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Abstract—Date fruit grading plays a crucial role in
ensuring quality assurance, market value optimization,
and automated post-harvest processing in the agri-food
industry. This paper presents the implementation and
analysis of a Date Fruit Grading Framework using a
Logistic Regression classifier, focusing on multi-class
classification of seven commercially significant date
varieties, namely Berhi, Deglet, Dokol, Iraqi, Rotana,
Safavi, and Sogay. The proposed framework utilizes
discriminative feature representations extracted from
the dataset and evaluates the effectiveness of Logistic
Regression against other conventional machine learning
classifiers. Experimental results demonstrate that the
Logistic Regression model achieves an overall
classification accuracy of 91.11% with a mean squared
error (MSE) of 1.10, outperforming Support Vector
Machine, XGBoost, KNN, and Random Forest, Decision
Tree, and AdaBoost classifiers. Detailed performance
analysis reveals strong class-wise precision, recall, and
F1-score values, with a weighted average precision,
recall, and Fl-score of 0.91, indicating consistent
predictive capability across all date varieties. The
confusion matrix analysis further confirms robust inter-
class separability, particularly for Dokol, Safavi, and
Rotana classes, which exhibit minimal misclassification.
These results validate the suitability of Logistic
Regression as a reliable and computationally efficient
baseline classifier for automated date fruit grading
applications. The proposed framework can be effectively
deployed in real-time quality inspection systems to
support intelligent agricultural decision-making and
scalable grading solutions.
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I. INTRODUCTION

Date fruit (Phoenix dactylifera L.) is one of the most
nutritionally rich and economically valuable
horticultural crops cultivated extensively across arid
and semi-arid regions of the world. The commercial
value of date fruits is highly dependent on their
variety, maturity level, texture, and visual quality
attributes, which directly influence consumer
acceptance, export standards, and pricing. As a result,
accurate grading and classification of date fruit
varieties is a critical post-harvest operation in the agri-
food supply chain. Traditional grading methods rely
heavily on manual inspection by skilled labour, which
is often time-consuming, subjective, error-prone, and
difficult to scale for large-volume processing
environments. Recent advancements in machine
learning and intelligent data-driven systems have
opened new possibilities for automating agricultural
quality assessment tasks. Machine learning-based
classification models are capable of learning complex
decision boundaries from data and can provide
consistent, repeatable, and objective grading
outcomes. Among these, multi-class classification
frameworks are particularly important for date fruit
grading, as commercial datasets often contain multiple
varieties with overlapping visual and textural
characteristics.  Developing a  reliable and
computationally efficient classifier that can accurately
distinguish among such varieties remains a significant
research challenge. While deep learning approaches
have shown promising performance in image-based
agricultural applications, they often require large
annotated datasets, high computational resources, and
extended training times, which may not be feasible for
low-cost or real-time deployment scenarios. In
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contrast, traditional machine learning algorithms,
when combined with well-engineered feature
representations, can offer competitive performance
with lower computational complexity and greater
interpretability. Among these algorithms, Logistic
Regression has emerged as a robust discriminative
classifier, particularly suited for multi-class problems
due to its probabilistic formulation, fast convergence,
and strong generalization ability.

Logistic Regression operates by modelling the
posterior probability of class membership and learning
optimal decision boundaries through maximum
likelihood estimation. Its linear decision structure,
coupled with regularization techniques, allows
effective handling of class overlap while minimizing
overfitting. Despite its simplicity, Logistic Regression
has demonstrated strong performance in various
agricultural classification tasks, including crop disease
detection, fruit quality assessment, and varietal
discrimination. However, its potential for automated
date fruit grading across multiple varieties has not
been sufficiently explored in existing literature. In this
context, the present study proposes an automated Date
Fruit Grading Framework using a Logistic Regression
classifier, targeting the classification of seven
commercially significant date fruit varieties such as
Berhi, Deglet, Dokol, Iraqi, Rotana, Safavi, and
Sogay. The proposed framework systematically
evaluates the discriminative capability of Logistic
Regression and compares its performance with several
widely used machine learning classifiers, including
Support Vector Machine, Random Forest, Decision
Tree, KNN, XGBoost, and AdaBoost. The evaluation
is conducted using standard performance metrics such
as accuracy, precision, recall, F1-score, mean squared
error, and confusion matrix analysis to ensure a
comprehensive assessment. The experimental results
demonstrate that the Logistic Regression model
achieves superior classification accuracy and balanced
class-wise performance compared to the other
evaluated models, confirming its effectiveness for
multi-class date fruit grading. The findings highlight
that a well-designed traditional machine learning
approach can serve as a reliable, interpretable, and
computationally efficient solution for real-time
agricultural quality inspection systems. The proposed
framework has the potential to support intelligent
decision-making in post-harvest processing, reduce
dependency on manual grading, and contribute toward
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scalable and cost-effective smart agriculture
applications.

