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Abstract: Komal Chaul is a traditional form of a parboiled rice product from rice varieties indigenous 

to the state of Assam and it constitutes a culturally significant dish served during the auspicious 

occasions. Ageing impacts its rehydration properties diminishing its value as a no-cooking rice product. 

To empower the consumers in selecting Komal Chaul of desired rehydration qualities, this study 

focused on developing a non-destructive tool based on near-infrared spectral data coupled with machine 

learning (ML) algorithm for distinguishing the aged Komal Chaul. An NIR spectral library of Komal 

Chaul samples was created, covering the spectral range of 740–1050 nm for samples stored for a period 

up to one year under ambient conditions. The methodology involved spectral preprocessing to enhance 

data quality, followed by partial least squares (PLS) regression modeling to predict storage time. 

Statistical metrics, including regression coefficient (R²), relative error percentage (REP), and root mean 

squared error (RMSE), were used to validate the model. Feature selection based on coefficient 

weightage was performed to identify key wavelengths contributing to time prediction. Classification 

models, including LDA, KNN, CART, Naïve Bayes, SVM, and Random Forest, were employed to 

categorize samples into aging periods of 1, 3, and 6 months. Partial Least Squares (PLS) regression 

models predicted the ageing time with a validation score R2 of 0.897 and RMSE of 19.41 days. 

Optimized with wavelength selection, the PLS regression model achieved significant accuracy in 

estimating the ageing time, with a prediction score R2 of 0.89 and RMSE of 2.01 days. Similarly, using 

the same approach for cooking quality prediction resulted in satisfactory performance, achieving a 

validation R² of 0.79. Classification models further enhanced prediction accuracy, with the Random 

Forest model attaining the highest accuracy of 92% for six-month interval classifications. These results 

underscore the potential of integrating NIR spectroscopy and machine learning for efficient, non-

destructive quality assessment of Komal Chaul, supporting its commercialization as a value-added 

traditional food product. 
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1. Introduction 

Chokuwa rice of Assam is an indigenous variety to the state with a GI tag used in the 

production of Komal Chaul [1]. Chokuwa rice of Assam is a low amylose variety grown 

majorly in the Sali season (Autumn-Winter). The word ‘Komal’ means ‘soft’ and ‘Chawal’ or 

‘Chaul’ means rice in Assamese. Komal Chaul is prepared by parboiling Chokuwa paddy. The 

unique characteristic of this rice is its no cooking requirement [2]. It can be consumed by 

soaking it in warm water at nearly 60-70℃ temperature. This distinctive characteristic qualifies 

this rice in the ready-to-eat category, though it cannot be categorized as instant food exactly 

because Komal Chaul takes at least 10-12 min to gelatinize/cook in warm water fully [3]. In 

Assamese tradition, Komal Chaul is consumed as “jalpan”, a culturally significant dish served 
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during auspicious occasions and fasting periods. The rice is consumed as brown rice and has 

been reported to have a lower glycaemic index, making it beneficial [4]. It is traditionally 

manufactured by soaking rice for 3-4 days to attain a desirable moisture content. Saoking water 

is drained, freshwater is added and cooked over a wood fire until the grain splits out of the husk. 

The water is drained off again, and the grains are dried in the sun on the same day. Drying is 

done on the same day to avoid retrogradation and maintain a soft structure [5]. The traditional 

method is weather-dependent, and unfavorable weather conditions result in delayed drying, 

affecting the final product's quality [6]. 

Komal Chaul, possessing a unique characteristic of no cooking requirement, has many 

scopes for marketability. Though it is not fully commercialized, there is potential for its 

application in the ready-to-eat food section. One issue with Komal Chaul is that its rehydration 

property after processing is affected. Ageing of the rice also results in lesser hydration. 

Moreover, there is neither a standard protocol nor any device developed for estimating 

rehydration quality concerning ageing. So, a handy tool can prove to be a reliable solution to 

this. In another context, governmental agencies like the Department of Food and Public 

Distribution under the Ministry of Consumer Affairs, Food and Public Distribution are looking 

for real-time scientific methods regarding the prediction of aged rice [7]. 

Scientific methods for predicting Komal Chaul's ageing will be helpful from a trading and 

purchasing perspective. Non-destructive techniques based on spectra and images are nowadays 

state-of-the-art methodologies in many disciplines. Near-infrared spectroscopy (NIRS) is 

usually preferred for its non-destructive nature and can easily record spectra from solid and 

liquid samples without any pre-treatment [8]. The Indian Agricultural Research Institute has 

done extensive research on the application of NIR and other non-destructive techniques for the 

quality evaluation of intact fruits and vegetables [9][10]. Unlike other non-destructive 

techniques, NIR is preferred for its cost-effectiveness. Its instrumentation involves simple 

mechanics and robust sensors, making it suitable for online process analysis [11]. NIR 

spectroscopy, being a secondary technique, requires chemometrics for calibration purposes. 

