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KEYWORDS   ABSTRACT 

NIRS, Utilising Near-Infrared Reflectance Spectroscopy (NIRS) with chemometric tools 

chemometrics, like Principal Component Analysis (PCA) and Partial Least Squares Discriminant 

seed viability, Analysis (PLS-DA), to differentiate viable and non-viable castor seeds (GCH 7 

PCA, PLS-DA, hybrid). Traditional seed viability tests are accurate but time-consuming and 

LDA, rapid resource-intensive. NIRS offers a rapid, non-destructive alternative for assessing 

testing. seed viability. Spectral data from 200 viable and 200 non-viable seeds were 

. collected and analysed using PCA and PLS-DA to develop a Linear Discriminant 

Analysis (LDA) model. The model achieved 99% accuracy in classifying seed 

viability, demonstrating its potential as a reliable tool for on-spot seed quality 

assessment. Key spectral markers related to fatty acids, proteins, and functional 

groups related to castor seed oil were identified. The research highlights the 

feasibility of integrating NIRS with advanced data analytics for rapid seed viability 

testing, offering significant benefits to seed testing agencies and farmers by 

reducing time and resource requirements while maintaining high accuracy. 
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1. Introduction 

The International Seed Testing Association (ISTA) has defined each crop seed's standard 

Percentage Germination (PG) and shelf life. Once a lot's overall percentage germination falls 

below its standards, it is considered non-viable and discarded. Percentage germination 

reduction occurs due to moisture loss, changes in enzyme activities [1], degradation of their 

cellular structure [2], Mechanical damage from mishandling during transportation [3] and 

microbial attack [4]. The denaturation of the oil body inside the seed core mainly influences 

oil seeds. These fatty acid composition changes over time and affect the longevity of oil seeds 

[5] Incorporating older seeds in the supply chain frequently leads to germination failure and 

crop loss. Conventional methods for seed testing are time-consuming and limit vigorous 

surveillance of seed quality in the market. 
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Figure 01: Importance of Data Analytics-Based Rapid Agro Forensics against onventional 

Testing 

Standardised preliminary seed germination tests such as electrical conductivity, tetrazolium, 

respiration, respiratory activity, GADA (Glutamic acid decarboxylase activity) test, and 

stress tests [6] are time-consuming and occasionally inaccurate. Modern methods of 

germination predictions, such as hyperspectral imaging [7]Potential options include X-ray 

imaging, oxygen consumption tests, ethanol tests, and volatile organic compound production 

tests. These techniques are combined with computational data analysis. 

Nir Infrared Reflectance Spectroscopy (NIRS) has proven to differentiate the seed quality 

based on the amount and type of key nutrient content specific to a particular seed, like fatty 

acid derivatives like oleic acid and ricinoleic acid, which are significant factors affecting 

castor seed viability [8]. Various investigators report this technique to determine the viability 

of tomato, spinach, cabbage, and reddish seeds [9]. NIRS can potentially conduct on-site seed 

quality checks as part of surveillance or seed quality fraud reporting. Data processing tools 

are a prerequisite for a successful NIRS application in agricultural forensics. Predictability 

becomes more accurate with the bulk of data and suitable statistical models when market 

samples are to be screed quickly against pre-loaded standard NIRS data. 

Multivariate analysis, such as Principal Component Analysis (PCA) and Partial Least Square 

Regression Analysis (PLSR), is gaining popularity for statistical applications on NIR spectra, 

as observed in various research (Table 01). Sample preparation technique, data quality, 

selection of target spectra window and statistical model validation are key factors determining 

the prediction accuracy of seed viability when PCA/PLSR is used [10]. Our main objective 

was to improve the predictability of the statistical model compared to the previously reported 

NIRS-based oil seed viability test. NIR spectra acquisition by hand-held devices and 

comparison with a previously created statistical model are suitable for dealing with 

agricultural fraud cases. The study on GCH 7 hybrid castor oil seeds in our study substantiates 

this agriculture forensic application. 
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Table 01: List of literature and key findings 

Author(s) Work Summary Methodology Key Findings 

Andrade et 

al.  2020 
[10] 

Study the impact of 

artificial ageing on 

the seed Vigor test. 

FTIR + PCA and PLS-DA 

will classify corn seed 

vigour based on ageing 

time. 

PLS-DA achieved >90% 

accuracy; identified lipid 

oxidation and protein 

degradation as key 

biomarkers. 

