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ABSTRACT 
One of the most extensively produced grain crops in the world, rice, has several genetic variants. These categories differ 
from each other due to certain characteristics. These characteristics typically include color, texture, and shape. These 
characteristics that set distinct varieties of rice apart allow for the classification and evaluation of seed quality. The five 
varieties of rice that are most frequently grown worldwide are Basmati, Jasmine, Ipsala, Doongara, Wehani, Arborio, and 
Karacadag. The collection has 1,75,000 grain samples, with 25,000 of each category. A second set of 121 attributes was 
used, comprising 17 morphological features, 9 form, and 95 color features extracted from these images. The rice dataset was 
classified using an ensemble learning technique and a dimensionality reduction framework. This technique lowers the 
misclassification rate by aggregating the predictions of multiple classifiers. To ascertain the recall, prediction, and accuracy, 
statistical computations were performed. The classification accuracy of this model was 100% with XGBoost, 99.63% with 
Adaboost, and 99.85% using gradient boosting. The findings demonstrate the applicability of the models employed in the 
rice variety classification study. 
 

INTRODUCTION 
Indeed, by offering innovative methods for classifying 
and assessing the quality of rice grains, computer vision 
and machine learning technologies are transforming the 
agricultural industry. By using these technology, the 
agriculture industry benefits from a more automated, 
precise, and effective approach than traditional manual 
operations.By automating the identification of crucial 
quality criteria including shape, size, texture, and fracture 
rate, these technologies help to make quality control 
faster, more dependable, and more cost-effective. Recent 
research has further demonstrated the applicability of 
computer vision and deep learning for automated rice 
analysis, with machine-learning models being evaluated 
using accuracy, recall, and precision for rice-related 
classification tasks (Tholupuluri et al., 2024). The 
broader adoption of artificial intelligence in agriculture 
has also expanded the use of data-driven methods for 
crop management, forecasting, and agricultural decision-
making (Singh & Kaur, 2025). 

A food derived from grain crops, rice is grown in many 
nations and consumed globally. According to Mahajan et 
al. [2], computer vision and image processing 
applications in agriculture are interesting since they are 
less expensive than manual approaches and have the 

ability to be evaluated without causing damage. 
According to Barbedo et al. [7], image processing-based 
computer vision applications outperform conventional 
manual labor-based techniques. Because human error is a 
major factor, manually evaluating or classifying grains 
can be expensive and time-consuming. Because manual 
procedures only rely on the evaluation specialists' 
experience, Patrício et al. [4] suggested that they might 
have a different evaluation process. Rice is a grain crop-
based food that is grown in many countries and 
consumed all over the world. 

Using a two-class dataset of 1700 rice data, Sun et al. 
used the SVM technique to obtain 98.5% classification 
success in a study that was published in the literature. 
When 200 data points from 16 classes were analyzed in a 
different investigation, the SVM technique produced an 
accuracy of 87.16% (Liu et al., 2015). Lin et al. 
introduced the deep CNN technique, which achieved a 
95.5% success rate in a sample consisting of three classes 
and 7399 data points. Ahmed et al. used CNN for 
classification operations following feature extraction in 
another study including 200 data points and three types 
of rice. The researchers had an 88.07% success rate. 
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LITERATURE SURVEY 
One commodity based on grain crops that is produced in 
many nations and consumed globally is rice. The market 
uses a number of factors to influence rice prices. These 
components include color, texture, form, and fracture 
rate, according to Aukkapinyo et al. [6]. When digital 
product photos are obtained, a variety of machine 
learning techniques are employed to identify these 
characteristics and carry out categorization tasks. 

Large data sets may be analyzed quickly and reliably 
thanks to machine learning algorithms. In order to 
comply with food safety requirements and enhance the 
quality of the finished product in an automated, cost-
effective, efficient, and nondestructive way, such 
methods are crucial for producing rice (Grinberg et al.) 
[19]. In recent years, rice quality and classification have 
been assessed using a variety of digital image attributes. 
These include the capacity to detect cracks in rice grains, 
fracture rate, whiteness, and geometric measurements 
like length and perimeter. Systems based on image 
processing can be used to extract a variety of grain 
product properties. 