II. REVIEW OF LITERATURE

Early studies on automated date fruit grading and
classification primarily relied on handcrafted image
processing techniques and conventional pattern
recognition methods. Initial efforts demonstrated the
feasibility of grading using shape, texture, and external
morphological features extracted from captured
images [1], [2]. Subsequent research expanded these
approaches by incorporating statistical image analysis
and machine learning classifiers for varietal
identification and quality assessment [3]. As research
progressed, hybrid models combining image features
with convolutional neural networks and ensemble
strategies began to emerge, showing improved
robustness and classification accuracy [4], [5]. Parallel
developments explored advanced learning paradigms
such as reinforcement learning assisted fusion models
and multivariate classification frameworks to address
grading complexity [6], while broader agricultural
applications validated the effectiveness of machine
learning for fruit and vegetable detection and sorting
[7]. Logistic regression-based maturity classification
and quality assessment techniques were also explored
in related fruit domains [8], [9], alongside CNN based
transfer learning methods for intelligent fruit quality
evaluation [10], [11].

More recent studies have increasingly focused on deep
learning driven approaches for date fruit classification,
emphasizing CNN architectures, transfer learning, and
comparative  classifier  analysis.  Researchers
investigated a wide range of classifiers to benchmark
performance across different datasets and feature
representations [12], while deep transfer learning
models demonstrated strong generalization for varietal
classification [13]. Ensemble machine learning
frameworks integrating optimized feature selection
techniques further improved multi-class classification
performance [14], and dimensionality reduction
workflows were proposed to enhance recognition
accuracy while reducing computational complexity
[15]. Hybrid deep learning systems combining CNNs
with discriminant correlation analysis were introduced
for automated sorting applications [16], building upon
earlier deep learning-based sorting methodologies
[17]. Transfer learning-based classification systems
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continued to show promising results across diverse
datasets [18], while CNN models targeting surface
quality assessment highlighted the effectiveness of
deep features in identifying subtle visual defects [19].
The integration of explainable artificial intelligence
further  enhanced model transparency and
trustworthiness in classification decisions [20].

Recent contributions emphasize dataset expansion,
real-time applicability, and system level optimization.
Novel Logistic Regression based intelligent
classification systems utilizing newly developed
datasets have been proposed to improve robustness
and practical deployment [21], while deep learning
techniques using captured images demonstrated
effectiveness in real-world quality grading scenarios
[22]. Feature selection driven deep learning
architectures were explored to optimize genetic
variety classification [23], building upon earlier deep
learning-based grading techniques applied to novel
datasets [24] and foundational pattern recognition
systems [25]. Classical shape and texture based
grading methods remain relevant as benchmarks [26],
alongside color- and geometry-based classification
algorithms [27]. Deep CNN architectures continue to
dominate recent research [28], supported by early deep
learning based automated sorting systems [29].
Comparative analyses between CNN
extraction and conventional machine learning models
further clarified performance trade-offs [30], while
hardware-software co-design approaches addressed
implementation efficiency [31]. Supplementary deep

feature

learning-based CNN classification studies [32],
advanced CNN models for varietal identification [33],
and traditional image processing techniques such as
bit-plane slicing [34] collectively illustrate the steady
evolution from handcrafted feature-based methods to
intelligent, explainable, and scalable deep learning
systems for automated date fruit grading and
classification.
III. DATASET

