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Abstract: 

This study explores the application of a voting classifier, integrating Decision Tree, Logistic Regression, and Gaussian 

Naive Bayes models, for the multiclass classification of dry bean varieties. Utilizing a dataset comprising 13,611 images 

of dry bean grains, captured through a high-resolution computer vision system, we extracted 16 features to train and test 

the classifier. Through a rigorous 5-fold cross-validation process, we assessed the model's performance, focusing on 
accuracy, precision, recall, and F1-score metrics. The results demonstrated significant variability in the classifier's 

performance across different data subsets, with accuracy rates fluctuating between 31.23% and 96.73%. This variability 

highlights the classifier's potential under specific conditions while also indicating areas for improvement. The research 

contributes to the agricultural informatics field by showcasing the effectiveness and challenges of using ensemble learning 
methods for crop variety classification, a crucial task for enhancing agricultural productivity and food security. 

Recommendations for future research include exploring additional features to improve model generalization, extending the 

dataset for broader applicability, and comparing the voting classifier's performance with other ensemble methods or 

advanced machine learning models. This study underscores the importance of machine learning in advancing agricultural 

classification tasks, paving the way for more efficient and accurate crop sorting and grading processes. 

Keywords: Voting Classifier, Dry Bean Classification, Machine Learning, Agricultural Informatics, Ensemble Learning. 

Dataset link: https://www.kaggle.com/datasets/nimapourmoradi/dry-bean-dataset-classification 

 

1. Introduction 

In the realm of agricultural technology and food security, the classification of crop varieties plays a pivotal role in 

supporting the efficiency of production and distribution systems. Among various crops, dry beans stand out due to 

their nutritional value and significance in the global food supply chain. The distinct varieties of dry beans, each with 

unique characteristics and applications, necessitate accurate and efficient classification methods. Traditionally, this 

process has relied heavily on manual inspection and basic mechanical sorting techniques, which are not only labor-

intensive but also prone to errors. The advent of computer vision and machine learning technologies has opened new 

avenues for addressing these challenges, offering the potential for automated, high-precision classification systems. 

However, the classification of dry bean varieties using computer vision presents its own set of challenges. The 

subtle differences in shape, size, and colour among the varieties require sophisticated feature extraction and 

classification techniques to achieve high accuracy [1], [2]. Moreover, the effectiveness of machine learning models in 

such applications is heavily dependent on the selection of appropriate algorithms and the integration of their 

predictions [3]. This research seeks to solve the problem of accurately classifying seven different registered varieties 

of dry beans by employing a voting classifier [4] that combines the strengths of Decision Tree [5], Logistic Regression 

[6], and Gaussian Naive Bayes classifiers [7]. 
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The primary objective of this study is to evaluate the performance of the voting classifier in the multiclass 

classification of dry bean varieties, focusing on metrics such as accuracy, precision, recall, and F-measure [8]–[10]. 

We aim to investigate whether the synergistic combination of different machine learning algorithms can outperform 

individual classifiers in this context. This leads to the research question of how effective a voting classifier is in 

distinguishing among multiple dry bean varieties based on a comprehensive set of features extracted through a 

computer vision system. 

The scope of this research is limited to the analysis of image data from 13,611 grains of seven different dry bean 

varieties, with the classification model being trained and tested on this dataset. While the findings of this study have 

the potential to significantly advance the field of agricultural technology, it is important to acknowledge the limitations 

inherent in working with a fixed dataset and the specific choice of classifiers. 

This research contributes to the body of knowledge in agricultural informatics by demonstrating the application of 

a voting classifier for the multiclass classification of crop varieties, specifically dry beans. It not only provides insights 

into the effectiveness of combining multiple machine learning algorithms for classification tasks but also lays the 

groundwork for future studies to explore the integration of more advanced algorithms and the application of similar 

methodologies to other crops. Through this study, we aim to enhance the technological capabilities in the agricultural 

sector, promoting greater efficiency and accuracy in the classification of crop varieties, thereby supporting food 

security and sustainability efforts worldwide. 

2. Method: 

The study adopts an experimental research design, focusing on the application of machine learning algorithms for 

the classification of dry bean varieties. The core of the research involves the development and evaluation of a voting 

classifier that integrates the predictions of Decision Tree [11], [12], Logistic Regression [13], and Gaussian Naive 

Bayes [14] classifiers. The effectiveness of this ensemble method is assessed through cross-validation and 

performance metrics such as accuracy, precision, recall, and F-measure [15]. Our research is designed in five well-

structured main stages, and their aspects are illustrated in Figure 1. 

