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Abstract:

This research explored the efficacy of machine learning techniques, specifically the Bagging meta-estimator, in the
classification of rice grain images. Utilizing a dataset composed of 45,000 images of Arborio, Basmati, and Jasmine rice
varieties, a 5-fold cross-validation was employed to evaluate the model's performance. The results were highly promising,
with the model consistently achieving over 96% in accuracy, precision, recall, and F1-score across all folds, indicating its
robustness and reliability. The study confirmed that ensemble learning techniques could significantly improve the
classification accuracy over single classifier systems in agricultural applications. The findings offer a significant
contribution to automated agricultural processes, suggesting that machine learning can greatly enhance the efficiency and
precision of rice variety classification. These results pave the way for further research into the integration of such models
into agricultural quality control and provide a foundation for the exploration of advanced image processing and deep
learning techniques for improved performance. Future research directions include expanding the model to encompass a
wider variety of crops and integrating additional data modalities to refine classification accuracy further. Practical
applications should explore the incorporation of this technology into existing agricultural systems to maximize the benefits
of automation in quality control.

Keywords: Machine Learning, Rice Grain Classification, Bagging Meta-Estimator, Ensemble Learning, Image Processing,
Quality Control.
Dataset link: https://www.kaggle.com/datasets/muratkokludataset/rice-image-dataset

1. Introduction

In the ever-evolving field of agriculture, the classification of rice varieties holds paramount importance due to the
staple grain's extensive cultivation and consumption worldwide. Rice, characterized by its myriad genetic varieties,
presents unique features such as texture, shape, and colour, distinguishing one type from another. These variations not
only reflect the grain's genetic makeup but also its nutritional value, cooking properties, and suitability for different
culinary traditions. In countries like Turkey, where agriculture plays a critical role in the economy, the ability to
accurately classify rice varieties such as Arborio, Basmati, and Jasmine becomes essential. This classification not only
aids in maintaining the quality and standards of the produce but also supports the agricultural economy by ensuring
the right product reaches the right market.

However, the traditional methods of rice grain classification are predominantly manual, relying heavily on human
expertise and visual inspection. Such approaches are time-consuming, labour-intensive, and prone to human error,
highlighting a significant problem in agricultural practices. The need for automation in the classification process is
evident, as it promises to enhance accuracy, efficiency, and scalability [1]-[3]. Despite the advent of technology in
various sectors, agriculture, especially in developing countries, has yet to fully harness the potential of automated
systems for crop classification and quality control. This gap underscores the urgent need for innovative solutions that
can revolutionize how agricultural products, specifically rice grains, are classified.
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This research aims to address the aforementioned challenges by developing an automated classification model that
leverages machine learning techniques to accurately identify different varieties of rice grains. Utilizing a dataset
comprising 45,000 images of Arborio, Basmati, and Jasmine rice varieties, this study explores the application of image
pre-processing methods and ensemble learning algorithms to distinguish between these varieties based on their
inherent features. The primary objective is to enhance the precision, efficiency, and reliability of rice grain
classification, thereby contributing to the broader field of agricultural automation.

The investigation revolves around several research questions: Can machine learning algorithms, when applied to
pre-processed rice grain images, accurately classify different rice varieties? How do ensemble learning methods,
specifically the Bagging meta-estimator [1]-[3], perform in comparison to traditional classification techniques in
terms of accuracy, precision, recall, and F-measure [4]-[6]. These questions guide the study towards evaluating the
effectiveness of applying advanced computational methods to agricultural challenges.

The scope of this research is intentionally focused on three rice varieties commonly grown in Turkey, utilizing a
substantial dataset to ensure the robustness and reliability of the findings. While the study demonstrates the potential
of machine learning in agricultural classification, it acknowledges limitations such as the concentration on a select
number of rice varieties and the reliance on image-based data, which may not capture the full spectrum of varietal
differences. These constraints highlight areas for future exploration and improvement.

The contributions of this research are manifold. By demonstrating the feasibility and effectiveness of using a
Bagging meta-estimator for the classification of rice grains, the study not only adds to the body of knowledge in
agricultural automation but also provides a scalable model that can be adapted for other crops. The findings offer
practical implications for farmers, agronomists, and the agricultural supply chain, suggesting a move towards more
technologically driven practices that can ensure food quality, safety, and sustainability. In doing so, this research
marks a significant step forward in the application of computer science techniques to solve real-world problems in
agriculture, setting the stage for further innovations in the field.

2. Method:

This study adopts a quantitative research design, focusing on the classification of rice grain images through the
application of machine learning algorithms [7], [8]. The design is experimental, aiming to evaluate the effectiveness
of ensemble learning methods, specifically the Bagging meta-estimator, in distinguishing between different rice
varieties based on their image features. The research incorporates image pre-processing, feature extraction, and the
application of a machine learning model to achieve its objectives. Our research is designed in five well-structured
main stages, and their aspects are illustrated in Figure 1.

