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Abstract: Near infrared reflectance spectroscopy (NIRS), a non-destructive and rapid analytical
method, was used to examine the possibility of replacing a method for the large-scale screening
of tomato seed viability. A total of 368 tomato seed samples were used for development and
validation of an NIRS calibration model. The accelerating aging method (98 ± 2% R.H., 40 ◦C) was
employed for preparation of a calibration set (n = 268) and a validation set (n = 100) with wider
seed viability. Among the tomato NIRS calibration models tested, the modified partial least square
(MPLS) regression produced the best equation model. Specifically, this model produced a higher
RSQ (0.9446) and lower SEC (6.5012) during calibration and a higher 1-VR (0.9194) and lower SECV
(7.8264) upon cross-validation compared to the other regression methods (PLS, PCR) tested in this
study. Additionally, the SD/SECV was 3.53, which was greater than the criterion point of 3. External
validation of this NIRS equation revealed a significant correlation between reference values and
NIRS-estimated values based on the coefficient of determination (R2), the standard error of prediction
(SEP (C)), and the ratio of performance to deviation (RPD = SD/SEP (C)), which were 0.94, 6.57, and
3.96, respectively. The external validation demonstrated that this model had predictive accuracy in
tomato, indicating that it has the potential to replace the germination test.

Keywords: germination test; Lycopersicon esculentum; MPLS regression; nondestructive method;
seed viability

1. Introduction

Seeds are essential to the life cycle of most flowering plants and provide a means for survival in
unfavorable environments. The characteristics of seeds are a result of adaptation to native habitats;
therefore, they are important genetic resources for subsequent generations. Seed aging or deterioration,
which commences during physiological maturation and continues during harvest, processing, and
storage, is a well-known cause of decreased vigor and viability. Seed deterioration is a major problem
in gene banks, and, owing to a number of factors, seeds may die during prolonged dry storage.
For example, macromolecules such as nucleic acids, membrane components, and enzymes might
become damaged, the structural integrity of the membrane might be lost, and organelles might become
damaged and/or fail to differentiate into functional structures [1]. The methods most widely used
for the assessment of seed viability are the measurement of the germination percentage or seedling
growth rate and biochemical tests such as tetrazolium staining or leachate conductivity [2]. However,
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these tests have certain difficulties such as time consumption, manual labor, the need of bulk, and
highly destructive techniques.

NIRS is a technology based on the absorption of near infrared light by organic compounds and
water, which has been used in several applications for single seed analysis with notable success [3–5].
NIRS is also known to play a role in simplification of the analysis of chemical and physical properties
without sample preparation. NIRS is based on the overtone and combination bands of specific
functional groups, e.g., C–H, N–H, and O–H bands, which are the primary structural components of
organic molecules [6]. NIRS has become as a powerful tool due to chemometrics. Indeed, NIRS is a
rapid and nondestructive technology that does not require use of chemicals or reagents for estimation
of the physical and chemical properties of samples. NIRS can assess several constituents at the same
time; therefore, it is also efficient for mass-screening.

Most studies published to date have shown that NIRS can accurately estimate the content of
several internal components of plants. However, this technique requires the use of chemometric
tools, including preprocessing treatment and an assessment of calibration models for the extraction
of the maximum amount of information that can be obtained by use of these techniques. NIRS has
applications in the agricultural industry as well as many other fields, including food science, biological
and biomedical areas, and the pharmaceutical, textile, cosmetic, and chemical industries [7]. Recently,
NIRS is applied to discriminate normal seed in radish [8] and wheat [9]. Moreover, this technique has
been applied for nondestructive classification of viable and empty seeds of Pinus plata seeds [10] and
Raphanus sativus seeds [11]. Similarly, studies on application of NIRS to prediction of seed viability
have also been reported [12,13]. The present study was conducted to analyze the feasibility of using
NIRS for prediction of tomato seed viability and to develop a reliable equation for its calibration.

2. Materials and Methods

2.1. Preparation of the Calibration Set and Prediction Set by AAT

Eight tomato (Lycopersicon esculentum MILL.) cultivars—Super-Gold (Sejong, Korea),
Super-King (Sejong, Korea), Jicored (Jicored (Gana seed co., Gwangju, Korea)), Betatiny (Yeosu, Korea),
Tenten (Koregon, Korea), Nate (Sejong, Korea), Yellow-Naver (Sejong, Korea), and Super-Dotaerang
(Koregon, Korea)—were purchased from various seed companies. Accelerated aging treatment (AAT)
was used as an artificial aging method for the construction of a calibration set and a validation set with
diverse seed viability. The seeds were spread in a single layer on the surface of a bronze wire mesh
seed holder above 40 mL (1 cm deep) of de-ionized water in plastic boxes (11 × 11 × 4 cm), which were
then covered tightly with lids and placed in an aging chamber. In order to obtain a population with a
broad germination percentage range, seed samples were exposed to AAT at 40 ◦C and 98 ± 2% relative
humidity for 0–26 days. Times were selected for each cultivar according to results of preliminary
experiments (not shown here). At each aging time, 100 seeds and four replications were prepared for
NIRS analysis after thoroughly rinsing with de-ionized water for removal of fungal outgrowth and
surface-drying using a hair dryer for 10 min in order to control the seed moisture content (SMC) at
7–8%. Untreated seeds were served as a high viability class and the accelerated aging reduced the
overall germination capacity.

