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Abstract. Date fruits are widely consumed and valued for their nutritional prop-
erties and economic importance. Accurate classification of date fruits is crucial
for quality control, sorting, and grading processes in the food industry. How-
ever, the classification of date fruits poses several challenges due to variations in
their external visible physical attributes and the presence of multiple cultivars. To
address the issue of high-dimensional feature space, the authors, in this research
study propose an optimized ensemblemachine learning framework for multi-class
classification of date fruits by integrating feature selection techniques. The objec-
tive is to develop a reliable and efficient system that can accurately classify date
fruits into different classes based on their physical attributes. Initially, the frame-
work applies various feature selection techniques to identify the most relevant and
discriminative features for classification. Next, it employs variants of ensemble
machine learning techniques to performmulti-class classification. We utilize pop-
ular ensemble methods such as Boosted Trees, Bagged Trees, RUSBoosted Trees
and Optimized Ensemble to improve the accuracy and optimization of the classifi-
cation model. By integrating feature selection techniques, the proposed optimized
ensemble classifier effectively handles the challenges of high-dimensional feature
space and variations in date fruit characteristics. The results confirm the superior-
ity of the proposed framework, highlighting its potential for practical applications
in the food industry.

Keywords: Date Fruit Classification ·Machine Learning · Feature Selection ·
Ensemble Classifier · Neural Networks

1 Introduction and Related Work

Date fruits are widely consumed and recognized for their nutritional value and health
benefits. The accurate classification of date fruits [1–4] into different categories is crucial
for quality control, marketability, and efficient supply chain management. However,
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the process of manually classifying date fruits can be labor-intensive, time-consuming,
and prone to human errors. Therefore, there is a need for automated systems that can
effectively classify date fruits into multiple classes.

In recent years, machine learning techniques [5–12] have shown great potential in
solving complex classification problems [13–22]. These techniques enable computers
to learn from data and make accurate predictions or decisions. In the context of date
fruit classification, machine learning algorithms can analyze various features of date
fruits, such as size, color, texture, and shape, to differentiate between different classes.
This research paper presents a robust ensemble machine learning framework specifi-
cally designed for the multi-class classification of date fruits. The framework integrates
feature selection techniques to enhance the classification performance by reducing the
dimensionality of the data and focusing on the most informative features.

Feature selection [23–27] is a critical step in the classification process as it helps
identify the most relevant features that contribute to accurate classification. By elimi-
nating irrelevant or redundant features, the framework can improve computational effi-
ciency and mitigate the curse of dimensionality of the classification models. Various
feature selection techniques, including filter methods, wrapper methods, and embedded
methods, are explored and integrated into the framework.

The ensemble learning approach [28, 29] is adopted to further enhance the classifi-
cation accuracy and robustness of the framework. Ensemble learning combines multiple
base classifiers to make collective predictions, leveraging the diversity of classifiers to
achieve better overall performance. Different ensemble techniques are investigated and
integrated into the framework.

To evaluate the effectiveness of the proposed framework, a comprehensive dataset of
date fruit images is collected, encompassing different varieties, ripeness stages, lighting
conditions, and imaging angles. The dataset is carefully labelled and pre-processed to
ensure high-quality data for training and testing the classification models. The exper-
imental results demonstrate the superiority of the proposed framework in accurately
classifying date fruits into multiple classes. The integration of feature selection tech-
niques significantly improves the efficiency and effectiveness of the classification pro-
cess by selecting the most informative features. The ensemble learning approach further
enhances the performance by leveraging the collective intelligence of multiple clas-
sifiers. The framework’s robustness is also evaluated by conducting experiments with
different base classifiers and ensemble techniques.

The application of this research extends beyond date fruit classification. The pro-
posed framework can be adapted and applied to other multi-class classification problems
in various domains. By providing an automated and accurate solution for date fruit clas-
sification, the framework contributes to improving quality control and management in
the date fruit industry.

