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A B S T R A C T   

Rice seed integrity is critical in ensuring high yield and grain quality; however, seed fraud, 
particularly the misrepresentation of rice paddy (unhusked rice grain) as rice seed, is a growing 
concern that threatens sustainability efforts. This study investigates using a portable NIR spec
troscopic device, combined with chemometric analysis, for rapid onsite identification of rice seed 
and paddy varieties for real-time verification of seed authenticity. A total of 280 rice samples, 
representing four varieties (Agra, Amankwatia, Legon 1, and Jasmine 85) across two categories 
(seeds and paddy), were analyzed. After applying various pre-processing techniques and prin
cipal component analysis (PCA), linear discriminant functions 1 and 2 successfully revealed 
distinct clustering patterns for both the varieties and categories (rice seed and paddy). Among the 
classification algorithms used, Random Forest (RF) achieved 100 % accuracy for rice seed 
identification and 97.38 % for paddy identification in the test sets. Support Vector Machine 
(SVM) demonstrated 98.15 % accuracy in distinguishing between rice seed and paddy for de
tecting seed fraud. These results suggest that a portable NIR device can reliably perform varietal 
identification and seed authenticity checks within the agricultural value chain. This technology 
has significant potential for use by seed inspectors, farmers, and regulatory officers, offering a 
non-destructive, real-time solution for the rice industry.  
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1. Introduction 

Rice (Oryza sativa L.) production and consumption have been steadily increasing in Sub-Saharan Africa due to factors such as 
population growth, urbanization, convenience of preparation, and changing consumer preferences [17]. However, rice production in 
the region faces numerous challenges, resulting in lower yields compared to other regions [38,4,49]. One issue that has received 
limited attention is the integrity of rice seeds, which has opened the door for fraudsters to sell inferior seeds, a problem that often 
goes undetected, particularly at the farm gate [16,44,5]. Seed fraud is an increasingly concerning issue across Africa [28], where 
agriculture plays a central role in many economies and is vital to food security. Misrepresenting rice paddy as rice seed directly affects 
crop yields and threatens farmers' livelihoods [44]. Unlike genuine rice seeds that undergo rigorous quality control to ensure it meets 
standards, such as high germination potential and genetic purity, paddy (fake seeds) lack the necessary treatment and selection 
processes, such as drying, cleaning, and sorting, that are essential for producing viable seeds for planting. 

Genuine rice seeds, specially bred and selected for planting, are often mixed or replaced with rice paddy, a cheaper and less viable 
alternative not intended for planting. This substitution results in lower germination rates, less disease resistance, and reduced productivity. 
Standard methods for distinguishing between rice seed and paddy, as well as assessing seed quality, such as germination tests [19,35,50], 
purity tests [1,26,33,56], DNA fingerprinting [20,42,43], enzyme analysis [25,27], and sensory evaluations [11,23,37] are time-con
suming, require specialized expertise, are often destructive, and depend on laboratory facilities that may be inaccessible to farmers in rural 
areas [46]. Additionally, advanced methods, as described in previous publications [45], also present several limitations. 

There is a need for fast, accurate, and onsite detection methods to address these challenges and contribute to food security by ensuring 
the integrity of rice seeds. Such methods would provide farmers and agricultural extension agents with a reliable tool to ensure seed 
integrity. Portable Near-Infrared (NIR) spectroscopy has emerged as a promising, cost-effective solution [14,51,52,6], particularly in 
regions where access to advanced laboratory infrastructure is limited, and the need for immediate, reliable seed authentication is critical to 
sustaining rice productivity and economic stability. Portable NIR spectroscopy is a non-destructive, user-friendly, and affordable analytical 
technique that can rapidly distinguish rice seeds from rice paddy by analyzing their spectral signatures. Miniaturized NIR technology has 
been increasingly applied in various fields, including agriculture, food, pharmaceuticals, and petrochemicals [14,51,52,6]. 