2.2. Collection NIRS Data

A total of 560 samples (100 seeds per sample) that had been subjected to AAT were scanned by
NIRSystems model XD spectrophotometer (Foss-NIRSystems, Silver Spring, MD, USA) in reflectance
mode. Among these, 268 samples for the calibration set and 100 samples for external validation were
selected to check the even distribution of germination rates. The samples were then scanned on a round
cup (outer diameter 5 cm, inner diameter 3.5 cm) with a quartz window in the same NIRSystem with a
spinning module and their average spectra were recorded as individual files at 2 nm intervals in the
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400–2500 nm wavelength range. The manipulation, collection, mathematical processing, and statistical
analysis of NIRS data were performed using the ISI Windows Software (Eden Prairie, MN, USA).

2.3. Germination Test

The reference value for the seed viability was measured by determining the germination rate of
accelerated-aging-treated seeds placed in Petri dishes and then incubated at 20 ◦C for 16 h/30 ◦C for
8 h under dark conditions for 14 days.

2.4. Development and Cross-Validation of the NIRS Calibration Model

WINISI III software (v.1.50) (Eden Prairie, MN, USA) was used to compute the parameters of
NIRS for the calibration equation. A calibration equation for screening seed viability in tomato was
developed from a calibration set (n = 268). Various mathematical treatments using the raw optical
spectrum (log 1/R, where R is reflectance), or first or second derivatives of the 1/R data, were applied
for calibration equation development. For example, in 1,4,4,1, the first number 1 indicates the order
of the derivative (1, is the first derivative of log 1/R), the second number 4 is the gap in data points
over which the derivative was calculated, and the third and fourth numbers as 4 and 1, represent the
number of data points used in the first and second smoothings, respectively. These parameters in
the mathematical processing were sought through trial and error in order to maximize the coefficient
determination during cross validation (1-VR) and to minimize the stand error of cross validation
(SECV). In addition, standard normal variate and detrend transformations (SNV-DT) were used for
correction of baseline offset due to scattering effects from differences in particle size among samples.
The calibration equation was also optimized by removal of outliers for samples using the following
criteria: samples with large residual values (the difference between the predicted and the actual values),
T-outliers (T > 2.5), and GH-outliers (H > 3). Before calibration, spectral variation was analyzed by
principal component analysis (PCA) to eliminate defective spectral outliers.

In order to correlate the spectral data with the reference data, modified partial least-squares (MPLS)
regression using wavelengths of the entire visible (400–1100 nm) and near-infrared (1100–2500 nm)
regions at every 2 nm was used. A trimmed spectrum including only the near infrared range was
tested against the entire spectrum. In addition to MPLS, partial least squares (PLS) regression and
principal component regression (PCR) were also tested for determination of the best calibration model.
The calibration equation was then cross-validated using an internal validation set (25% of the total
samples in a calibration set randomly selected by software) that included outliers removed from the
calibration set. The calibration statistics used were the standard error of calibration (SEC), the coefficient
of determination in calibration (RSQ), the standard error of cross-validation (SECV), and the coefficient
of determination in cross-validation (1-VR). The SECV was used to determine the best number of
independent variables for the calibration equation. In addition, SD/SECV was calculated as a criterion
for evaluation of the performance of calibrations [14].

2.5. External Validation of the NIRS Calibration Model

The predictive ability of the calibration equation was determined based on the coefficient of
determination in external validation (R2) and standard error of prediction, corrected for bias, and the
corrected standard error of prediction [SEP(C)]. The ratio of the standard deviation (SD) to the corrected
SEP (C) of the validation samples [the ratio of performance to deviation, RPD, defined as SD/SEP (C)]
was also used as a criterion for evaluation of the accuracy of the equations. The RPD statistic was used
to provide a basis for standardizing the standard error of prediction (SEP (C)). The accuracy of the
calibration in terms of RPD confirmed the precision of the equations developed as indicated by values
greater than the minimum recommended for prediction (i.e., RPD over 3) according to Williams and
Sobering [14].
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3. Results