The remaining portion is organized as follows. Section 2 describes the proposed
optimized date fruit multi-class classification framework. Section 3 discusses the exper-
imental results and evaluation of our suggested framework. Finally, Sect. 4 finishes the
work with concluding observations.
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2 Proposed ML Based Optimized Ensemble Date Fruit Classifier
(ML-OEDFS)

The primary focus of this research paper is the introduction of a novel Machine Learning
basedOptimizedEnsembleDateFruitClassifier (ML-OEDFC) for accurately classifying
date fruits into different categories.

Fig. 1. Architecture of Proposed ML-RVR Model

The proposed system presented in Fig. 1, integrates feature selection techniques to
enhance the classification performance by reducing data dimensionality and emphasiz-
ing the most informative features. The overarching goal of this work is to develop an
automated system that effectively categorizes date fruits, leading to improved quality
control, marketability within the date fruit industry.

2.1 ML-OEDFC: Data Collection and Exploration of Dataset

The proposed ML-RDFC leverages the Muratkoklu Date Fruit dataset repository [1]
for research purposes to gain insights into the characteristics and relationships between
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different dry fruits. The dataset consists of 34 attributes that can be classified into seven
distinct classes. In the research investigations, data collection is conducted to analyze
the attributes associated with dry fruit category identification systems.

The model created visual representations, including Pie chart and correlation matrix
to explore the data further. It is observed a normal distribution and most date fruits had
a similar size range as presented in Fig. 2.

Fig. 2. Distribution of Data across all varieties of Date Fruits

Figure 3 displays the correlation matrix of the morphological attributes employed
in this study. The matrix effectively visualizes the interconnectedness and interdepen-
dencies among the different morphological attributes utilized for identifying Date fruit

Fig. 3. Correlation Matrix of Morphological Attributes
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varieties. Upon careful analysis of this matrix, it becomes evident that there exists a
substantial and consistent association between the various qualities.

2.2 ML-OEDFC: Data Pre-processing

The collected dataset has already undergone stages of date fruits images collection,
rotation, flipping and scaling to enhance the quality of dataset. In addition, the researchers
performed resizing, normalization, noisy reduction, and edge detection to extract relevant
features. For the proposed study, the processed dataset is taken as input and split the
dataset into training, validation, and testing sets to evaluate the classifier’s performance.

2.3 ML-OEDFC: Feature Selection Techniques

Feature selection plays a crucial role in optimizing the performance of a Date fruit
classifier. In this study, various feature selection techniques were explored to identify
the most relevant and informative attributes for accurate classification.

One commonly used technique is the Filter approach, which relies on statistical
measures to assess the relevance of each feature independently of the classifier. These
techniques evaluate the relationship between the attributes and the target class, allowing
the selection of features that contribute the most to classification accuracy. Another
approach is the Wrapper method, which utilizes the classifier’s performance as the
criterion for feature selection. This method involves creating subsets of features and
evaluating their impact on the classifier’s accuracy. Embedded methods integrate fea-
ture selection within the learning algorithm itself. They select features during the model
training process based on their importance in improving the model’s performance. Addi-
tionally, hybrid approaches that combine multiple feature selection techniques have
been proposed. These approaches leverage the strengths of different methods to over-
come their individual limitations, resulting in improved feature subsets and classification
performance.

By applying these feature selection techniques to a Date fruit classifier, the proposed
study aim to identify the most discriminative attributes that contribute significantly for
accurate classification. An algorithm for performing feature selection usingML-OEDFC
framework and ranking the features based on different feature selection methods. The
algorithm also identifies the best feature selection method for a given classifier.

Algorithm: ML-OEDFC Feature Selection and Classifier Evaluation.

Input: Selected Date Fruits Dataset.
Classifiers - Boosted Trees(BT), Bagged Trees(BGT), RUSBoosted Trees (RUSBT),

Optimized Ensemble (OE)
Output: Ranked Features by Feature Selection Methods and Best suitable Feature

Selection Method for each classifier.