Castillejos- 

Mijangos et 

al. 2021 

[11] 

Evaluate the quality 

control of coffee, 

cocoa, and spices 

through FT-MIR 

spectroscopy. 

FT-NIR with PCA & PLS- 

DA for adulteration 

detection, compound 

quantification,  and 

classification. 

Detected adulterants, 

quantified key compounds 

(e.g., caffeine, curcumin), 

and classified samples by 

origin. 

Fernández- 

Cuesta et al. 

2014 [8] 

Differentiating the 

oleic acid content 

into categories of 

castor seeds 

NIRS + PCA and PLSR to 

differentiate high oleic acid 

seeds from conventional 

ones. 

NIRS accurately predicted 

the oleic acid content (R² > 

0.90) and identified key 

spectral features markers. 

Zhang et al. 

2021 [12] 

Compared 

traditional  seed 

testing  methods 

with NIRS  for 
spinach seeds. 

Conducted SGT, AAT, and 

NIRS analysis on spinach 

seeds. 

NIRS provided faster 

results (2-3 minutes) than 

SGT (7-14 days). 

Gislum et 

al. 2018 

[13] 

Castor seed quality 

determination with 

NIR 

NIR + PCA analysis of 

castor seeds viability 

Differentiate viable and 

non-viable castor seeds 

with first derivatives results 
of raw spectra. 

2. Material and Methods 

2.1 GC-MS analysis 

Sample preparation for GC-MS was done by scrapping 10mg of seed core material from 10 

viable and non-viable seeds each to make up a 100mg sample for the respective variable. 

100ml sample was mixed in 2ml methanol by sonicating for 30min. and then centrifuged at 

6000 RPM for 5min. 1ml supernatant was taken from both sample vials and taken to GC-MS 

analysis 

GC-MS analysis was done with a Perkin Elmer (USA) Clarus 680 /SQ8C instrument equipped 

with an Elite-5ms Capillary Column (30 m x 0.25 mm) and customised parameters (Table 

02). 

Table 02: GC-MS instrument parameters 

Acquisition parameter Value 

Injection volume 1.0 µL 

Injection temperature 250℃ 

Split ratio 10:1 

GC oven gradient Initial temp 60 ℃ at 0 min, increased to 280℃ 

at the flow rate of 10℃/min for 5 min 
Interface temp 250℃ 

MS source temp 250℃ 

Solvent delay 3 min 

Scan range 50 o 600 Daltons 
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2.2 Sample collection 

Viable and non-viable castor seeds (Gujarat Castor Hybrid 7 or GCH 7) were received from 

government seed testing laboratories Dantiwada (Gujarat, India) and the Gujarat State Seed 

Certification Agency (GSSCA) upon request. The report received with each sample 

mentioned percentage germination, which was later confirmed with the traditional method. 

Samples were further scrutinised to select the most suitable samples to prepare the PLSR 

model (Table 03). 

Table 03: Selection criteria of seed samples for the experiment 

Sr. No. Seeds type Percentage 

Germination 

1 Non-viable castor seeds (GCH 7) <30% 

2 Viable castor seeds (GCH 7) >90% 

2.2 Sample preparation 

Castor seeds have a natural red coat/shell around them. The shell was removed to expose the 

inner soft and oily parts. Seeds were diced in 2 parts from its natural split area. A 1 mm cross- 

section of either side of the seeds was made using a sharp blade. The freshly prepared cross- 

section was placed in the centre part of the Fourier Transformed Near-infrared (FT-NIR) 

analyser’s solid sample holder. The target area of this NIRS instrument is 5 mm x 7 mm. Seed 

samples should be made sure to cover the entire target area. Leaving blank spaces in the target 

gives noise, affecting the overall spectra acquisition. 

 
Figure 02: Step-by-step graphical representation of the sample preparation process. 

2.3 Spectral collection of samples 

UV-Visible/NIR Spectrophotometer V-770 JASCO (Japan) was used to take spectra with its 

built-in spectra analyser software (Spectra Manager). 200 viable and 200 non-viable seed 

samples were tested from 800 nm to 2000 nm range, at 2nm intervals with 32 cm−1 resolution. 

