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ABSTRAK 

The accurate classification of pistachio varieties plays a crucial role in ensuring quality control, 

enhancing traceability, and improving market segmentation in the agricultural sector. This study 

explores the application of various machine learning algorithms—including Decision Tree, 

Random Forest, XGBoost, Support Vector Classifier (SVC), k-Nearest Neighbors (KNN), and 

Logistic Regression—for the classification of pistachio types based on morphological features. A 

publicly available dataset containing measurements such as kernel length, shell width, and aspect 

ratio was used to train and evaluate the models. The results demonstrated that ensemble methods 

like XGBoost and Random Forest consistently outperformed other algorithms, achieving accuracy 

scores of 0.86 and 0.85, respectively, with high Area Under the Curve (AUC) values in the Receiver 

Operating Characteristic (ROC) analysis. Furthermore, hyperparameter tuning improved model 

performance across the board. These findings indicate the potential of machine learning as a reliable 

tool for automating pistachio variety classification and supporting decision-making in agricultural 

practices. Future research may involve real-time classification using image-based features and 

integration into precision agriculture systems. 

 

Keywords:  Classification models, Machine learning, Pistachio classification, Random Forest,  

XGBoost, Support Vector Machine. 

 

INTRODUCTION 

Pistachios (Pistacia vera L.) are among the most valuable tree nuts globally, known for their 

distinctive taste, nutritional richness, and growing economic significance in the food and 

agricultural sectors. Accurate classification of pistachio varieties is essential for various purposes, 

including cultivar identification, market segmentation, and ensuring product quality in the supply 

chain. Traditionally, this classification has been carried out manually by experts based on visual 

features such as shape, size, and shell color, which is not only time-consuming but also highly 

subjective and inconsistent. 

Recent advancements in artificial intelligence, particularly in machine learning (ML), have 

paved the way for automating the classification of agricultural products, including nuts. ML 

algorithms are capable of learning patterns from data and making predictions with high accuracy, 

enabling researchers and industries to classify pistachio types efficiently. In the context of 

pistachios, datasets containing morphological features such as length, width, area, perimeter, and 

eccentricity are used as input for training ML models [1]. 

Several supervised learning models, including Support Vector Machines (SVM), Decision 

Trees, k-Nearest Neighbors (k-NN), Random Forest, and Neural Networks, have been employed to 

classify pistachio varieties. These algorithms differ in their approach and computational 

complexity, and their performance can vary based on the size and quality of the dataset. Studies 

have shown that ensemble methods like Random Forest often yield higher accuracy due to their 

ability to reduce variance and overfitting [2]. 

By leveraging ML-based classification systems, stakeholders in the pistachio industry can 

significantly enhance their operational workflows. These systems help reduce reliance on manual 

labor, minimize human error, and allow for real-time classification during post-harvest processing. 

Moreover, such approaches contribute to the standardization of quality assessment procedures and 
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support the implementation of smart agriculture technologies [3]. 

This study aims to evaluate the performance of several machine learning algorithms in the 

classification of pistachio varieties using a publicly available dataset. The primary objective is to 

identify the most accurate and computationally efficient algorithm for practical deployment in real-

world agricultural settings. By assessing and comparing algorithmic performance metrics, this 

research contributes to the growing body of knowledge on the application of artificial intelligence 

in agrifood systems and supports the development of intelligent quality assessment tools for 

horticultural products.  

 

METHOD 

1. Dataset Description 

This study utilizes a publicly available pistachio dataset consisting of morphological features 

extracted from images of two pistachio varieties: Kirmizi and Siit. The dataset comprises 59 

samples from each variety, totaling 118 observations. The dataset was sourced from the UCI 

Machine Learning Repository and was selected due to its balanced class distribution and well-

structured numerical attributes (Kaya & Koc, 2020). 

 

2. Data Preprocessing 

Prior to model training, the dataset underwent a series of preprocessing steps. First, missing values 

were checked, although none were found. Then, the data was normalized using Min-Max Scaling 

to ensure uniformity across feature scales and avoid bias toward features with larger numerical 

ranges. Following normalization, the dataset was randomly split into training and testing sets using 

an 80:20 ratio to evaluate model performance on unseen data. Label encoding was applied to 

convert the categorical target variable into binary format. 

 

3. Model Development 

Five machine learning algorithms were selected for evaluation: Support Vector Machine (SVM), 

k-Nearest Neighbors (k-NN), Decision Tree (DT), Random Forest (RF), etc. Each algorithm was 

implemented using the scikit-learn library in Python. A 10-fold cross-validation approach was used 

on the training set to optimize model parameters and prevent overfitting. Hyperparameter tuning 

was performed using Grid Search for each model to identify the optimal configuration that yields 

the highest classification accuracy. 

 

4. Performance Evaluation 

To assess the performance of each classifier, several evaluation metrics were applied, including 

accuracy, precision, recall, F1-score, and area under the Receiver Operating Characteristic curve 

(AUC-ROC). The confusion matrix was also computed to analyze the distribution of true and false 

predictions across the two classes. These metrics provide a comprehensive assessment of each 

model’s predictive capability, especially in distinguishing between similar varieties of pistachios. 

 

5. Implementation Environment 

All experiments were conducted on a standard computing environment with an Intel Core i7 

processor, 16GB RAM, and Python 3.10. The main libraries used for model implementation and 

analysis included scikit-learn, pandas, numpy, and matplotlib. The reproducibility of results was 

ensured by fixing the random seed during data splitting and model training. 