  
 

Figure 1. General Research Design Stages 
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Data Collection Process:  

The dataset consists of 13,611 images of dry bean grains, representing seven different registered varieties. These 

images were captured using a high-resolution camera as part of a computer vision system designed for this purpose. 

Each image in the dataset is associated with 16 features, including 12 dimensions and 4 shape forms, extracted to 

facilitate the classification process. Splitting dataset can show in Figure 2. 

 
Figure 2. Splitting Dataset 20 % testing, 80% training 

 

Tools and Technology Used 

The research employs Python as the primary programming language, utilizing libraries such as NumPy for 

numerical computations, pandas for data manipulation, scikit-learn for machine learning algorithms, and Matplotlib 

for visualization. The computer vision tasks, including image segmentation and feature extraction, were performed 

using the OpenCV library. 

Data Collection Process 

The data collection process involved capturing images of dry bean grains using a high-resolution camera. 

Following image acquisition, the images were subjected to pre-processing steps including segmentation to isolate the 

beans from the background, and feature extraction to obtain measurable characteristics of each bean. The features 

extracted include geometric properties such as area, perimeter, major and minor axis lengths, aspect ratio, and others 

relevant to the classification of bean varieties. 

Data Analysis Methods 

Classification Algorithm: Voting Classifier 

The data analysis encompasses several key steps, starting with data pre-processing to prepare the dataset for 

machine learning algorithms. This includes encoding categorical variables and normalizing numerical features. The 

core of the analysis involves constructing a voting classifier that combines the outputs of Decision Tree [11], Logistic 

Regression [16], and Gaussian Naive Bayes [17] classifiers based on a majority voting scheme. The formula for 

calculating the majority vote 𝑉 for a given sample 𝑥 is given by [18], [19]. 

𝑉(𝑥) = 𝑚𝑜𝑑𝑒{𝐶1(𝑥), 𝐶2(𝑥), 𝐶3(𝑥)} (1) 

Where 𝐶1, 𝐶2, 𝐶3 represent the predictions made by Decision Tree, Logistic Regression, and Gaussian Naive Bayes 

classifiers, respectively, and mode refers to the most frequent prediction.  

 

K-fold Cross-validation:  
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5-fold cross-validation was employed to assess the model's performance, ensuring the reliability of the results. The 

dataset is divided into five subsets; in each iteration, four subsets are used for training, and the remaining one is used 

for testing [20]–[23]. The process is repeated five times, with each subset used exactly once as the test set. The 

performance metrics are averaged over the five folds [24]–[26]. The formula for calculating accuracy in each fold is. 

CV(𝐾) =
1

𝐾
∑ Error𝑖

𝐾

𝑖=1

 (2) 

 

Performance Comparison Analysis 

Post-validation, the model's performance was assessed using metrics such as accuracy, precision, recall, and F-

measure. Their respective formulae are [27]–[30]. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
(𝑇𝑃 + 𝑇𝑁)

(𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁)
 

 

𝑃𝑒𝑟𝑖𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑃)
 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑁)
 

 

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =  
2(𝑝𝑟𝑒𝑠𝑖𝑠𝑖 × 𝑟𝑒𝑐𝑎𝑙𝑙)

(𝑝𝑟𝑒𝑠𝑖𝑠𝑖 + 𝑟𝑒𝑐𝑎𝑙𝑙)
 

(3) 

Where 𝑇𝑃, 𝑇𝑁, 𝐹𝑃 and 𝐹𝑁 represent the numbers of true positives, true negatives, false positives, and false negatives, 

respectively. 

3. Results and Discussion 

Results 

The investigation into the efficacy of a voting classifier for the multiclass classification of dry bean varieties 

yielded insightful results. Across the 5-fold cross-validation process, the performance metrics—accuracy, precision, 

recall, and F1-score—varied significantly, indicating the classifier's varying levels of success in correctly identifying 

the seven different registered dry bean varieties. The highest accuracy observed was 96.73% in the third fold, 

showcasing the model's potential under optimal conditions. Conversely, the lowest accuracy recorded was 31.23% in 

the fifth fold, highlighting challenges in certain scenarios. Precision, recall, and F1-scores mirrored this variability, 

with their peak performances also in the third fold, signifying a balanced prediction capability that aligns precision 

and recall effectively. The detailed results are presented in Table 1 and visualized in Figure 3 for a clearer 

understanding and comparison of the metrics across different iterations. 