Each spectral data was exported into a CSV/Excel file with built-in software to analyse further 

in The Unscrambler X (Ver. 10.4.1) (USA). 
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Figure 03: NIR Spectra of viable castor seed 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 04: NIR Spectra of non-viable castor seeds 

2.4 Data processing for multivariate classification model 

Individual data files of all samples were transposed and combined in a master spreadsheet 

with variables mentioned in columns and spectra mentioned in rows listed, which are data 

matrix criteria of the Unscrambler X software. The master sheet was imported into analysing 

software, and variable groups were created for easy analysis. 

PCA is the basic workhorse of multivariate data analysis. It assimilates information to 

variations. When a measured variable exhibits significant systematic variation, it becomes an 

information attribute [14]. PCA brings that information forward so that humans can generally 

interpret it in graphical form. Here, a PCA score plot is used to identify potential outliers from 

the significant groupings. From the graphical correlation representation of PC1 and PC2, 

potential outliers were observed and removed from each sample group for an improved PCA 

model. PCA plots are adjacent to every sample score in the matrix. Modified PCA score plots 

fully classified viable and non-viable groups with required validation. 
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PLS regression analysis maximises the covariance between individual X and Y values (here, 

samples and spectral wavelength) of a data matrix that minimises the residual errors[15]. The 

PLS regression model was prepared from the new data matrix that contained no outliers. The 

regression model developed in PLS was checked for its predictability by Root Mean Square 

Error (RMSE) and R2 value for the pulled data. 

A line plot of loading values was prepared and analysed to determine which factors influenced 

the score plot most [16]. Loading weights are specific to PLSR and express how the 

information in each X variable relates to the variation in Y. Variables with prominent loading 

weight values are important for the prediction of Y [17]The spectral wavelength that had the 

most influence on the score plot was identified, and only those wavelength values were carried 

forward in a new data matrix. 

The new data matrix is free from outliers and undesirable wavelengths, and its variables are 

classified into two categories (viable and non-viable) as a training set for creating the LDA. 

The LDA is a classification method based on Bayes’ formula and is the simplest one [18]. It 

develops a classification model based on the standard distribution assumption and the 

assumption that the covariance matrix of all mentioned groups is identical. This means that 

the variability within each group has the same structure [19]. The only difference between the 

classification groups is that they have different centres because of their within-group and 

between-group variance considerations. If a suitable model is made, this factor makes the 

LDA model an appropriate method to identify adulteration, differences, or changes in 

chemical properties for the same sample type. 

The LDA model was tested by running unknown samples. Ten seed samples from each 

variable were freshly prepared from a new lot. Their spectra were taken with parameters 

proportional to those used for the LDA model. Those 20 samples were used to check the 

model's prediction accuracy as a training set. 
3 Result & Discussion 

3.1 GC-MS screening for seed constituents 

It is reported that multiple biochemical factors in seed affect its longevity [20]. GC-MS is a 

sophisticated instrument that conducts a comprehensive analysis of the seed's biochemical 

profile [21]. It can detect specific metabolites that play an essential role in seed deterioration. 

Our non-targeted GC-MS screening identified the presence of a high amount of tocopherol in 

viable seeds and its absence in non-viable seeds lesser presence in non-viable seeds during 

multiple sample runs (Fig 05). This indicates that viable seeds may have a higher oil content 

without oxidative degradation than non-visible seeds. α-tocopherol is known to prevent 

oxidative degradation by protecting unsaturated fatty acids during the storage 

period[22]Andrade et al. have studied and reported an increased content of phosphorus 

compounds in viable seeds compared to nonviable seeds through FTIR spectroscopy. 

However, during our seed element profiling by EDXRF (Energy Dispersive X-ray 

Fluorescence), castor seed samples did not show a significant difference between viable seeds 

and nonviable seeds as far as phosphorus content is concerned. 
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Figure 05: Comparison of viable and non-viable GC-MS chromatogram 

3.2 Classification of NIRS result and data processing 

PCR plot was formed directly with raw spectra without any smoothing, noise elimination, 

amplification or conversion of data. Previous studies determined the PCA of viable and non- 

viable castor seeds after transforming raw NIR spectra into first derivative spectra[13]. We 

could get similar results with raw NIR spectra using the method used here. Visually 

distinguishable separate variable groups are observed with the bi-dimensional plot of PC1 and 

PC2, with PC1 showing 92% variance (Fig. 6A). 10 outliers were identified from each 

variable and removed for improvement in the plot[23], [24], [25]. The result was improved 

with PC1 showing 93% variance and a better visual separation of the group observed (Fig. 