Step 1. Load the Selected Date Fruits Dataset into memory.
Step 2. Preprocess the dataset (e.g., handle missing values, discretization, normaliza-

tion, encode categorical variables, outliers detection etc.).
Step 3. Split the dataset into input features (X) and target class(C).



An Optimized Ensemble Machine Learning Framework 17

Step 4. Initialize an empty dictionary to store the feature scores for each feature
selection method.

Step 5. For each feature selection method in the list of feature selection methods
(MRMR, Chi2, ReliefF, ANOVA, Kruskal Wallis), do the following steps:
a. Apply the specific feature selection method to the input Date Fruits features

X and target class C.
b. Retrieve the feature scores or rankings obtained from the fea-ture selection

method.
c. Store the feature scores or rankings in the dictionary with the feature

selection method as the key.
Step 6. Rank the features based on their scores obtained from each feature selection

method.
Step 7. For each feature, calculate the average rank across all feature selec-tion

methods.
Step 8. Sort the features based on their average rank in ascending order.
Step 9. Initialize an empty list to store the best feature selection methods for each

classifier.
Step 10. For each classifier in the list of classifiers (BT, BGT, RUSBT, OE), do the

following steps:
a. Train the classifier using the Date Fruits input features selected based on the

top-ranked features.
b. Evaluate the classifier’s performance using appropriate evalua-tion met-

rics (e.g., validation accuracy test accuracy, precision, recall, F1-score,
AUC/ROC curve etc.).

c. Store the classifier’s performance metrics.
Step 11. Identify the best suitable feature selection method for each classifier based on

their performance metrics.
Step 12. Return the ranked features and the best suitable feature selection method for

each classifier as the output.

The algorithmbegins by importing the dataset and, if necessary, preprocessing it. The
system then applies each feature selection method to the dataset and stores the feature
scores or rankings that result. The features are then ranked according to their average
position across all selection methodologies. For each classifier, the algorithm trains the
model with the most highly ranked features and evaluates its performance using the
most pertinent metrics. Based on each classifier’s respective performance metrics, the
algorithm then determines the optimal feature selection method for each classifier.

2.4 ML-OEDFC: Training Ensemble Machine Learning Models

In ML-OEDFC, the training process involves utilizing variants of ensemble machine
learning models. Ensemble models are renowned for their ability to enhance predictive
performance by combining the predictions of multiple base models. ML-OEDFC takes
advantage of ensemble techniques to create a robust and accurate ensemble.
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ML-OEDFC employs multiple ensemble machine learning model variants to
improve its performance. Bagging independently trains multiple models on distinct sub-
sets of the training data, and then combines their predictions to produce the final ensem-
ble out-put. Boosting trains models sequentially, with an emphasis on correcting prior
errors. Combining random under-sampling with boosting, RUSBoosted Tree addresses
class imbalance. It enhances classification performance and balances the dataset. Using
techniques such as genetic algorithms, Optimized Ensemble optimizes the combina-
tion of base classifiers to improve overall accuracy and generalization. These variants
enhance the capabilities of ML-OEDFC by minimizing overfitting, compensating for
class imbalance, and optimizing ensemble performance.

The inclusion of all variants of ensemble learningmodels inML-OEDFCexpands the
ensemble model repertoire, enabling the classifier to tackle specific challenges related
to class imbalance and ensemble optimization. These variants provide additional flexi-
bility and adaptability, allowing ML-OEDFC to deliver superior performance in diverse
datasets and classification scenarios.

2.5 ML-OEDFC: K-Fold Cross Validation of Proposed Model

After training the ML-OEDFC model for classifying the date fruits with the chosen
ensemble variants and feature selection techniques, it is necessary to assess its per-
formance and generalization capabilities. One common strategy used for this purpose
is k-fold cross-validation, where the dataset is divided into k subsets. In the case of
ML-OEDFC, k is set to 5 and the percentage of training data is 80.