Table 1. Performance Metrics Across 5-Fold Cross-Validation for the Voting Classifier 

K-n 
Metrics 

Accuracy Precision Recall F-Measure 

K-1 34.67% 32.41% 34.63% 24.39% 

K-2 88.43% 89.56% 88.80% 88.98% 

K-3 96.73% 96.50% 96.51% 96.60% 

K-4 89.38% 90.30% 89.09% 90.26% 

K-5 31.23% 48.52% 31.19% 25.55% 

∑ 𝑨𝒗𝒈 68.09% 71.46% 68.04% 65.16% 
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Figure 3. Visualisation Performance Metrics Across 5-Fold Cross-Validation for the Voting Classifier 

The analysis of these metrics suggests that while the voting classifier has a strong foundational capability for 

classifying dry bean varieties, its performance is highly dependent on the specific data subset being evaluated. This 

variability is critical in understanding the classifier's application scope and areas requiring refinement. 

Discussion 

The results of this study reveal the complex nature of employing machine learning models for agricultural 

classification tasks. The significant variance in performance metrics across different folds suggests that the classifier's 

effectiveness is contingent upon the dataset's diversity and the distribution of features within. The peak performance 

in the third fold indicates that under certain conditions, the voting classifier can achieve high levels of accuracy and 

balance between precision and recall. However, the stark contrast in performance in other folds points to potential 

overfitting to specific features or underrepresentation of certain bean varieties in the training data. 

Comparing these findings with previous research, it's evident that machine learning, and specifically ensemble 

methods like voting classifiers, hold promise for agricultural applications. Previous studies have also reported the 

effectiveness of ensemble methods in improving classification outcomes by leveraging the strengths of multiple 

learning algorithms. However, the performance variability observed in this study underscores the importance of 

diverse and representative training data to enhance model robustness. 

The practical implications of these results are significant for the agricultural sector, particularly in automating and 

improving the efficiency of crop sorting and classification processes. Implementing such a classifier could reduce 

manual labor, increase processing speed, and potentially lead to more accurate market grading of dry bean varieties.  

Nevertheless, this research is not without limitations. The variability in model performance across folds indicates a 

sensitivity to data distribution, which could limit its practical application without further refinement. Moreover, the 

reliance on a fixed set of features extracted from the image data may not capture the full complexity of bean variety 

characteristics. 

For future research, it's recommended to explore the inclusion of additional, perhaps more nuanced, features that 

could improve the classifier's ability to distinguish between closely related bean varieties. Further, investigating the 

model's performance on a larger, more diverse dataset could provide insights into enhancing its generalizability. 

Finally, comparing the voting classifier's performance with other ensemble methods or advanced machine learning 

models could identify pathways to further optimize classification accuracy and reliability in agricultural applications. 

4. Conclusion 

This research embarked on evaluating the efficacy of a voting classifier in the multiclass classification of dry bean 

varieties, employing a methodology that combined Decision Tree, Logistic Regression, and Gaussian Naive Bayes 

classifiers. The investigation revealed notable variability in model performance across different folds of cross-

validation, with accuracy rates ranging from as high as 96.73% to as low as 31.23%. This variability underscored the 

model's potential in certain conditions while highlighting areas needing improvement in others. Through the lens of 

precision, recall, and F1-scores, the study further emphasized the importance of balancing these metrics to achieve a 
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robust classification model. The discussion illuminated the critical role of data diversity and feature distribution in 

influencing the classifier's effectiveness, aligning with previous research that supports the promise of ensemble 

methods in agricultural applications. 

The findings answer the research question affirmatively; a voting classifier can effectively classify dry bean 

varieties, particularly under optimal conditions highlighted by the highest achieved metrics. This research contributes 

to the agricultural informatics field by demonstrating the applicability of ensemble learning methods in crop variety 

classification, an area with significant implications for food security and agricultural efficiency. Given the observed 

variability in performance, it is recommended that future research explore the incorporation of additional features and 

the utilization of larger, more diverse datasets to enhance model generalization. Moreover, comparative studies with 

other ensemble methods or advanced machine learning models may uncover opportunities to further optimize the 

classification process. In practice, integrating such improved models into agricultural processing can lead to significant 

advancements in crop sorting, grading, and overall management systems, driving efficiency and productivity in the 

sector. 
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