Recent agricultural research has also demonstrated the 
use of machine-learning and ensemble frameworks for 
crop-related prediction, including rice, with models such 
as Random Forest, Gradient Boosting, and deep learning 
being evaluated using quantitative performance measures 
(Mohammad et al., 2026). 

Additionally, it has been mentioned that these traits are 
classified using CNN (Ahmed et al. 2020) [8] and other 
machine learning approaches. In a study reported in the 
literature, Sun et al. employed the SVM technique and 
achieved 98.5% classification success using a two-class 
dataset of 1700 rice data points. 200 data points from 16 
classes were examined in a different study by Liu et al. 

[5], and the SVM method produced an accuracy of 
87.16%. Lin et al. suggested the deep CNN technique on 
a sample consisting of three classes and 7399 data points. 
The success rate of the paper was 95.5%. 

This project's objective is to use photos of several rice 
kinds to create a non-destructive model that improves 
categorization accuracy. In the suggested models, 
categorization was done using 106 morphological and 
color features that were taken from rice photos and fed 
into ANN and DNN. Additionally, the classification 
process was conducted using 75,000 rice photographs 
from 5 different classes as input for the CNN technique, 
which can categorize raw photos without the need for 
pre-processing. The results of CNN, DNN, and ANN 
categorization were then compared [1]. 

Proposed System 
The foundation for categorizing the various varieties of 
rice is shown in Figure 1. There are four stages in this 
proposed concept. First, 170 attributes were collected 
from various data sources.The collected datasets need to 
be processed before being added to the operational 
model. The normalization procedure was used to 
organize, enhance, and simplify the dataset's scattered 
data. It is believed that normalization affects how well 
tasks involving classification and prediction perform 
[12–13]. Deep learning methods can also make use of 
this process [14]. 

In computer vision applications for product 
classification, normalization is also commonly used on 
photographs [18].Machine learning algorithms employ 
normalization to lessen the impact of disparate attribute 
ranges across records. The min-max normalization 
approach was used to scale the dataset values in this 
study from 0 to 1, with 0 being the minimum and 1 
representing the maximum. 

 
Figure 1. Proposed framework 
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Since there were no negative attribute values in the dataset, the Z-score approach was not used. The following describes the 
normalization process calculation method: 

𝑦 =
𝑥 − 𝑥!"#

𝑥!$% − 𝑥!"#
																																														(1) 

Here, x stands for the original data, y for the normalized 
data, xmax for the dataset's highest value, and xmin for 
its lowest value. In this study, parameters such as area, 
perimeter, major axis length, minor axis length, and 
convex area underwent normalization. However, as the 

eccentricity and extent attributes' values were already 
inside the 0–1 range in the raw data, no normalization 
was done. Table 1 contains a selection of records from 
the raw dataset. 