The k-fold cross-validation procedure begins with the dataset being divided into k
folds of equal size. The model is then trained and evaluated k times, with a different
fold serving as the validation set and the remaining folds serving as the training set each
time. This enables a comprehensive evaluation of the performance of the model across
various subsets of the data.

For each iteration of k-fold cross-validation, theML-OEDFCmodel is trained on the
training set and the corresponding validation set is used to calculate the performancemet-
rics. Depending on the classification assignment, the metrics typically include accuracy,
precision, recall, F1-score, or any other pertinent evaluation measures. At the conclusion
of k-fold cross-validation, the performance metrics from each iteration are averaged to
produce a more accurate estimation of the model’s performance. This mitigates any bias
imposed by a single validation set. It provides insight into the model’s ability to general-
ize to new data and aids in choosing the opti-mal ensemble variant and feature selection
method combination.

2.6 ML-OEDFC: Testing with Final Model

After completing the ML-OEDFC validation procedure using k-fold cross-validation,
the model is evaluated using an independent test dataset. This dataset is distinct from the
training and validation sets and is used to evaluate the efficacy of the model. The remain-
ing 20% of the dataset is utilized to assess theML-OEDFCmodel, and its predictions are
compared against the actual or reference labels. Various evaluation metrics, including
accuracy, precision, recall, and F1-score, are calculated to quantify the performance of
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the model on the test set. These metrics provide an objective evaluation of the model’s
classification accuracy for date fruits.

The ML-OEDFC model has effectively learned the underlying patterns and char-
acteristics of the data if it achieves satisfactory results on the test dataset. The model
benefits from the combined predictive potential of multiple base models and the ability
to zero in on the most informative features by utilizing ensemble learners and feature
selection techniques. This ultimately leads to a final model that can classify date fruits
with high accuracy.

3 Experimental Results and Analysis

In order to evaluate the performance of the proposedML-OEDFC in accurately classify-
ing date fruits, a comprehensive series of experiments was conducted, and the significant
results are presented in this section. The dataset utilized in this study consists of 34 dis-
tinct features derived from three primary categories: morphological, shape, and color
characteristics. These characteristics were meticulously chosen to capture useful details
about date fruits and to provide an exhaustive representation of their characteristics.

Four variants of ensemble machine learning models were devised in order to facili-
tate the classification process. These variants were created with the intent of enhancing
the functionality of the ML-OEDFC algorithm. The objective of creating multiple vari-
ants was to compare their efficacy and identify the most effective model for accurately
classifying date fruits.

K-fold cross-validation was utilized to ensure robustness and evaluate the gener-
alization capabilities of the ML-OEDFC models. This method divides the dataset into
K subsets or folds, where K is the number of subsets. This division is responsible for
training and validating ML models using various combinations of training and testing
data. By performing cross-validation, we hope to evaluate the consistency and reliability
of the proposed ML-OEDFC models across diverse data subsets.

To assess the classification performance of the proposed ML-OEDFC variants on
date fruits, a confusion matrix was developed as a fundamental tool for evaluating the
classification models’ accuracy. The confusion matrix shown in Table 1 provides an
exhaustive examination of the predictions made by the models, allowing for a thorough
analysis of the classification outcomes. Overall, the data show that different algorithms
perform differently for each rice varieties, and themethod used has a considerable impact
on classification accuracy. The “BT” method produces good results for most date fruit
varieties, and the “OE” algorithm performs very well across numerous date fruit types.
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Table 1. Confusion Matrix for Classifying Date Fruit Types using ML-OEDFC Classifiers.