Machine Learning has been used as a calibration tool to map a link of near-infrared 

spectroscopy-based measurements into desirable extrinsic factors of analysis. Studies have 

employed NIR spectroscopy combined with ML models like partial least squares to identify 

aged-rice adulteration, highlighting its utility in monitoring rice ageing [12].  

The most significant biochemical phenomenon influencing the texture and cooking quality 

of aged rice is starch retrogradation. Though it is desirable for most rice, it is undesirable for 

Komal Chaul. Therefore, there is a need for an ageing study of Komal Chaul to assess its shelf 

life in terms of cooking quality. NIR spectroscopy has proven reliable to calibrate biochemical 

changes. Therefore, the objective was to develop an NIR-based tool with the help of machine 

learning methods for predicting the time of ageing of Komal Chaul relating to its cooking 

properties. 

2. Materials and Methods 

2.1. Mapping of ageing time with NIR spectral data 

Freshly harvested Chokuwa paddy was collected from a farm in Jamugurihat, Assam. 

Komal Chaul was prepared from brown rice by the process of parboiling [2] and was taken for 

the ageing study as shown in Fig. 1. The rice was stored in LDPE pouches and those packets were 
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kept in a closed plastic box of approximate dimensions of 29 x 34 x 12 cm at room temperature. 

The temperature variation throughout the year was 23-37 ℃ and relative humidity was in the 

range of 85-90% during summers and 60-65% during winters. The target parameter here was 

the time of storage (degree of ageing) associated with quality attributes during ageing. 

 

(a) 

 

Figure 1. (a) Process flowchart of production of Komal Chaul; (b) NIR Sensor with sample holder 

The respective spectrum of samples was taken over one year on a weekly basis. The 

procedure involves: 

⮚ Firstly, an NIR-based spectral library of 255 scans of aged and unaged rice samples 

with their respective storage time were recorded. The storage time was considered as the 

reference parameter or target parameter. The respective spectra were acquired in the range of 

740-1050 nm using the NIR sensor (SCiO 1.2) (Fig. 1(b))[13]. 
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⮚ Initially, the whole spectrum was taken as a reference spectrum with a resolution of 5 

nm, giving us 63 points for every spectrum. The total number of spectrums was 255 and the 

average scans per sample was 3. The dataset was divided into training (70%), validation(20%), 

and test sets(10%). 

⮚ Preprocessing of spectra is an essential step to enhance its quality, remove noise, and 

normalize the data for further analysis in regression. 

⮚ Developing an ML-based predictive model for estimating the time of ageing of Komal 

Chaul using the spectral library. The PLS process is explained in figure 2. 

 

Figure 2. Partial Least Square (PLS) steps 

The preprocessed data was then trained on PLS. The PLS algorithm iteratively calculated a set 

of latent variables over 40 components. The optimal number of components was chosen based 

on the Mean squared error. 

⮚ The performance of the model was evaluated using statistical metrics like Regression 

coefficient (R2), Relative Error percentage (REP), and Root mean squared error (RMSE) (Eq. 

1- 3) using the SciPy library in Google Colab, Python version 3.8. 
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𝑅𝐸𝑃 =
𝑥𝑝𝑖 − 𝑥𝑚𝑖

𝑥𝑚𝑖
× 100 (3) 

Where 𝒙𝒑𝒊 is the predicted ith value and 𝒙𝒎𝒊 is the measured ith value. 

⮚ The validated model was again used for prediction. 

⮚ There are specific regions in the spectrum that contributed more to the PLS regressor 

loading values, therefore, a coefficient weightage-based selection of optimal features was done 

to get the wavelengths more distinctively contributing to the PLS regression of time 

calculation. 

2.2. Mapping of cooking time with NIR spectral data 

The steps for mapping of cooking time with NIR data followed the same PLS procedure 

as mentioned in 2.1. 

The cooking quality or softening properties of Komal Chaul from Chokuwa rice of 

Assam concerning ageing time was measured, and the parameter taken into consideration is 

the softening time. The time from starting to cook to the first sampling instance at which 90% 

of kernels are translucent is considered as the cooking time. To calculate the cooking time, 10 

g of kernels were kept in a hot water bath at 60 ± 5 ℃. Eight minutes onwards, at an interval 

of 1 min, 10 kernels were taken out and pressed between two glass slides. The percentage of 

translucent kernels was noted, and cooking time was determined when the percentage was 

above 90% [14]. 

