characteristics of the dynamic correla-
tion among different spectral bands. Traditional spectral processing methods are mainly
based on the static characteristics of different spectral bands and lack the dynamic change
characteristics among different bands. In particular, the commonly used hyperspectral
data preprocessing methods, SGS, MSC, and SNV, may ignore such dynamic correlation
features. The data distribution after data preprocessing by SGS, MSC, and SNV is shown
in Figure 5b–d, respectively. It can be seen from the figure that after data preprocessing,
the dynamic trend and the change of spectral reflectance among different bands will be
destroyed. Thus, the spectral information that reflects the characteristics of seed vigor will
be lost. In order to obtain the characteristics of the dynamic changes for the spectral data, a
differential operation for the hyperspectral data to obtain the dynamic characteristics was
performed. The dynamic trends of the spectral data and the data distribution, especially the
extreme points, reflect the composition of the samples. Thus, both aspects of the spectral
data should be extracted.

As the difference of the spectral reflectance among the adjacent bands is small, the
first-order difference method, which can reflect the small variations of data, was studied to
obtain the dynamic sequences of the spectral reflectance. Through the first-order difference
of the spectral sequence data, the dynamic change characteristics of the spectral reflectance
under different bands were characterized. The changes of the difference data also reflect
the location characteristics of the mutation points. For the spectral data sequence x, the
first-order difference is specifically defined as follows:

∆xk = {∆xk
1, ∆xk

2, . . . , ∆xk
i, . . . , ∆xk

255}

where ∆xk(i) = xk(i + 1)− xk (i), (I = 1, 2, . . . , 256), and ∆xk(i) is the first-order difference
of the spectral data for the k-th corn seed in the i-th hyperspectral band. By the first-order
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difference of the spectral reflectance in the adjacent wavebands, the dynamic changes and
correlation characteristics of the spectral reflectance for the corn seeds under different
wavebands were reflected.

3.2. Prediction of Root Length of Maize Seedlings Based on Regression Models

To realize the prediction of seed vigor, the spectral data of the corn seed Zhengdan 958
and its corresponding germination information were collected. According to Cui [25], the
hyperspectral data of corn seeds is mainly related to the characteristics of seedling root
length. Thus, in the standard germination experiment, the germination data of seedling root
length were selected to reflect the germination vigor of the seeds. The original spectrum
data and the corresponding first-order difference data were both used as the spectral
characteristics of the corn seed. To illustrate the influence of the spectrum and its difference
information on the root length prediction, Figure 6 shows the correlation coefficients of
the spectrum data or the first-order differential spectrum data and the root length of the
seedlings in each band.
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Figure 6 shows that the correlation coefficients between the spectral data and the
seedling root length are different. The larger the correlation coefficient, the closer is the
relationship between the spectral data and the germination data. The seedling root length
has a strong correlation with the spectral data in the higher waveband, and it has a strong
correlation with the first-order difference spectral data in the lower waveband. In other
words, the original spectral data and its first-order difference contain different information
related to the length of the seedling root. The integration of the two aspects can form
the complete spectral information of the whole band. Thus, they can be used for the
construction of regression models and predictions of the root length of seedlings.

3.3. Quantitative Prediction of Seedling Root Length

Based on the full-band spectral data of the corn seeds and the corresponding first-
order difference data, regression models for the seedling root length prediction were
established by the regression algorithms of PCR, PLS, and SVR. For the regression model,
the hyperspectral data of the corn seeds were selected as the observation characteristic, and
the corresponding root lengths were selected as the output characteristic. The number of
components used in PCR and PLS was optimized by cross validation, which were selected
as 40 and 45, respectively. Gaussian kernel parameter was also optimized for SVR in the
experiments through cross-validation (CV) [36]. The prediction results were compared for
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the test data under different regression models based on R2 and RMSE. The performance of
different data processing methods, such as first-order difference, curve fitting, MSC, SGS,
and SNV were also compared to test and verify the efficiency of the proposed method. The
prediction results obtained by different process data and regression models are compared
in Table 1. It can be seen from the table that the prediction performance based on SVR
and PCR models was the best. Especially, considering the spectral data and its first-order
difference, the prediction result of seedling root length based on the SVR model showed
the best performance, with the regression determination coefficient reaching 0.8319.

Table 1. Comparison of hyperspectral data and root length prediction for corn seeds.