Date
Fruit

Algorithm BERHI DEGLET DOKOL IRAQI ROTANA SAFARI SOGAY

BERHI BT 41 0 0 10 2 0 2

BGT 41 0 0 8 1 0 1

RUSBT 37 0 0 7 2 0 2

OE 38 0 0 9 0 0 0

DEGLET BT 0 51 9 0 2 0 8

BGT 0 55 10 0 1 1 13

RUSBT 0 55 13 0 1 0 10

OE 0 54 8 0 1 0 9

DOKOL BT 0 11 153 0 0 0 1

BGT 0 9 153 0 0 0 0

RUSBT 0 8 148 0 0 0 0

OE 0 8 155 0 0 0 0

IRAQI BT 9 1 0 44 1 0 2

BGT 9 0 0 48 1 0 1

RUSBT 12 0 0 49 1 0 2

OE 11 0 0 48 0 0 0

ROTANA BT 1 1 0 3 124 0 3

BGT 1 1 0 1 125 0 3

RUSBT 1 1 0 2 123 0 2

OE 0 1 0 1 128 0 2

SAFARI BT 0 0 2 1 0 156 1

BGT 0 0 0 1 0 157 1

RUSBT 0 0 1 0 0 156 1

OE 0 0 0 0 0 158 1

SOGAY BT 1 14 0 0 4 3 58

BGT 1 13 1 0 5 1 56

RUSBT 2 14 2 0 6 3 58

OE 3 15 1 0 4 1 63

A number of tests were carried out in order to assess the efficacy of different ensem-
ble machine learning approaches in categorizing date fruits. The findings, which are
summarized in Table 2, reveal that the “OE” approach outperforms alternative ensemble
ML techniques. It exhibits greater validation and test accuracy shown in Fig. 4, indicating
that it is useful in properly classifying date fruits.
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Fig. 4. Validation and Test Accuracy of various ensemble ML Techniques

Table 2. Performance of Ensemble ML Techniques

Ensemble ML technique Training time (Sec) Validation accuracy
(Sec)

Test accuracy (Sec)

BT 6.72 s 87.2 84.4

BGT 3.64 s 88.3 84.9

RUSBT 2.76 s 87.1 83.8

OE 11.82 s 89.6 87.2

The ML-OEDFC algorithm performed an experiment using test data and generated
ROC curve shown in Fig. 5. By plotting the true positive rate against the false positive
rate, the ML-OEDFC algorithm provides a visual representation of its classification
performance in distinguishing between different classes in the test data.

To leverage the advantages of feature selection methods for outperformed OE clas-
sification model, the proposed approach incorporates MRMR, Chi2, ReliefF, ANOVA,
and Kruskal methods. Through experimentation, the rank of each feature is determined
using these algorithms, and the results are tabulated in Table 3. This analysis enables the
assessment of the significance and relevance of each feature, facilitating the optimization
of classification performance.
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Fig. 5. ROC Curve on Test Data

With the employed feature selection methods, no. of experiments is conducted to
find the impact on performance of classifiers mainly in terms of accuracy. The results
are tabled in Table 4 and graph representation given in Fig. 6.

According to the observed results in the table, the MRMR feature selection method
consistently performs well regardless of the size of the feature subset. It obtains a high
degree of accuracy, ranging from 84.4% to 87.2%, demonstrating its effectiveness in
selecting pertinent features. The Chi2 method, on the other hand, demonstrates variable
efficacy, with 87.2% accuracy for 30 features and 77.7% accuracy for 10 features. With
accuracies ranging from 82.1% to 86.6%, the ReliefF method exhibits a relatively stable
performance. ANOVA also yields promising outcomes, with 89.0% accuracy for 30
features. The efficacy of the Kruskal method is comparable, ranging from 78.2 to 86.6%.
Across a variety of feature subset sizes, the MRMR and ANOVA methods stand out as
effective feature selection strategies.
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Table 3. Ranking of Attributes by Feature Selection Algorithms