Table 1 Raw dataset of rice shown at random 
Area Perimet

er 
Major_A

xis 
Minor_Ax

is 
Eccentrici

ty 
Eqdias

q 
Solidit

y 
Conv
ex_A
rea 

Exte
nt 

Compactn
ess 

Class 

7805 437.915 209.8215 48.0221 0.9735 99.687
7 

0.9775 7985 0.354
7 

0.4751 Basmati 

7503 340.757 138.3361 69.8417 0.8632 97.74 0.966 7767 0.663
7 

0.7065 Arborio 

5124 314.617 141.9803 46.5784 0.9447 80.771
8 

0.9721 5271 0.476 0.5689 Jasmine 

7990 437.085 201.4386 51.2245 0.9671 100.86
22 

0.9659 8272 0.627
4 

0.5007 Basmati 

7433 342.893 140.335 68.3927 0.8732 97.283 0.9831 7561 0.600
6 

0.6932 Arborio 

1164
8 

445.527 178.4659 84.9327 0.8795 121.78
13 

0.9599 12135 0.566 0.6824 Ipsala 

7621 450.325 219.0981 45.2301 0.9785 98.505
6 

0.9718 7842 0.339
8 

0.4496 Basmati 

8582 367.338 146.6128 75.5406 0.857 104.53
2 

0.974 8811 0.642
3 

0.713 Arborio 

5450 320.362 139.9963 50.691 0.9321 83.301
6 

0.9626 5662 0.550
2 

0.595 Jasmine 

6781 307.023 116.2443 74.8093 0.7654 92.918
4 

0.9819 6906 0.720
8 

0.7993 Karacad
ag 

9656 451.287 206.7047 60.2333 0.9566 110.88
01 

0.9748 9906 0.569
2 

0.5364 Jasmine 

8460 362.862 149.4804 72.9154 0.873 103.78
64 

0.9822 8613 0.767
3 

0.6943 Arborio 

7090 401.778 190.9745 47.8482 0.9681 95.011
9 

0.9789 7243 0.403
9 

0.4975 Basmati 

6208 300.124 113.9325 70.6069 0.7848 88.906 0.9658 6428 0.763 0.7803 Karacad
ag 

A preview of the raw dataset is given in Table 1, which 
highlights its complexity and diversity. Principal 
Component Analysis (PCA) can be used in the feature 
reduction stage, which uses the pre-processed dataset as 
input. Multiple connected quantitative factors 
characterize each observation in multivariate data, which 
can be analyzed using the PCA approach. Extracting 
important information from the dataset and presenting it 
as a collection of new, uncorrelated variables known as 
principal components is the main objective of PCA. 
These elements reduce the complexity of the data. 
Furthermore, by charting data and variables to highlight 
similarities or differences, PCA [13] makes it possible to 
visualize patterns and correlations among them. 

Finding the most important principal components in 
Principal Component Analysis (PCA) is made possible 
by a new technique that combines PCA with the Wilks' 
Λ-statistic. This method uses the Wilks' Λ-statistic to 
increase the categorization accuracy of different kinds of 
rough rice. The following summarizes the mathematical 
underpinnings of this approach, which were put forth by 
Yin [14] and Zhou [15–16]: Let m be the number of 
selected principal components, D be the sum of squares 
and deviations matrix inside a class, and A be the sum of 
squares and deviations matrix for all classes. The 
following are the formulas for D and A: 
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Ng is the sample size for the gth class (where 
N1=N2=N3=N4=N5=20), uig is the average of the ith 
principal component (PC) for the gth class, and ui is the 
average of the ith PC across all classes. In this case, c is 
the number of classes (c=5), which correspond to five 

different types of rough rice. A smaller value of ∣D∣ and a 
bigger value of ∣A∣ suggest a greater differentiation 
between the classes, which aids in classifying them, in 
accordance with the Wilks' distribution principle. The 
definition of the Wilks' Lambda-statistic, Λ, is: 

Λ =
|𝐷|
|𝐴| 																																																																																											(6) 

The pertinent characteristics are then fed into the 
ensemble-based categorization when feature reduction is 
complete. Using a single classifier can raise the danger of 
overfitting in classification tasks involving huge datasets. 
It has been discovered that integrating several classifiers 
into an ensemble performs better than depending just on 
one "best" model in order to solve this problem. 
However, choosing the best classifier models for a given 
dataset and job remains a substantial difficulty due to the 
abundance of accessible models. 

The two phases of the ensemble model are classifier 
combination and classifier selection. KNN, MLP, 

Decision Tree, and Random Forest were used in the 
classifier selection step, and their outputs were blended 
using weighted voting to improve the outcomes. The 
results of the experiment show how well the suggested 
ensemble approach for rice variety data classification 
works. With an accuracy of 88.52%, the ensemble 
classifier [20] outperformed the individual classifiers. 
This demonstrates that a more accurate and dependable 
model is produced by combining the predictions from 
several algorithms. Additionally, the study offers 
insightful information for categorizing medical data, 
especially for aiding medical practitioners in the 
diagnosis of heart conditions. 