This technique works by measuring the absorption of near-infrared light, which varies according to the molecular composition of 
the sample. When coupled with chemometrics, it provides real-time, actionable information. The ability to determine several quality 
parameters in real-time without extensive sample preparation or specialized laboratory infrastructure makes portable NIR spectro
scopy particularly valuable in preventing seed fraud in Africa and other developing regions. The portability of NIR devices enables 
onsite testing at farm gates and other agricultural settings, allowing farmers, seed inspectors, and regulatory authorities to quickly 
and accurately verify rice seed authenticity and quality. This capability is essential in the context of climate change and food security. 

Several studies have demonstrated the use of portable NIR spectroscopy for various rice-related applications, including rice 
quality measurement [10,24,36,39,7], rice freshness identification [30,57,7], quality trait assessment [3], and fatty acid evaluation 
in rice storage [22,58]. However, there has been little research on using portable NIR spectroscopy for the rapid, non-destructive 
detection of rice seed integrity, specifically the differentiation of rice seeds from rice paddy to combat fraud along the rice value 
chain. Additionally, there has been limited discussion on the feasibility of simultaneously determining rice varieties within the two 
rice categories (seed and paddy). 

This study, therefore, explores the application of portable NIR spectroscopy as a tool for differentiating rice seeds from rice paddy in 
Africa. By providing a rapid, reliable, and accessible method for verifying seed authenticity, NIR spectroscopy can play a crucial role in 
combating seed fraud, protecting farmers, and supporting the overall integrity of the agricultural supply chain across the continent. The 
simultaneous determination of rice varieties and seed integrity through portable NIR spectroscopy, combined with chemometrics, offers a 
user-friendly technique that could significantly enhance rice yields, improve quality control, and contribute to food security. 

2. Materials and methods 

2.1. Samples acquisition 

This study involved four widely cultivated rice varieties in Ghana: Amankwatia, Agra, Jasmine 85, and Legon 1. Certified rice 
seeds and rice paddy for each variety were sourced from registered suppliers, research stations, and farmers in various regions across 
Ghana, including Volta, Ashanti, Greater Accra, Central, and Northern regions, during the 2022–2024 seasons. The two main sample 
categories in this research were rice seeds and rice paddy from the four mentioned varieties. Seventy (70) samples were collected per 
category for each variety, resulting in 280 samples of rice seeds and 280 samples of rice paddy. Chemical analyses for each variety 
were derived from prior research studies [13,45], as shown in Table 1. 

Table 1 
Chemical properties of the samples used (%).          

Varieties Ash Fat Protein Carbohydrate Fibre Fe (mg/100 g) Ca (mg/100 g)  

Amankwatia  0.55  1.06  8.00  80.58  0.59  1.60  2.28 
Agra  0.56  0.49  8.26  81.19  0.60  0.89  2.45 
Jasmine 85  0.61  0.52  5.79  77.87  0.13  0.50  1.10 
Legon 1  0.50  0.70  5.80  79.2  0.05  0.53  1.11 
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2.2. NIR spectra collection 

In this study, a portable NIR spectrometer (Innospectra Co., Hsinchu, Taiwan) with a wavelength range of 900–1700 nm was used 
to acquire spectral data for all samples, including both individual rice seeds and paddy. As per the protocol outlined by Teye and 
Amuah [45], each sample was scanned individually five times. The spectrometer operated in conjunction with a smartphone 
(Samsung A95, Android version) via Bluetooth connectivity, enabling real-time data acquisition, visualization, and storage. The 
spectra was collected in reflectance mode. The collected spectra were then exported for further analysis and classification using 
chemometric models. This integrated system was commercially available and not independently developed by the authors. The 
spectrometer's performance metrics included a resolution of 3 nm and spectral responsivity of 10 nm resolution, with an integration 
time of approximately 1 s per scan. To minimize environmental variations and background noise, a background or dark spectrum was 
recorded after every 20 sample scans. All measurements were conducted under controlled conditions at 28 °C room temperature and 
70 % relative humidity. For sample preparation, individual seeds were scanned rather than seed bunches, ensuring a standardized 
approach to spectral data collection. All statistical analyses were performed using MATLAB. 

2.3. Spectra data processing 

In this study, four data pre-processing methods were utilized: multiplicative scatter correction (MSC), standard normal variate 
(SNV), first derivative (FD), and second derivative (SD). For a detailed explanation of the theory and application of these methods, 
please refer to our earlier publications and the works of other researchers [32,46,47]. 