3.1. Preparation of the Calibration Set and Prediction Set by AAT

Seed samples (n = 368) treated with AAT were divided into 268 and 100 samples, and were
then used for the calibration model and external validation, respectively. Samples were scanned
and tested for prediction of the seed viability. Raw NIRS spectra of the 268 samples for calibration
are shown in Figure 1. The germination rate (%) in the calibration set (n = 268) showed a relatively
evenly distribution, from 5 to 100% (Figure 2a). The distribution of the germination rate (%) of the
external validation set is shown in Figure 2b. In the calibration set, the mean, range, and SD of the
germination rate were 70.1%, 5.0–100.0%, and 27.69%, respectively, while in the external validation
set, these values were 70.9%, 8.0–100.0%, and 27.97%, respectively. The calibration set showed that
the distribution of samples was more concentrated at higher germination rates. Nevertheless, the
germination percentages for the calibration set were distributed throughout the range of germination
and were sufficient to describe the variation in the range. Inclusion of a broad range of reference
values is expected to increase the prediction accuracy; however, more data also results in an increased
chance of adding atypical data [15]. In order to achieve a reliable prediction model for a target
constituent, a broad range of reference values is needed to avoid predictions beyond those established
by the calibration.
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3.2. Development and Cross-Validation of the NIRS Calibration Model

Data obtained during development of NIRS models for seed viability are shown in Table 1.
The MPLS regression model for the entire VIS/NIRS spectra range (400–2500 nm) using the first
derivative transformation with scatter correction (SNVD) of raw reflectance yielded the best equation
for seed viability, showing a higher RSQ (0.9446) and lower SEC (6.5012) upon calibration and a higher
1-VR (0.9194) and lower SECV value (7.8264) during cross-validation than the other regression methods
(PLS, PCR) tested in this study. In addition, the SD/SECV was 3.53, which was above the criterion
point of 3. These findings indicate a high correlation between calibration data and reference data based
on the germination test.

Table 1. Equations developed using regression models (MPLS, PLS, and PCR), scatter correction
(SNV-DT) and math treatments for the NIRS prediction of seed viability in a calibration set (n = 268) of
accelerated aging treated seeds.

Regressio
Method z GH y Math

Treatment N x Mean w SD v Calibration u Cross-Validation t

SEC RSQ SECV 1-VR SD/SECV

MPLS 10 1,4,4,1 260 70.58 27.49 6.6119 0.9421 7.8291 0.9187 3.51
3 1,4,4,1 256 70.72 27.61 6.5012 0.9446 7.8264 0.9194 3.53
3 2,4,4,1 255 70.93 27.23 6.5515 0.9421 8.2729 0.9074 3.29
3 2,8,6,1 256 70.60 27.45 6.6374 0.9416 8.0404 0.9139 3.41

PLS 10 1,4,4,1 260 70.06 27.68 7.7336 0.9220 8.5802 0.9036 3.23
3 1,4,4,1 259 70.20 27.65 7.7901 0.9206 8.7277 0.9001 3.17
3 2,4,4,1 258 70.16 27.32 8.6306 0.9002 10.175 0.8608 2.69
3 2,8,6,1 258 70.38 27.52 7.9458 0.9167 9.2901 0.8857 2.96

PCR 10 1,4,4,1 262 69.87 27.71 13.0589 0.7779 13.0699 0.7769 2.12
3 1,4,4,1 261 69.76 27.70 13.0164 0.7792 13.0323 0.7780 2.13
3 2,4,4,1 260 69.92 27.59 12.8153 0.7843 13.1216 0.7733 2.10
3 2,8,6,1 259 69.70 27.57 14.5249 0.7225 14.5353 0.7212 1.90

z MPLS: Modified partial least squares; PLS: Partial least squares; PCR: Principal component regression; y GH:
Global H; x N: Number of samples; w Mean: Data measured by the germination test; v SD: Standard deviation;
u SEC: Standard error of calibration; RSQ: Coefficient of determination in calibration; t SECV: Standard error of
cross validation; 1-VR: Coefficient of determination in cross-validation; SD/SECV: Standard deviation/Standard
error of cross validation.

3.3. External Validation

The predictive accuracy of the calibration models developed by NIRS analysis was successfully
tested through external validation using 100 samples. External validation statistics for prediction of
seed viability in tomato are shown in Table 2. In addition to the reliability of the established calibration
models, an accurate prediction can be made based on a lower SEP (C) and a higher R2 and RPD (>3)
value. The R2 and RPD values for seed viability in tomato were 0.939 and 3.96, respectively, indicating
a good correlation between reference values and NIRS-predicted upon the application of the calibration
equation. Results for comparison of germination test data with values predicted using the calibration
model for seed viability is shown in Figure 3.