 
Figure2. Ensemble based classification 

Early and accurate identification of at-risk patients can be 
facilitated by the ensemble classifier, allowing for 
prompt intervention and the creation of individualized 
treatment regimens. Our study concludes by 
demonstrating the potential of ensemble machine 
learning methods for cardiac patient data classification. 
Compared to individual classifiers, the ensemble 

approach—which consists of KNN, MLP, Decision Tree, 
and Random Forest—performs better, producing a 
classification model that is more reliable and accurate. 

A technique called weighted voting gives classifiers that 
do well more sway over the voting process. This method 
can outperform both the majority voting method and the 
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top individual classifier when the weights are assigned 
correctly. Finding the ideal weights is the main obstacle. 
Thus, precisely identifying these optimal weights is the 
main challenge [15]. Six popular methods for weighted 
voting are described here. 

N stands for the total number of data points, K for the 
number of categories, M for the total number of 
classifiers, wm for each classifier's weight, em for each 
classifier's errors, eB and eW for minimum and 
maximum errors, am for each classifier's accuracy, and 
am for each classifier's performance in a classification 
problem. These variables have the following 
relationships: 

Accuracy (am) = (N - em) / N  (7) 
    

Performance (am) is dependent on weight, accuracy, and 
Errors and best/worst-case situations determine weight 
(wm). By minimizing errors, increasing accuracy, and 
optimizing weight assignment, the objective is to 
maximize classification performance and accuracy. 
Machine learning algorithms including ensemble 
methods, hyperparameter tuning, and classifier selection 
can be used to do this. 

Weighted majority vote (WMV), best-worst weighted 
vote (BWWV), quadratic best-worst weighted vote 
(QBWWV), simple weighted vote (SWV), re-scaled 
weighted vote (RSWV), and Zheng and Padmanabhan's 

weighted vote [17]. Weighted Majority Voting (WMV) 
combines optimized weights with classifier predictions to 
improve ensemble learning. This increases accuracy 
overall. Weight optimization is crucial and can be 
accomplished by cross-validation, gradient descent, and 
metaheuristic algorithms (such as EFDM and HHO). 

WMV is a well-liked machine learning technique that 
improves performance over individual classifiers by fine-
tuning weights. In this case, weighted voting is done 
using the weighted majority vote (WMV). Optimization 
of weight assignments improves integration accuracy: 

𝑤& = 𝑙𝑜𝑔 '!
()'!

    (8) 
   

Training and test sets of the dataset are separated. After 
testing and training, each base classifier produces a 
confusion matrix that evaluates its effectiveness. Each 
classifier's aggressive cross-efficiency ratings are 
determined using these matrices. The final classification 
results are then determined by using these scores in a 
weighted voting method, where predictions are weighted 
based on their respective cross-efficiency values. 

RESULTS AND DISCUSSIONS 
This study makes use of a variety of datasets from well-
known data science communities and platforms such as 
Kaggle. The 170 features in the collected information are 
used to categorize various types of rice. 

Table 2 Normalized values from a dataset of rice shown at random 
Area Perimeter Major_Axis Minor_Axis Eccentricity Eqdiasq Solidity Convex_Area Extent Compactness Class 

12488 458.579 191.061 84.4833 0.8969 126.0961 0.9746 12813 0.5513 0.66 Ipsala 

7142 425.854 203.722 45.581 0.9746 95.3597 0.97 7363 0.5552 0.4681 Basmati 

6524 366.419 168.0679 50.4087 0.954 91.1406 0.9705 6722 0.4953 0.5423 Basmati 

5184 312.273 139.8793 48.0543 0.9391 81.2433 0.9752 5316 0.5906 0.5808 Jasmine 

5759 285.836 110.6204 67.2578 0.7939 85.6305 0.9799 5877 0.6962 0.7741 Karacadag 

12843 466.299 197.1622 83.9702 0.9048 127.8758 0.9755 13166 0.6398 0.6486 Ipsala 

5789 287.704 111.4038 67.2571 0.7972 85.8533 0.9772 5924 0.6897 0.7706 Karacadag 

8894 372.939 149.1019 76.9656 0.8565 106.4152 0.9627 9239 0.6285 0.7137 Arborio 

6876 303.202 115.4528 76.1591 0.7516 93.5671 0.9855 6977 0.7487 0.8104 Karacadag 

8055 432.913 203.8687 51.3218 0.9678 101.2716 0.974 8270 0.3728 0.4967 Basmati 

10015 438.394 194.2564 66.9318 0.9388 112.9225 0.9773 10248 0.4766 0.5813 Jasmine 