Figure 1. General Research Design Stages

Data Collection Process
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The dataset comprises 45,000 images of rice grains, with each image representing one of three rice varieties:
Arborio, Basmati, and Jasmine. These varieties were selected due to their significance in agricultural production and
consumption. The images were evenly distributed among the varieties, ensuring a balanced dataset with 15,000 images
for each type. This balance is crucial for preventing model bias towards any particular variety. Splitting dataset is
presented in Figure 2

training testing

count
count

Figure 2. Splitting Dataset 10 % testing, 90% training

Tools and Technology Used
The study utilized various tools and technologies throughout the research process:

e Python: The primary programming language used for implementing the preprocessing and machine
learning algorithms.

e OpenCV and scikit-image: Libraries in Python for image processing, used during the Otsu Thresholding
and feature extraction phases.

e scikit-learn: A machine learning library in Python employed for implementing the Bagging meta-
estimator and evaluating the model's performance.

e Hu Moments Formula: For feature extraction, the Hu Moments were calculated using the formula [9]-
[11]:
H; = Z xPyP)f (x,¥) (1)
x,y
Where p + q gives the moment order, and f(x, y) is the pixel intensity at (x,y).
Data Collection Process

The rice grain images were collected from publicly available datasets and agricultural research institutions,
ensuring a wide variety of samples. Each image underwent a standardized pre-processing routine to ensure consistency
and reliability in the feature extraction process.

Data Analysis Methods

a. Image Pre-processing: This step involved segmenting the rice grains from the background using Otsu
Thresholding, which automatically determines the optimal threshold value for binary segmentation [12]-[14]:

a5 (8) = wo(Dw; (O [pe () — s (O] @

Where oZ(t) is the between-class variance, and wg, w4, po and p, are the class probabilities and means,
respectivey. In Figure 3, 4 and 5 the results of image segmentation using Otsu thresholding features on the
dataset are shown.
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Figure 3. Otsu Thresholding Detection Results for Arborio Class
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Figure 4. Otsu Thresholding Detection Results for Basmati Class
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Figure 5. Otsu Thresholding Detection Results for Arborio Class

b. Feature Extraction: Utilizing Hu Moments, seven invariant moments were calculated for each image, providing
a basis for classification that is resistant to image transformations [15]-[19].
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Figure 6. Heatmap results extraction

Figure 6 showcases a heatmap representing the correlation matrix between the features extracted from the
rice grain images and the target classes. Each square in the heatmap corresponds to the correlation coefficient
between two variables, with the colour intensity indicating the strength and direction of the correlation—darker
colours represent stronger positive or negative correlations. Such visualizations are crucial for understanding the
relationships between different features and how they may collectively influence the classification outcome. It
provides insights into which features have the most significant impact on the model’s predictions and might also
reveal any potential multicollinearity between independent variables.

Classification with Bagging Meta-Estimator: The Bagging meta-estimator, using Super Vector Machine as the
base estimator, was applied [20]-[22]. This ensemble method works by creating multiple versions of a training
dataset with random replacements, training a base estimator on each, and aggregating their predictions [1]-[3],
[23]:

1 B
Voagging () =5 ) 1) Q)

Where B is the number of base estimators, and Y, (x) is the prediction of the h®" base estimator.

Evaluation through Cross-Validation: A 5-fold cross-validation was conducted to assess the model's
performance, ensuring its generalizability across different data subsets [24]-[27]. The model's accuracy,
precision, recall, and F-measure were computed to provide a comprehensive evaluation of its classification
efficacy. The performance metrics are calculated as follows [28]-[33]:

(TP + TN)
(TP + TN + FP + FN)

Accuracy =

poricision — TP
ericision = (TP n FP)
@
TP

Recall = m

2(presisi X recall)
(presisi + recall)

F — measure =
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Where TP, TN, FP and FN represent the numbers of true positives, true negatives, false positives, and false negatives,

respectively.
This methodological approach, combining rigorous pre-processing, advanced feature extraction, and ensemble

learning techniques, underpins the research's objective to develop an automated, efficient, and reliable system for
classifying rice grain varieties.
3. Results and Discussion

Results
he implementation of the Bagging meta-estimator, combined with a 5-fold cross-validation approach, yielded

remarkable results in the classification of rice grain varieties. The accuracy, precision, recall, and F1-score metrics
across all folds consistently exceeded 96%, underscoring the model's robustness and reliability. Specifically, the model
achieved an average accuracy and recall of 96.74%, with precision slightly higher at 96.76% and the F1-score
mirroring the model's accuracy and recall. These results are encapsulated in the following performance Table 1, which
provides a detailed view of the model's effectiveness across each fold of the cross-validation process:

Table 1. Performance Metrics Across 5-Fold Cross-Validation for the Bagging-meta Estimator

Metric  Foldl Fold2  Fold3  Fold4  Fold5 Z Avg
Accuracy  96.44%  97.08%  96.59%  96.87%  96.78%  96.74%
Precision  96.47%  97.05%  96.50%  96.90%  96.79%  96.76%

Recall  96.44% 97.04% 96.50%  96.87%  96.78%  96.74%

Fl-Score  96.44% 97.04%  9659%  96.87%  96.78%  96.74%

These metrics reflect not only the model's capacity to correctly identify the rice grain varieties but also its balanced
performance in minimizing both false positives and false negatives. This balanced accuracy is further illustrated by
the consistency in the F1-score, which provides a harmonic mean of precision and recall, ensuring that the model's
performance is not skewed towards one aspect of the classification task over another.
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Figure 7. Visualisation Performance Metrics Across 5-Fold Cross-Validation for the Bagging meta-estimator.