2.4. Principal component analysis (PCA) 

Following the pre-processing of the spectral data, Principal Component Analysis (PCA) was performed as the initial analytical 
step. This allowed us to observe natural clustering patterns within the data and to reduce its dimensionality. PCA is a well-established 
unsupervised pattern recognition technique used to extract significant information from correlation matrices, facilitating the vi
sualization of data trends in a simplified scatter plot with fewer dimensions. Please refer to our previous publication [46]. In this 
study, the first three principal components (PCs) captured the most relevant information while minimizing redundancy, ensuring an 
effective representation of spectral variations. The Kaiser Criterion was applied to retain principal components with eigenvalues 
greater than 1, ensuring that only the most significant components contributing to data variance were selected for analysis. 

2.5. Linear discriminant analysis (LDA) 

Linear Discriminant Analysis (LDA) was employed after pre-processing the spectral data to improve the separation between rice 
varieties and enhance classification accuracy. LDA is a widely used supervised classification method that maximizes the differences 
between predefined groups, finding the best linear combinations of features that can separate these groups [18,34]. By projecting the 
data onto a reduced-dimensional space, LDA retains the most important information for distinguishing between classes, allowing for 
clearer clustering and more reliable classification [21]. 

To enhance classification accuracy while reducing computational complexity, PCA was first applied as a dimensionality reduction 
technique. The most significant principal components (PCs) were retained based on the Kaiser Criterion and subsequently used as 
input variables for the LDA model. LDA, as a supervised classification method, was then applied to maximize class separability and 
improve the predictive performance of the model. 

2.6. Multivariate classification algorithms 

Random forest (RF) is an ensemble method based on multiple classification trees for accurate discrimination. It employs variable 
importance metrics and data resemblance measures for visualization and clustering [2]. K-nearest neighbor (KNN) is a nonparametric 
algorithm that assesses distances between samples from a calibration set and unknown samples [48]. The parameter K exerts a 
significant influence on the classification rate of the KNN model. With customized kernel functions, SVM learning methods can 
imitate complicated non-linear boundaries while exhibiting good performance when it comes to generalization. SVM has been ef
fectively applied in chemometrics to classify near-infrared spectra. It seeks to maximize inter-class geometric margin while mini
mizing classification error [12]. The optimization of hyperparameters for both the SVM and RF models was performed using grid 
search tuning to achieve the best classification performance. For the SVM model, the RBF kernel was used with a regularization 
parameter (C) of 1.0 and gamma set to 0.1. The RF model was optimized with 150 trees (n_estimators), a maximum depth of 10, and a 
minimum sample per leaf of 3. Model performance was evaluated based on classification accuracy (Eq. 1). NN is a prevalent machine 
learning approach, leveraging extensive datasets, advanced computing, and sophisticated algorithms. 

As a supervised ML technique, NN can approximate any function with a sufficiently large hidden layer. Neural networks excel in 
capturing complex non-linear relationships among input and output variables, consisting of input, hidden, and output layers [40]. For 
further details on the models used in this research, consult [29,9]. 

TN TP FN FP
Accuracy TN TP= +

+ + + (1)  
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2.7. Data partition 

This research employed a comprehensive data validation approach to ensure a dependable model assessment and mitigate 
overfitting concerns. The spectral information underwent meticulous preprocessing and was formatted appropriately for analysis. A 
10-fold cross-validation technique was utilized to verify the model's efficacy. The dataset was divided into 10 equal segments, with 
each segment serving once as a test set whilst the remaining nine functioned as training data [41]. This procedure was repeated for all 
ten subsets, guaranteeing that every data point contributed to the training and testing phases. The ultimate model performance 
metrics were derived from the average across all folds, thoroughly evaluating the model's precision and consistency. By implementing 
10-fold cross-validation, the researchers ensured that the outcomes were not skewed by a single data division, thereby enhancing the 
robustness and generalizability of the results. Fig. 1 illustrates this process. 