 

RESULTS AND DISCUSSION 

The correlation heatmap provides a visual overview of the relationships between all 

features in the pistachio dataset, including their correlation with the target class. Notably, features 

such as AREA, MAJOR_AXIS, SOLIDITY, SHAPEFACTOR_1, and CONVEX_AREA show 

strong positive correlations with the Class variable, indicating that these morphological 

characteristics play a significant role in distinguishing between pistachio varieties. On the other 

hand, features like ECCENTRICITY and ASPECT_RATIO exhibit moderate negative correlations 

with the class label, suggesting that more elongated or irregularly shaped pistachios are associated 
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with specific types. 

Additionally, some features show strong inter-correlations, such as AREA and EQDIASQ 

or MINOR_AXIS and SHAPEFACTOR_3, which may lead to redundancy in the dataset. 

Identifying and potentially removing these highly correlated features can improve model efficiency 

and reduce multicollinearity. Overall, the heatmap analysis supports feature selection and model 

refinement by highlighting the most influential variables for pistachio classification using machine 

learning algorithms. 

Figure 1. The Correlation Heatmap 

 

The bar chart presents a comparative analysis of evaluation metrics—Accuracy, Precision, 

Recall, and F1 Score—for various machine learning classifiers applied to pistachio variety 

classification. Among all models, the Random Forest Classifier and XGBoost Classifier achieved 

the highest accuracy of 0.86, along with balanced precision, recall, and F1 scores (all around 0.83), 

indicating strong overall performance and consistency across evaluation metrics. The Support 

Vector Classifier (SVC) and K-Nearest Neighbors (KNN) also performed well, both reaching 

accuracies above 0.84, although slightly lower in recall and F1-score compared to the ensemble 

methods. 

In contrast, the Decision Tree Classifier showed the lowest overall performance with an 

accuracy of 0.79 and F1-score of 0.75, suggesting overfitting or poor generalization. Logistic 

Regression yielded relatively good precision and recall but achieved a slightly lower accuracy 

(0.82), likely due to its linear decision boundaries being less effective in capturing complex 

patterns. These results confirm that ensemble-based methods (like Random Forest and XGBoost) 

offer superior reliability for this classification task, benefiting from their ability to reduce variance 

and better handle feature interactions. 

 

Figure 2. Comparative Analysis of Evaluation Metrics 

The bar chart illustrates the evaluation metrics—Accuracy, Precision, Recall, and F1 

Score—for several machine learning classifiers used in pistachio variety classification. The 
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Random Forest Classifier and XGBoost Classifier again stand out with the highest accuracy scores, 

0.85 and 0.86 respectively, while maintaining balanced precision and recall values (above 0.80), 

which indicates strong generalization capabilities. The Support Vector Classifier (SVC) also 

performs well with consistent scores across all metrics, particularly high recall and F1 score, 

making it a reliable choice for this binary classification task. 

In contrast, the Decision Tree Classifier shows relatively lower recall (0.70), despite 

achieving an accuracy of 0.83, suggesting that it may be prone to misclassifying one of the pistachio 

classes. Notably, one instance of SVC shows a very low recall value (0.10) while keeping accuracy 

and F1 score relatively stable—this indicates a possible class imbalance or misconfiguration during 

evaluation. The Logistic Regression and K-Nearest Neighbors classifiers demonstrate solid 

performance, with all metrics close to or above 0.80, showing that simpler models can still be 

effective when tuned properly and used on structured, clean datasets. 

 

Figure 3. The Bar Chart Illustrates 

 

The ROC curves in both plots illustrate the performance of different classifiers based on their ability 

to distinguish between pistachio types. The top graph shows ROC curves without hyperparameter 

optimization, while the bottom graph presents the curves after tuning the classifiers for optimal 

performance. Across both graphs, the XGBoost Classifier consistently achieves the highest area 

under the curve (AUC) score of 0.86, indicating superior discriminative power. The Random 

Forest, SVC, and Logistic Regression classifiers also demonstrate strong performance, with AUC 

values ranging from 0.84 to 0.85, reflecting their reliability in minimizing false positives while 

maximizing true positives. 

After hyperparameter tuning (bottom graph), most classifiers show noticeable 

improvements in their ROC curves, especially the Decision Tree Classifier, which increases from 

an AUC of 0.78 to 0.82. This highlights the importance of model optimization in boosting 

classification performance. Although all models perform reasonably well, the consistently high 

AUC values of XGBoost and Random Forest confirm them as the most robust classifiers in this 

study. The ROC curves also show that hyperparameter tuning can significantly enhance model 

separability and reduce misclassification in pistachio type detection. 
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Figure 4. The ROC Curves 

 

 

CONCLUSION 

In conclusion, this study successfully demonstrated the effectiveness of several machine learning 

classifiers in detecting pistachio types using performance evaluation metrics and ROC analysis. 

Among the tested models, the XGBoost Classifier achieved the highest overall performance with 

an accuracy of 0.86 and an AUC of 0.86, indicating its strong capability in classifying pistachio 

varieties accurately and reliably. Other models such as Random Forest, Support Vector Classifier 

(SVC), and Logistic Regression also showed competitive results with accuracy and AUC values 

above 0.83, making them viable options depending on the specific application context. 

Furthermore, the application of hyperparameter optimization significantly enhanced the 

performance of several models, especially the Decision Tree Classifier. The improvements seen in 

the ROC curves and AUC scores after tuning emphasize the importance of model fine-tuning to 

achieve optimal classification outcomes. Overall, the findings suggest that machine learning, 

particularly tree-based ensemble methods like XGBoost and Random Forest, can serve as powerful 

tools for the classification of agricultural products such as pistachios, potentially contributing to 

more efficient quality control and product differentiation in the agricultural industry. 
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