Table 2. External validation statistics for predicting seed viability in eight tomato cultivars.
The regression method used was MPLS.

GH z N Mean (P) Mean (M) SD (P) SD (M) Bias Slope R2 SEP SEP (C) RPD

3 100 70.89 70.26 28.12 27.46 0.626 0.992 0.939 6.93 6.57 3.96
z GH: Global H; N: Number of samples; Mean (P): Mean of data predicted using the calibration model; Mean
(M): Mean of data measured by the germination test; SD (P): Standard deviation of data predicted using the
calibration model; SD (M): Standard deviation of data measured by the germination test; Bias: Average difference
between predicted and actual values; R2: Coefficient of determination in external validation; SEP: Standard error of
prediction; SEP (C): Standard error of prediction (corrected for bias); RPD: Ratio of performance to deviation.
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Figure 3. Scatter plots of the values predicted using an equation developed from NIRS data versus the
actually analyzed reference values for seed germination rate in the external validation set (n = 100) of
accelerated-aging-treated seeds.

4. Discussion

AAT, an artificial aging treatment, which was initially developed for evaluation of the storage
potential of seed lots [16], has evolved into an indicator of seed vigor in many agricultural crops [17].
This treatment has recently been investigated as a tool for evaluating the efficacy of ex situ genetic
resources conservation [18]. After proteomic analyses, the authors of [19] reported that similar
molecular events accompanied artificial or natural seed aging. Specifically, they found that controlled
aging treatment (CAT) at 45 ◦C and 60% R.H. strongly increased the extent of protein oxidation
(carbonylation), which might induce a loss of functional properties of seed proteins and enzymes and
enhance their susceptibility to proteolysis. In this study, AAT was used instead of natural aging for
construction of a seed population with diverse seed viability.

Several theories have been suggested as basic causes of deterioration including lipid peroxidation,
degradation of functional structures, an inability of ribosomes to dissociate, enzyme degradation
and inactivation, the formation and activation of hydrolytic enzymes, the breakdown of mechanisms
for triggering germination, genetic degradation, the depletion of food reserves, the starvation of
meristematic cells, and the accumulation of toxic compounds [1]. As shown in Table 1, these internal
changes occurring during the deterioration process could be detected by use of NIRS and chemometric
methods. This high correlation of NIRS data with reference data implies that NIRS can be used
for the prediction of the seed viability of tomatoes. It will be interesting to determine whether this
calibration model can be applied to the prediction of the viability of seeds stored in soils or gene banks.
Nonetheless, the results of this study showed that it is possible to monitor seed viability based on
NIRS data with high reliability and reproducibility, indicating that the NIRS method could replace
conventional germination tests.

There have been many reports on application of NIRS for prediction of seed viability; however,
all of these studies concentrated on discriminative analyses of viable and non-viable seeds using
a single seed [12,13]. To date, no studies have investigated prediction of tomato seed viability or
whether it is worth replacing the germination test. This is the first report on an NIRS calibration model
developed for quantitative estimation of tomato seed viability. The results indicate that the calibration
model obtained from this experiment could be applicable for a predictive assessment of the seed
viability of tomato cultivars. However, the achieved results were different to that of [20], in which
the discrimination of non-viable seed from viable seed by NIRS was not possible, perhaps due to the
difference in methods (heat and frost damage) used to induce pretreatment and classification of seeds.

In general, multivariate analysis using dimension reduction methods such as PCA has been
employed for discrimination of the qualitative traits of samples. A calibration method developed
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using regression methods such as MPLS, PLS, and PCR was used for determination of quantitative
traits. Seed viability is a quantitative characteristic and can therefore be determined using regression
methods. In this way, the authors of [21] applied NIRS to detect of viable and nonviable field scot pine
seeds by differences of drying rate. Additionally, the authors of [22] studied nondestructive evaluation
for viability of watermelon seeds using FT-NIRS.

5. Conclusions

Calibration models are considered robust when the prediction accuracy is insensitive to unknown
changes of external factors [23]. However, in this study, the calibration model was validated using
seeds originating from the same batches as the calibration data set; accordingly, it is still necessary to
determine whether the models are valid for different batches. Future studies should be conducted
in order to investigate the development of wider and more robust calibration models for variable
tomato seed batches from different environments or heredity. AAT has been investigated as a tool for
testing seed vigor in many agricultural crops and successfully applied in genebank. However, the
authors of [20] reported the seed aging could be tracked by NIRS, but the non-viable seeds were not
differentiable by conventional NIRS. However, the authors of [12,13] reported the NIRS could still be
used for classification of viable and non-viable seeds. Further research can be done using chemical and
imaging technologies, and the application of NIRS for prediction of the viability of seeds requires an
assessment of the robustness of the calibration model across variable seed accessions from different
seed lots.
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