7248 323.896 127.5157 73.3569 0.818 96.0648 0.9852 7357 0.6639 0.7534 Karacadag 

6049 338.084 149.7718 52.332 0.937 87.76 0.9688 6244 0.7143 0.586 Jasmine 

7552 339.933 137.3724 70.8414 0.8568 98.0587 0.9722 7768 0.6246 0.7138 Arborio 

15532 506.083 207.2012 97.0122 0.8836 140.627 0.9692 16026 0.5726 0.6787 Ipsala 

6571 305.263 120.506 69.8124 0.8151 91.4683 0.9856 6667 0.6836 0.759 Karacadag 

5198 325.531 145.7141 46.7827 0.9471 81.3529 0.9653 5385 0.5172 0.5583 Jasmine 

7036 314.879 117.2446 77.6209 0.7495 94.6494 0.9742 7222 0.758 0.8073 Karacadag 

5276 317.64 142.4069 47.9502 0.9416 81.961 0.9697 5441 0.6407 0.5755 Jasmine 

8485 360.317 145.7381 74.544 0.8593 103.9396 0.977 8685 0.6559 0.7132 Arborio 

6245 291.946 109.9091 72.9431 0.748 89.1705 0.9818 6361 0.7343 0.8113 Karacadag 
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5726 273.63 102.7642 71.2113 0.721 85.3848 0.9912 5777 0.735 0.8309 Karacadag 

14446 488.048 203.3706 91.7769 0.8924 135.6216 0.9761 14800 0.6465 0.6669 Ipsala 

The pre-processed dataset is randomly displayed in Table 
2. At first Gather and prepare the rice dataset, which may 
contain a variety of characteristics such as grain width, 
length, texture, color, and others. There may be a strong 
correlation between these qualities. Standardizing the 
data is crucial because PCA is sensitive to the feature 
scales. In this stage, the data is centered by scaling it to 
unit variance and removing the mean. Determine the 

dataset's covariance matrix. The links between the 
various traits and their collective variation are captured in 
this matrix. This study utilizes various datasets sourced 
from platforms like Kaggle, a renowned data science 
community. The compiled dataset comprises 170 
features, which are employed to classify different rice 
varieties. 

 
Figure.2 Covariance Matrix 

The Covariance Matrix, which shows the covariance 
between every pair of variables in the multivariate data, 
is shown in Figure 2. This matrix provides information 
on how data points are dispersed throughout two 
dimensions by displaying the size and direction of the 
data distribution in a multidimensional space. Determine 
the covariance matrix's eigenvalues and eigenvectors. 

While the eigen values display the level of variation 
along each eigen vector, the eigenvectors indicate the 
direction of maximal variance. Choose the top 
eigenvectors that correspond to the biggest eigenvalues 
after sorting the eigenvalues in descending order. The 
major components that explain the greatest amount of the 
data's variance are formed by these eigenvectors. 
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Figure.3 PCA based feature reduction 

The PCA-based feature reduction is displayed in Figure 
3. In a rice dataset, feature reduction based on Principal 
Component Analysis (PCA) entails breaking down the 
initial set of features (variables) into a more manageable 
set of uncorrelated characteristics known as principal 
components. These elements reduce dimensionality while 
capturing the majority of the data's variation. When the 
objective is to distinguish between various rice types or 
attributes, this method works especially well for datasets 
with a lot of features, as those pertaining to rice 
categorization. 

For classification jobs, use the smaller dataset (which has 
fewer dimensions). By eliminating noise and unnecessary 
information, the PCA-reduced data can increase the 
effectiveness and precision of machine learning models. 
By streamlining the data without sacrificing important 
information, PCA-based feature reduction in rice datasets 
might enhance classifier performance by facilitating 
faster model training and better generalization. 