2.3. Classification of NIR spectral on monthly basis 

The next step involved the classification of spectral data based on their ageing time. 

The spectral database was coded according to a 1-month classification consisting of 12 classes, 

3 months of classification, and 6 months of classification. The dataset was divided into training 

(70%), validation (20%), and testing (10%). The dataset was then trained, validated, and tested 

on classification models: LDA, KNN, CART, NB, SVM, and RF.  Huang et al., 2023 used 

discriminant and ensemble tree algorithms like SVM and RF for distinguishing storage periods 

of rice [15]. The performances of the classification were measured using two metrics: 

classification accuracy (Eq.4) and F1_score (Eq.5). 

𝐴ccuracy =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑

Total number of samples
 

(4) 

𝐹1_𝑠𝑐𝑜𝑟𝑒 =
2 × 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙
 

(5) 

3. Results and discussion 

3.1. Estimation ageing time of Komal Chaul by ML model 

Firstly, NIR-based spectral library (wavelength range: 740-1050 nm) of aged and 

unaged rice samples with their respective ages from the time of harvesting was created (Fig. 
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3). The raw data were preprocessed using the Standard Normal Variate and Savitzky Golay 

function, that takes the derivative of the data (Fig. 4). Then, a Partial Least Square (PLS), a 

ML-based regression model was trained on the pre-processed data, validated, and tested (k-

fold selection) for estimating the time of ageing of rice using the spectral library. Later, the 

predictive model with best-fitted parameters. The least MSE values were obtained for 10 latent 

variables, so a PLS model with 10 components was trained (Fig. 5). The PLS model for ageing 

time estimation showed an R2 of 0.897 and an RMSE of 19.409 days for the validation set. 

The test dataset showed a lesser accuracy with an R2 value of 0.7013 and RMSE to be 32.477 

days (Fig. 6). However, the relative percent deviation was less, that is, 3.08. The signal-to-

noise ratio of raw reflectance data was observed to be 2.8 for average signal, while the signal-

to-noise ratio is 0.01. 

 

Figure 3. Raw reflectance vs wavelength 

 

Figure 4. Pre- processed spectra of raw reflectance 
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Figure 5. Hyper-tuning the Latent variables 

 

Figure 6. Cross-validation plot of test data for ageing time 

To improve the performance of the model, a variable selection approach was made. 

Earlier studies had suggested that variable selection for high-dimensional data helped improve 

the performance of those with higher dimensions of data. There are various ways to approach 

selecting variables for PLS regression: filter method, wrapper method, and embedded method. 

For this study, a filter method was applied for wavelength selection [16]. The filtration was 

based on the regression coefficients of the PLS model. The association between PLS 

coefficients for every wavelength gave us an idea of largely contributing features (Fig. 7). 

The number of PLS components after optimization was chosen to be 10. The 

application of a recursive method by eliminating one wavelength at a time and calculating the 

MSE value. The optimal number of discarded wavelength features was 37, based on an optimal 

MSE value of 11.29. The chosen wavelength values were 790, 795, 800, 805, 810, 830, 835, 

840, 845, 850, 855, 860, 875, 880, 885, 900, 905, 910, 930, 935, 940, 945, 970, 975, 980 and 

1000 (Fig. 8). The cross-validation plot between the measured and predicted showed better 
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regression with an R2 value of 0.89 (Fig. 9). The regression for the test dataset was better than 

the previous PLS model suggesting better predictability. The RMSE values of validation and 

test set were found to be 2.01 and 3.24 days which is considerably low. The SE for validation 

and test set were found to be 1.75 and 14.24 days, and biases were -3.9 and -9.6 days, 

respectively. Recent study by Song et al. [17] has demonstrated the effective identification of 

aged-rice adulteration using support vector machine (SVM) classification combined with 

characteristic wavelength variable selection where features were eliminated to improve the 

prediction efficiency up to 98%. 