3. Results and discussion 

3.1. Spectral information 

Fig. 2 (a1) and (b1) show all the raw reflectance spectra collected for the rice varieties. Fig. 2 (a2) and (b2) present the mean 
spectral profiles of the four authentic rice varieties. The spectral data obtained in this experiment revealed distinct NIR reflectance 
spectra features specific to the different categories of rice samples. Fig. 2 present the spectral data for four rice varieties (Agra, 
Amankwatia, Jasmine 85, and Legon 1), including (a1 and b1) raw rice, (a2 and b2) mean rice. 

In Fig. 2a1, notable absorption peaks are visible at approximately 950 nm, 1200 nm, 1400 nm, and 1650 nm. These peaks provide 
valuable insights into the functional groups present in rice, such as carbohydrates, vitamins, phenols, and minerals. The region 
between 1000 nm and 1200 nm corresponds to the O-H, C-H combination, and C]O, which are associated with water absorption, 
hydrocarbons, aromatic, and aliphatic ketone compounds [55,8]. Meanwhile, the bands between 1400 nm and 1650 nm represent the 
N-H first overtone (related to amide/protein) and the O-H first overtone (related to cellulose, alcohols, and water in rice). 

Additionally, Fig. 2a2 highlights characteristic differences among the rice varieties. The spectra indicate that the Amankwatia and 
Jasmine varieties are closely aligned across the spectral range, suggesting they may share similar properties. Similarly, Agra and 
Legon 1 exhibit comparable spectral features, indicating potential similarities between these varieties. Spectra data observed in the 
rice seed were similar to those observed in the rice paddy. 

3.2. Principal component analysis and Linear discriminant analysis 

Fig. 3 represents the outcomes of principal component analysis and linear discriminant analysis applied to rice seed varieties.  
Fig. 3a shows how the spectra data of rice is reduced into two dimensions while retaining the most significant variance. The two axes, 
PC1 (which explains 97.88 % of the variance) and PC2 (which explains 1.925 %), reflect how the data is spread. There is significant 
overlap among varieties (Agra, Amankwatia, Jasmine 85, and Legon 1), particularly along PC1, which indicates that the most 
variance in the dataset is shared between the varieties, making it difficult to distinguish them based on this component alone. The 

Fig. 1. 10-fold cross-validation.  
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Fig. 2. Spectral information for rice seed samples: (a1) raw spectra and (a2) mean spectra; and for rice paddy samples: (b1) raw spectra and (b2) mean spectra.  

Fig. 3. Score plot (A) PCA and (B) PCA-LDA for rice varieties.  
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data points are closely clustered along PC1, with PC2 showing only a minor variation between the varieties. This suggests that while 
PCA simplifies the dataset by reducing the dimensions, it does not separate the rice varieties. 

Fig. 3b, however, shows the separation between the rice varieties based on a supervised classification method. LDA clearly 
distinguishes the four rice varieties. Although Agra and Legon 1 show some overlap, they are still more distinguishable than the PCA 
plot. Jasmine 85 and Amankwatia were well-separated, with minimal overlap, indicating that LDA successfully differentiates these 
varieties. LDA successfully classifies rice seeds based on their spectra data, making it a better tool for identifying and verifying seed 
varieties. Fig. 4 illustrates the PCA-LDA loading plots for differentiating four rice varieties (Agra, Amankwatia, Jasmine 85, and Legon 
1), highlighting key spectral features. For PC 1, major peaks were identified at approximately 937–1033 nm, 1170 nm, 1207 nm, 
1389 nm, and 1409 nm. For PC 2, significant peaks were observed at 1170 nm, 1207 nm, 1382 nm, and 1413 nm, while for PC 3, 
prominent peaks appeared at 929–1055 nm, 1203 nm, and 1413 nm. Previous studies have linked the peak at valley around 1207 nm 
to the second overtone of C–H stretching vibrations of carbohydrates [54]. Similarly, the absorption band at 1207 nm, attributed to 
lipids or fat content, originates from the second overtone of C–H stretching mode [53]. These findings emphasize the importance of 
these spectral regions in distinguishing the rice varieties. 