Regression Algorithm PLS SVR PCR

Metrics R2 RMSE R2 RMSE R2 RMSE

Raw data 0.7945 1.3861 0.7273 2.2403 0.4011 2.2611

Raw data + First
difference (FOD) 0.7493 2.8348 0.8319 1.8479 0.8023 1.5404

First difference (FOD) 0.7235 1.8914 0.6814 2.2378 0.7995 1.5506

Curve fitting fit 0.6732 1.8199 0.1799 2.2238 0.3666 2.1851

MSC pretreatment 0.5451 3.4245 0.0249 2.2653 0.3528 2.2711

SGS pretreatment1 0.2533 8.1531 0.5246 5.49 0.5531 7.3434

SGS pretreatment2 0.4825 2.0629 0.7390 2.2252 0.7391 1.5214

SNV pretreatment 0.5459 3.0622 0.2040 2.2770 0.3458 2.2807

This may be because the SVR algorithm is a non-linear regression method based on the
kernel method. Therefore, this method can characterize the non-linear relationship between
the hyperspectral data of corn seeds and the root length of seedlings. In other words, the
non-linear regression model based on the kernel function is suitable for the prediction of the
root length. Such results are consistent with those studies [34,35]. MSC, SGS, SNV, and other
commonly used spectral data preprocessing methods had poor regression performance.
This is because the commonly used preprocessing methods, such as MSC, always needs
to correct the baseline shift and offset of spectral data, which may destroy the spatial
distribution of the original spectral data. As a result, the correlation between the seed
spectral value and the seed germination characteristics was damaged, which may affect the
prediction performance of the seed vigor characteristics.

With the PLS and PCR algorithms, the spectral and its first-order differential data
fusion-based methods achieved better performance for seedling root length prediction
than the corresponding models based on the original spectral data and the first-order
differential data. In particular, the PCR model based on spectrum and first-order difference
data performed best, with the coefficient of determination reaching 0.8023. In the PLS
algorithm, the prediction accuracy obtained based on the original spectral information,
spectral difference information, and their fusion features is similar. This may be because
the PLS algorithm-based regression model is constructed by the correlation analysis of the
process data, and the variable correlation of the first-order difference information, which is
computed by the original spectral data, is similar to the original spectral information.

In SGS pretreatment1, the number of points is 7, the polynomial order is 3, the deriva-
tive order is 1 (in SGS pretreatment2), the number of points is 3, the polynomial order is 2,
and the derivative order is 1.

Table 1 shows that the hyperspectral data of corn seeds have a strong correlation
with the seedling root length after seed germination. The effectiveness and feasibility of
hyperspectral technology in the prediction of seed germination characteristics, identifica-
tion of high-quality seeds, and selection and breeding of high-quality seeds were, thus,
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verified. The results verify the effectiveness of the proposed method for the germination
characteristics prediction.

4. Conclusions

Based on regression models such as PCR, SVR, and PLS, the spectral data and its
first-order difference were used to establish regression models between corn seedling
root length and the spectral data. The prediction of the seedling root length variable was
realized. The main conclusions are as follows.

(1) Through the fusion of the spectral data and its first-order difference information
for maize seeds, the PCR-, SVR-, and PLS-based algorithms for the root length prediction
of seed germination were proposed. Compared with the MSC-, SGS-, and SNV-based data
processing methods, the first-order difference based spectral information extraction method
can obtain much more accurate prediction results.

(2) There were many differences in the prediction results under different regression
models. The SVR model achieved the most satisfactory prediction accuracy, which was
higher than that of the PCR and PLS models. Its coefficient of determination was 0.8319.

(3) From the prediction results of the constructed regression model on the seedling
root length, it can be seen that the actual root length of the seedling and its corresponding
spectral data have a strong correlation, which verifies the feasibility of seed germination
prediction based on hyperspectral technology.

Although the hyperspectral-based seed germination prediction proposed in this paper
can achieve satisfactory results, it has some limitations. First, the vitality prediction was
carried out only through statistical analysis and did not explore the characteristic relations
among seed germination, seed composition characteristics, and the hyperspectral data. The
seed composition information is an important aspect in seed germination, and it should be
considered in further research.

Second, the vigor characteristics of only one variety of maize seed were studied,
and no verification was performed on multiple varieties. How to use more varieties
or samples to compare the effects of different data processing and prediction models
and improve the robustness and versatility of these prediction models requires further
research. Therefore, it is necessary to further study how to combine the hyperspectral data
of different seed varieties to verify and develop feasible non-destructive testing methods
for seed germination characteristics.
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