Visualized in Figure 7 accompanying graph provides a visual comparison of the performance metrics obtained
from the 5-fold cross-validation utilizing the Bagging meta-estimator. Each line represents a different metric—
accuracy, precision, recall, and F1-score—illustrating the model's performance trends across the five distinct
validation sets. This graphical representation allows for a quick assessment of the consistency and variability of the
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model's classification prowess on the dataset comprising images of rice grain varieties. The close alignment of the
different performance lines also indicates a balanced classification ability of the model across all considered metrics.

Discussion

The findings from this study indicate that ensemble learning methods, particularly the Bagging meta-estimator,
hold significant promise in the field of agricultural product classification. The consistent high performance across all
metrics suggests that this approach effectively captures the inherent variability and subtle distinctions between
different rice grain varieties. This achievement aligns with previous research advocating for the use of ensemble
methods to improve model robustness and accuracy in classification tasks. The relationship between the research
results and existing theory is evident, as ensemble methods like Bagging have been theorized to reduce variance and
avoid overfitting, thereby enhancing model performance on unseen data. The results of this study corroborate these
theoretical advantages, demonstrating the practical application and effectiveness of Bagging in a real-world context.

The practical implications of these findings are substantial for the agricultural sector. By automating the
classification of rice grains with high accuracy and reliability, this model can significantly streamline quality control
processes, enhance the efficiency of seed sorting operations, and ultimately support the economic viability of rice
production. This automation not only reduces the reliance on labour-intensive manual inspections but also minimizes
the potential for human error, ensuring that agricultural products meet consistent quality standards. However, the
research is not without its limitations. The focus on three specific rice varieties, while demonstrating the model's
capabilities, also restricts the generalizability of the findings to other crops or rice varieties not included in the study.
Additionally, the reliance on image-based data, though effective, may overlook other relevant factors that could
influence rice grain classification, such as genetic markers or chemical composition.

Given these considerations, further research is recommended to explore the application of Bagging and other
ensemble methods to a broader range of agricultural products. Future studies could also investigate the integration of
multimodal data, combining image-based features with other descriptive data to further enhance classification
accuracy. Additionally, exploring the impact of advanced image processing techniques and deep learning models on
the classification task could provide new insights and improvements over the current methodology.

In conclusion, this study demonstrates the effectiveness of the Bagging meta-estimator in classifying rice grain
varieties, offering valuable contributions to the field of agricultural automation and machine learning. The findings
not only highlight the potential for practical applications but also open avenues for further research into improving
and expanding automated classification systems within the agricultural sector.

4. Conclusion
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Figure 8. Confusion Matrix

Figure 8 depicted above graphically summarizes the performance of the Bagging meta-estimator on the
classification of rice grain varieties. Each cell within the matrix indicates the number of observations from the actual
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classes (true label) that were predicted to be in a certain class (predicted label), allowing for an intuitive understanding
of where the model excels and where it may have made errors. The diagonal cells, representing accurate predictions,
are markedly higher than the off-diagonal cells, which reflect misclassifications, thereby visually reinforcing the
model's high classification accuracy as indicated by the numerical metrics previously discussed.

In summary, the application of the Bagging meta-estimator using a 5-fold cross-validation approach yielded a
high-performing classification model for differentiating rice grain varieties. The accuracy, precision, recall, and F1-
scores consistently exceeded 96%, indicating a strong model capability. This study successfully answered the primary
research question, confirming that machine learning algorithms, specifically ensemble methods, can indeed accurately
classify rice grain varieties based on image analysis. The significant findings demonstrated the potential of the Bagging
meta-estimator to reduce variance and enhance predictive accuracy, validating the hypothesis that ensemble methods
can outperform individual classifiers in complex tasks such as agricultural classification.

The research has contributed a scalable model for the classification of rice grains, which has implications for
automating quality control processes within the agricultural sector. The high degree of accuracy achieved by the model
underscores its potential for practical deployment in real-world scenarios, aiding in the efficient and precise
classification of rice varieties. For future research, it is recommended to extend the model's application to a broader
range of crop varieties and to integrate multimodal data sources to further enhance classification accuracy.
Additionally, the exploration of deep learning techniques could yield further improvements and offer insights into
more complex feature relationships that ensemble methods like Bagging may not fully capture. Practical applications
should consider the integration of this model within agricultural technology solutions to realize improvements in seed
sorting and quality control operations.
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