6B). The software's built-in feature cross-validated samples for PCA, randomly selecting 30 

samples and forming their clusters. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6A: PCA score plots before 

removal of outliers 

Figure 6B: PCA score plots after the 

removal of outliers. 

PLSR plot showed RMSE value close to zero (Fig.07, Table 04), indicating good data 

fitness[26], [27]. PLS-DA uses characteristic variables to develop prediction models, while 

PCA is mainly related to the creation of numeric variable-based models[28]. 
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Table 04: LDA values 

Sample R2 Value RMSE Value 

Viable seeds samples 0.980 0.008 

Non-viable seed samples 0.987 0.008 

 

Figure 07: Difference of viable & and non-viable seeds in PLS with RMSE value 

 

Loading weight scores of the PLSR model showed that 12 wavelengths had a prominent impact 

on score plots. With this technique, it is also easier to find signature peaks which differentiate 

the values of any variance in a dataset[29]. These peak selection criteria are critical for making 

an accurate and reliable prediction-yielding PLS-DA model[30]Removing low-impact 

wavelengths from the matrix before proceeding to LDA model preparation will improve the 

model's overall accuracy. 

 
Figure 08: Selection of characteristic peaks for the LDA model. 
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Table 05: Identified NIRS peaks that were used to create the PLS-DA model 

Frequency Observation Possible Region of Detection Reference 

1112  

Vibration of C-O Ester 

group 

Functional group of Protein [13] 
1118 

1119 

1205 C-H stretching Functional groups of fatty acids [13] 
1211 

1292 NH stretch and C-H 
stretching 

Functional group of starch and protein [31] 

1295 

1428 O-H overtones Functional groups of fatty acids 

(ricinoleic acid) 

[32] 

1434 

 

C-H stretching 

 

Functional groups of fatty acids 

[13] 1440 

1490 

1496 

 

These 12 selective wavelength values were kept for further analysis, and the rest were not 

considered for LDA model preparation. Selected wavelengths show essential functional groups 

related to castor seed contents determined by traditional spectra interpretation (Table 04). 

Although the NIR spectra range primarily selected target model creation shows fatty acid 

function groups, they contribute to oil content identification only as per functional group and 

frequencies relevant to the fatty acid and protein functional group. Moreover, seed germination 

is also affected by gibberellin and auxin acid growth hormones [33]. The Proteomic of oil seed 

by various investigators also highlights the presence of fatty acid molecules in viable 

seed compared to non-viable. 

Raw spectral data is now transformed into an accurate data set by outliner elimination at the 

PCA step and unwanted wavelength elimination at the PLS step. Fine-tuning of raw data gives 

better accuracy of the LDA model. Such LDA models are considered more reliable because 

they only have values and information of core properties that differentiate all classes in the 

model [34]The model prepared here has an accuracy of 99.47%, as observed in its confusion 

matrix table (Fig. 09). This wavelength-filtered approach to statistical analysis has given better 

model prediction than a wider wavelength range, as reported in previous studies. 
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Figure 09: LDA graphical model and its accuracy 

 

Figure 10: Confusion matrix of LDA plot 

Random 10 seed samples (10 viable and 10 non-viable) were taken from another lot of the 

sample with prior conformation to the Vigour test and used for cross-validation. The 190-190 

sample data were used as a training set to classify the LDA model. Appropriate coding was 

given to those samples (UnV- unknown viable, UnNV- unknown non-viable). This is to 

validate the prediction of the LDA model in the future because their actual values and class 

were unknown to the software. The LDA model could identify samples with 100% accuracy 

(Fig 11), showing the model's fitness for the study's objective. The prediction is more accurate 

in the model created in this work than in previous reports. Target spectra points differed in both 

studies, showing the importance of suitable target selection through score/loading score for 

accurate model creation. 
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Figure 11: Prediction result table showing accurately predicted class 

4. Conclusion 

Using data analytics tools, spectral-based differentiation among seed types and seed quality 

can be created, and it can certainly serve as a rapid testing tool once the standard data sets are 

established. The present study focused on percentage germination identification by oil content 

in castor seeds, using NIRS to achieve data and develop a model through PLS/PCA. The 

viability of any GCH 7 castor seed can be quickly determined by taking its NIR spectra at a 

selective range and predicting it with this LDA model. 

A well-prepared LDA model integrated into a remote NIR device as an Artificial Neural 

Network can work as an on-spot seed viability detection tool. It can benefit all seed testing 

agencies and farmers by providing fast and accurate results using fewer resources. 
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