3.3. Principal component analysis and linear discriminant analysis of each rice variety for seed and paddy 

In this study, PCA was not used as a standalone classification method but rather as a preprocessing step to extract relevant spectral 
features before applying LDA. The PCA-reduced dataset was then fed into the LDA model, which optimized class separation and 
enhanced classification performance. The PCA-LDA score plots for the rice varieties demonstrate a clear cluster separation between 
the seed and paddy categories compared to only the traditional PCA score plot. As seen in Fig. 5(a-d), these results highlight that 
combining principal component analysis and linear discriminant analysis effectively distinguished these two categories. The plots 
show a clear separation between the clusters representing the seeds and paddy for each variety. The two categories are well dif
ferentiated in the PCA-LDA space, confirming that there are differences in their spectra data, and hence, it reveals some differences in 
their chemical properties. Seeds contain higher levels of nutrients and have greater viability, which is essential for plant growth, 
compared to paddy, which is predominantly composed of carbohydrates and may include impurities and off types. This composi
tional difference is reflected in the separation between seed and paddy clusters. The ability to distinguish between seeds and paddy is 
crucial for detecting fraudulent practices, where lower-quality paddy may be mixed with higher-quality seeds to cut costs. This 
method can ensure that only pure, high-quality seeds are distributed to farmers, protecting them from receiving substandard planting 
materials. The separation also underscores the economic value of maintaining seed purity. Given that seeds are more expensive due to 
their superior quality, precise identification is vital to prevent financial losses caused by the introduction of paddy into seed lots. 

3.4. PCA and PCA-LDA for general cluster trends 

A global cluster trend was attempted for several varieties in this study to provide evidence that certified seeds could be identified 
easily from paddy, irrespective of the variety. As observed in Fig. 6, the classification of rice seeds and paddy using a combination of 
Principal Component Analysis and Linear Discriminant Analysis revealed some helpful information when several varieties were used. 
The plot shows that this combined method effectively separates rice seeds from paddy, although some overlap remains. This overlap 
indicates that, in some cases, the spectral data from seeds and paddy share similarities though only a few samples showed that. This 
phenomenon could be attributed to a few paddy grains that show variability. Despite this, the PCA-LDA technique provides valuable 
insight and is helpful for practical classification, especially in scenarios like seed quality verification or detecting possible mixing of 
seeds and paddy. Fig. 7 presents the PCA-LDA loading plot for rice seed and paddy. The loadings emphasize the spectral regions that 
differentiate between seeds and paddy, driven by their distinct chemical properties. Major peaks were observed at 926–1028 nm, 

Fig. 4. Loading plots for PCA-LDA for rice varieties.  
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1170 nm, 1207 nm, 1389 nm, 1409 nm, and 1436–1646 nm for PC 1. For PC 2, significant peaks were identified at 933–1139 nm, 
1207 nm, 1392 nm, and 1409 nm, while for PC 3, major peaks were observed at 933–1060 nm, 1203 nm, and 1406 nm. The PCA 
loadings revealed that the key wavelengths contributing to the spectral variance among rice varieties were primarily associated with 
carbohydrate, and moisture content, which are major chemical components influencing NIR absorption [31]. The region 

Fig. 5. PCA and PCA-LDA score plot of rice samples used (seeds and paddy): (a) Agra, (b) Amankwatia, (c) Jasmine 85, and (d) Legon 1.  
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926–1028 nm is associated with the N-H second overtone, 1170 nm corresponds to the C-H second overtone, and 1436–1646 nm is 
linked to the O-H and N-H first overtones [15]. Other researchers have also reported some of these peaks in rice samples [45]. 

3.5. Classification of varieties (paddy) and (seed) 

The research further explored the classification of varieties under seed and paddy categories differently using three pre-processing 
techniques compared with raw, as seen in Table 2. It was observed that each pre-processing technique positively impacted the 
performance of the classification model, similar to those observed by other researchers [46]. For the seed classification, the optimum 
performance was 100 % and 99 % for both the training and test sets, respectively, for MSC-RF and FD-RF as seen in Fig. 8. The table 
showed that RF performed better than the others in all the pre-processing techniques employed, with general performance above 
92 % (Fig. 8). More specifically, the best model was MC-RF, which gave an optimum performance of 100 % and 97.63 % at the 
training and test sets, respectively, for the paddy. It could be explained that the properties of Random Forest can handle several input 
variables without variable deletion and generate an internal unbiased estimate of the generalization error as the forest building 
progresses without overfitting and it is known to be unexcelled in accuracy among current algorithms. 