S. no Feature MRMR Chi2 ReliefF ANOVA Kruskal

1 AREA R28 R04 R02 R04 R04

2 PERIMETER R17 R06 R05 R06 R07

3 MAJOR_AXIS R11 R10 R08 R07 R08

4 MINOR_AXIS R25 R01 R03 R02 R01

5 ECCENTRICITY R33 R19 R24 R23 R22

6 EQDIASQ R20 R05 R04 R01 R03

7 SOLIDITY R15 R27 R33 R33 R30

8 CONVEX_AREA R07 R03 R01 R03 R05

9 EXTENT R08 R34 R32 R32 R34

10 ASPECT_RATIO R23 R18 R21 R25 R21

11 ROUNDNESS R05 R17 R26 R26 R26

12 COMPACTNESS R12 R21 R20 R22 R24

13 SHAPEFACTOR_1 R01 R02 R09 R05 R02

14 SHAPEFACTOR_2 R34 R11 R16 R12 R09

15 SHAPEFACTOR_3 R30 R20 R19 R21 R23

16 SHAPEFACTOR_4 R03 R33 R34 R34 R33

17 MeanRR R29 R08 R06 R09 R15

18 MeanRG R32 R13 R10 R14 R18

19 MeanRB R31 R23 R15 R16 R13

20 StdDevRR R26 R30 R27 R29 R29

21 StdDevRG R02 R32 R30 R31 R32

22 StdDevRB R21 R31 R31 R30 R31

23 SkewRR R19 R25 R23 R20 R20

24 SkewRG R27 R15 R17 R10 R11

25 SkewRB R06 R26 R25 R24 R25

26 KurtosisRR R24 R29 R28 R28 R28

27 KurtosisRG R10 R22 R18 R17 R19

28 KurtosisRB R16 R28 R29 R27 R27

29 EntropyRR R18 R07 R12 R11 R06

30 EntropyRG R09 R12 R13 R18 R10

31 EntropyRB R14 R16 R22 R19 R16

32 ALLdaub4RR R13 R09 R07 R08 R14

(continued)
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Table 3. (continued)

S. no Feature MRMR Chi2 ReliefF ANOVA Kruskal

33 ALLdaub4RG R22 R14 R11 R13 R17

34 ALLdaub4RB R04 R24 R14 R15 R12

Table 4. Results of Classifiers on all Attributes

Feature
selection
method

All features 30 Features 25 Features 20 Features 15 Features 10 Features

MRMR 86.6 86.0 87.2 86.6 84.4 87.2

Chi2 86.0 87.2 84.4 86.0 84.4 77.7

ReliefF 86.0 86.6 85.5 82.7 83.8 82.1

ANOVA 88.3 89.0 86.0 82.1 81.6 81.0

Kruskal 86.0 85.5 86.6 83.8 83.8 78.2

Fig. 6. Accuracy of Classifiers

The results indicate that a combination of the OEwithMRMR and OEwith ANOVA
methods, can accurately classify date fruits. The MRMR method consistently achieves
high performance across a variety of subset sizes, demonstrating its capacity to select
pertinent features. In the meantime, ANOVA yields optimistic results, with an accuracy
of 89.0% for 30 features. Moreover, the incorporation of feature selection methods can
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improve classification accuracy and also potentially reduce processing time by focus-
ing on the most informative features, thereby enhancing the efficacy of the date fruit
classification process.

4 Conclusion

In this study, a machine learning-based framework was proposed with the aim of auto-
matically classifying date fruits with high accuracy. Specifically, variants of ensemble
machine learning techniques were used, integrating feature selection techniques. The
results indicated that the optimized ensemble variant performed better when incorpo-
rating the MRMR and ANOVA feature selection methods. These findings highlight the
effectiveness of integrating these feature selection techniques into the ensemble frame-
work. The proposed framework offers a promising solution for accurate and efficient
classification of date fruits, with potential applications in the food industry and beyond.
This resulted in the development of a software application that allowed users to catego-
rize and obtain information about date fruits. The ML based framework could improve
the success rates of classifying a variety of objects, such as date fruits, vegetables, fruits,
and grains. This research endeavor not only contributes to the advancement of date fruit
classification but also holds potential for broader applications in other domains requiring
multi-class classification systems.
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