Three important metrics—recall, precision, and 
accuracy—are defined by equations (9)–(11) and are 
used to assess how well the suggested human 
classification system works. 

      (9) 

      (10) 

 (11) 

 

!"#$%&'#(#F%*"#+,-#./'!*!
"#+,-#./'!*!0%&&

+
=!"

!"#$%&'#(F'!*"#+,-#(F'!*!
"#+,-#(F'!*!#.!'!F/

+
=!"

!"#A%"&"'(F**!"+(,-"&"'(F*!"+(,-"./-*F!"#A%"./-*F*
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+
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Table 3 Performance measures of various rice classification algorithms 

Dataset 
Proposed Work Existing Work 1 Existing Work 2 

Recall Precision Accuracy Recall Precision Accuracy Recall Precision Accuracy 
T1 99.8 99.25 99.02 98.05 98.30 98.85 96.26 96.37 96.05 
T2 99.22 99.13 99.90 98.13 98.05 98.47 96.77 96.62 96.53 
T3 99.75 99.17 99.97 98.72 98.77 98.04 96.11 96.45 96.47 
T4 99.82 99.02 99.91 98.51 98.84 98.42 96.16 96.53 96.77 
T5 99.93 99.67 99.99 98.81 98.33 98.59 96.45 96.71 96.16 
T6 99.01 99.20 99.98 98.89 98.15 98.51 96.57 96.65 96.15 
T7 99.84 99.39 99.94 99.01 98.29 98.42 96.47 96.27 96.87 
T8 99.87 99.66 99.92 98.24 98.44 98.05 96 96.44 96.37 
T9 99.22 99.53 99.95 98.15 98.26 98.06 96.74 96.56 96.45 
T10 99.33 99.79 99.97 98.04 98.63 98.65 96.66 96.13 96.11 
T11 99.66 99.17 99.95 98.41 98.06 98.37 96 96.47 96.15 
T12 99.8 99.03 99.93 98.07 98.89 98.2 96.26 96.23 96.24 
T13 99.78 99.19 99.95 98.94 98.05 98.57 96.42 96.51 96.06 
T14 99.89 99.11 99.92 98.8 98.99 98.15 96.26 96.69 96.45 
T15 99.6 99.04 99.96 98.44 98.9 98.51 96.67 96.52 96.51 
T16 99.14 99.71 99.93 98.05 98.62 98.16 96.56 96.14 96.37 
T17 99.52 99.2 99.94 98.47 98.14 98.31 96.22 96.81 96.64 
T18 99.76 99.41 99.97 98.03 98.35 98.99 96.15 96.66 96.37 
T19 99.06 99.65 99.97 98.06 98.47 98.4 96.24 96.87 96.67 
T20 99.91 99.72 99.92 98.87 98.47 98.77 96.17 96.71 96.91 

Overall 99.60 99.35 99.90 98.43 98.45 98.42 96.36 96.52 96.42 

With average recall, precision, and accuracy rates of 99.60%, 99.35%, and 99.90%, respectively, across 20 different 
datasets, the suggested rice categorization system performs exceptionally well (Table 3). 

 
Figure. 4 Evaluation metrics for rice classification algorithms 

Table 3 compares various rice categorization algorithms, and Figure 4 shows the techniques' performance characteristics. 
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Figure. 5 shows the misclassification error 

The misclassification error for the suggested rice 
classification methods is displayed in  Figure 5. This 
approach is more effective because it makes use of 
feature-based classification. Important performance 
indicators consist of Robust class identification across 
five different classes is ensured by the F1 score, which is 
a balanced assessment of false positives and false 
negatives, recall, precision, and the capacity to detect all 
positive cases. 

CONCLUSION 
To categorize the various types of rice grains, this study 
recommends using ensemble-based learning and PCA 
with Wilks' Λ-statistic technique. The created ensemble 
based learning approach yields a lower false rate and 
better accuracy compared to other current algorithms. 
According to the results, the accuracy average across 20 
datasets is 99.90%. 
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