 

Figure 7. Fitting parameters for optimizing features 

 

Figure 8. Optimal features selection 
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Figure 9. Cross validation plot after optimization 

3.2. Estimation of cooking quality of Komal Chaul by ML model 

The same spectral data (Fig. 10) were later mapped with the cooking time or softening 

time of Komal Chaul have changed linearly with time. Those raw data were preprocessed using 

the Savitzky Golay function, which takes the derivative of the data. PLS regression was used 

to model cooking with spectral data taken during the process of ageing. The training set was 

trained over 40 numbers of Latent variables. The least MSE values were obtained for 10 latent 

variables, so the PLS model with 10 components was validated. The validation score was found 

to be R2: 0.79 and RMSE of 1.09. The test dataset showed accuracy with an R2 value of 0.77 

and an RMSE to be 2.77 (Fig. 11). The RMSE was higher because the endpoint-predicted 

deviated more for both the higher values and lower values. 

 

Figure 10. Raw reflectance vs wavelength 
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Figure 11. Cross validation plot for prediction of test data for cooking time 

Therefore, ML-based PLS regression method proved quite a definitive technique in 

calibrating the ageing parameters of Komal Chaul as supported by previous work that worked 

on aged rice determination using NIRS [18]. This is because, in the case of limited data, PLS 

is more stable than other models as it can establish non-linear relationships between input and 

output variables by exploiting underlying latent factors. 

3.3. Prediction of the age of Komal Chaul by classification ML model 

The ageing data were collected over a period of a year at an interval of 7 days. The 

spectral archive of ageing data for Komal Chaul was divided into 3 groups: 1 month, 3 months 

interval, 6 months interval. The classification models were then trained on the training dataset 

and tested over the test dataset using the k-fold validation technique. The validation accuracy 

was found to be highest for the SVM model (Fig. 12(a)) with a value of 0.77. This could be 

due to ability of SVM models to form collinearity among multilinear data [19]. The test 

accuracy was found to be 0.79 and the F1-score was found to be 0.69. The test dataset 

predictions were represented using a confusion matrix which showed that the later month 

predictions are coinciding (4th to 7th group) with that of the 6–9 months predictions. (Fig. 

12(b)). Therefore, our next classification was based on three months classification, and the 

random forest classifier showed the best in classifying the data where each group consisted of 

spectral data from 3 months. The test accuracy was found to be 0.89 and the F1 score was found 

to be 0.81(Fig. 13(a)). This showed spectral data from 6-9 months (2nd group) coincides 

mostly, also the 0th and 1st group suggesting lower accuracy of prediction for the first 3 months 

(Fig. 13(b)). Lastly, a classification on the basis of six-month spectral data. The prediction 

accuracy was highest for RF classifier with an accuracy of 0.92 (Fig. 14(a)).  for the test data, 

and the F1 score was highest. Therefore, the classification comparison suggests that Komal 

Chaul that are spectra obtained from apparently age groups of 6 months, were showing better 

predictability (Fig. 14(b)). This could also be due to the reason of a two-class classification 

problem. 
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                                  Models 

(a)                                                                            (b) 
Figure 12. (a) Comparison of classification of ageing time on 1-month basis; (b) Confusion matrix of 

classification of ageing time on 1-month basis 

                    

                                            Models 

(a)                                                                                  (b) 

Figure 13. (a) Comparison of classification of ageing time on 3-month basis; (b) Confusion matrix of 

classification of ageing time on 3-month basis 

                               

                                            Models 

                                                   (a)                                                                                              (b) 

Figure 14. (a) Comparison of classification of ageing time on 6-month basis; (b) Confusion matix of ageing 

time on 6-month basis 

4. Conclusions 

There is currently no non-destructive method that predicts the ageing of Komal Chaul. 

This study demonstrated that Near-Infrared (NIR) spectroscopy, combined with multi-

regression and classification models, offers a non-destructive approach for monitoring rice 
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quality during storage. Using wavelength selection optimization, the Partial Least Squares 

(PLS) regression model achieved a validation R2 of 0.89 and RMSE of 2.01 days in estimating 

ageing time within the tested dataset. While the model performed well, it is essential to note 

that PLS regression may be sensitive to multicollinearity and overfitting, especially when 

applied to complex or noisy datasets. Cooking quality predictions using the same model yielded 

a validation R2 of 0.79, indicating satisfactory but not definitive performance. Classification 

models provided further refinement, with Random Forest achieving the highest accuracy (92%) 

for distinguishing rice stored over six-month intervals. However, these findings are based 

solely on the Komal Chaul rice variety and specific storage conditions. Broader applicability 

requires further validation across diverse datasets and rice types. Future studies could explore 

the integration of Quantitative Structure-Activity Relationship (QSAR) models to better map 

storage time and cooking properties, though such efforts would require rigorous cross-

validation and generalization testing. 

Multidisciplinary Domains 
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