3.6. Classification of rice seeds from rice paddy 

Accurate and rapid identification of rice seeds from rice paddy or fake rice seeds would present a novel detection that could 
promote rice productivity and enhance food security. Table 3 presents the outcome of several pre-processing techniques and a 
multivariate algorithm for model development. The results show that, for a single variety, the model could accurately differentiate 
authentic rice seed from paddy or fake rice seed. The RF and SVM models gave a 100 % classification rate in training and test sets, 
signifying those authentic seeds could be accurately identified from fake seeds to support farmers in sustainable rice production. The 
model's performance was not different from those reported by other researchers [1,45]. While the classification models achieved 
100 % accuracy for most rice varieties, the Jasmine variety exhibited lower performance, indicating potential spectral similarities 

Fig. 6. PCA and PCA-LDA score plot of rice seed and rice paddy from four varieties.  

Fig. 7. PCA-LDA loading plot of rice seed and rice paddy from four varieties.  
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with other varieties. This may be attributed to overlapping chemical properties, particularly in starch, which affect NIR spectral 
absorption. 

Furthermore, for a generalized model, this research further attempted to classify rice seed and paddy irrespective of the type of 
varieties (as in this case, four varieties of seed and paddy in this study) for seed authenticity, as seen in Table 4, a system to check rice 
seed fraud. For classifying the two categories (seed and paddy), FD-LDA gave 83.33 % in the training set and 83.35 % in the test set 
(Fig. 9). Though the accuracy was below 90 %, the model provides a feasibility or potential for rapid identification of rice seed fraud 
at Farmgate. These results show that the models could be used for the rapid screening of rice seeds and could assist in market 
surveillance to ensure seed integrity along the agricultural value chain. While this study provides a proof-of-concept, future research 
should expand the dataset to include a wider range of rice varieties, particularly those with minimal genetic differences 

Fig. 8. Pre-processing methods and performance of the Random Forest (RF) model on paddy (a) and Seed (b).  

Table 3 
Performance of the classification models for authenticating the rice seed and rice paddy.              

Model Agra (seed and paddy/fake seed) - Pre-processing 

RAW MC FD SD 

Training set Test set Training set Test set Training set Test set Training set Test set  

LDA 51.41 41.29 52.57 43.29 100.00 100.00 100.00 100.00 
QDA 70.32 70.17 61.97 58.69 100.00 100.00 100.00 100.00 
RF 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 
SVM 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 
Model Amankwatia (seed and paddy/fake seed) Pre-processing 

Training set Test set Training set Test set Training set Test set Training set Test set 
LDA 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 
QDA 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 
RF 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 
SVM 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 
Model Legon1 (seed and paddy/fake seed) Pre-processing 

Training set Test set Training set Test set Training set Test set Training set Test set 
LDA 50.33 45.50 50.83 37.00 50.83 43.50 52.00 40.00 
QDA 51.67 46.00 57.56 50.00 57.78 55.00 54.17 44.00 
RF 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 
SVM 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 
Model Jasmine (seed and paddy/fake seed) Pre-processing 

Training set Test set Training set Test set Training set Test set Training set Test set 
LDA 50.72 61.00 51.44  

36.00 
50.00 50.00 50.00 50.00 

QDA 51.22 50.50 61.61  
57.00 

50.00 50.00 50.00 50.00 

RF 50.00 50.00 100.00  
100.00 

50.00 50.00 100.00 100.00 

SVM 50.00 50.00 100.00  
100.00 

50.00 50.00 50.00 50.00    
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4. Conclusion 

The research outcome provides the solution for checking rice seed fraud in real-time onsite to promote food integrity. The results 
show that among the four classification algorithms used, RF gave an accuracy of 99.0 % and 95.28 % for rice seed and paddy varietal 
identification, respectively, in the test sets. For the authentication of rice seed and paddy to check seed fraud, SVM gave 98.15 % 
accuracy in the test set. This shows that a portable NIR device could be employed for simultaneous rice varietal and seed integrity 
determination along the value chain. This technology would be helpful for seed inspectors, farmers, and regulatory officers in the rice 
industry. 
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