The dataset shown in Table. 1, was organized to
support multi-class date fruit grading across seven
varieties: DOKOL, SAFAVI, ROTANA, DEGLET,
SOGAY, IRAQI, and BERHI. Initially, the dataset
was inspected to understand the class distribution and
confirm the availability of sufficient samples per
category. The observed sample counts indicated in
Fig. 1, were DOKOL (204), SAFAVI (199),
ROTANA (166), DEGLET (98), SOGAY (94),
IRAQI (72), and BERHI (65), resulting in a total of
898 samples. The corresponding class-count
visualization confirms a moderate class imbalance,
where DOKOL and SAFAVI dominate the dataset,
while BERHI and IRAQI contain comparatively fewer
instances. This imbalance is important because it can
bias a classifier toward majority classes if not handled
carefully during training and evaluation.After
confirming class availability, the dataset was prepared
by selecting the predictor features (input attributes
from the CSV) and the target label (the “Class”
column).

Table 1 Dataset distribution for ANN model Evaluation

AREA PERIMETER MINOR_AXIS EQDIASQ ROUNDNESS SHAPE MeanRR MeanRG StdDevRB SkewRG

0 09374
1 595.2073 09773 0.002
2 526843 2647.394 7 638 0446

3 416063 2351.210 09458 0.0020
4 34736 2160.354 09358

Basic cleaning steps were applied, including checking
for missing values, removing duplicates (if any), and
ensuring that all predictor columns were stored as
numeric types suitable for machine learning models.
Since the class labels are categorical strings (e.g.,
DOKOL, SAFAVI), they were converted into numeric
form using label encoding so that the classifier could
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learn a mapping between feature patterns and class
indices.Fuerther, the dataset was partitioned into
training and testing subsets using a stratified split,
ensuring that each date variety retained approximately
the same proportion in both sets. Stratification is
especially important here due to the unequal class
counts. Because Logistic Regression is sensitive to
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feature scale when features have different ranges, the
numeric features were standardized (for example,
using z-score normalization) based only on the
training data statistics and then applied consistently to
the test set to prevent data leakage. Lastly the prepared
dataset (encoded labels + scaled features + stratified
split) was used for model training and evaluation,
ensuring that performance metrics such as precision,
recall, F1-score, and the confusion matrix reflect a fair
assessment across all seven date fruit classes.
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Figure 1 The dataset to support multi-class date fruit
grading

IV. EXPERIMENTATION

The proposed methodology shown in Fig. 2, for
automated date fruit grading is designed to accurately
classify multiple date fruit varieties using a Logistic
Regression  based  multi-class  classification
framework.
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Figure 2 The proposed methodology

The overall workflow consists of data preprocessing,
feature normalization, model formulation, training,
and performance evaluation. Each stage is carefully
structured to ensure robustness, generalization
capability, and fair comparison with other machine
learning classifiers.
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A. Data Preprocessing and Label Encoding

The dataset comprises multiple numeric predictor
attributes representing measurable characteristics of
date fruits, along with a categorical class label
indicating the fruit variety. As Logistic Regression
operates on numerical inputs, all categorical class
labels were transformed into numeric form using label
encoding, where each date variety was assigned a
unique integer identifier.

Let the dataset be

D = {(x1,y1), (X2,¥2), (X3,¥3)s e vev v o (X3, y1) 3 (1)
Prior to model training, the dataset was inspected for
missing values, inconsistencies, and duplicate records,
and necessary cleaning operations were performed to
maintain data integrity.

B. Feature Scaling and Normalization

Feature scaling plays a critical role in Logistic
Regression, as the algorithm is sensitive to variations
in feature magnitude. To ensure uniform contribution
of all input features during optimization,
standardization was applied to the dataset. Each
feature was transformed to have zero mean and unit
variance using statistics computed from the training
subset. The same scaling parameters were then applied
to the test subset to prevent data leakage and ensure
consistency during evaluation.

C. Multi-Class Logistic  Regression  Model
Formulation

Logistic Regression is inherently a binary classifier;
therefore, a multi-class extension was employed to
handle the seven-class date fruit grading problem. The
one-vs-rest (OvR) strategy was adopted, in which
separate binary classifiers were trained for each date
variety by distinguishing one class from all others. The
probability of class membership was modelled using
the softmax function, enabling the estimation of
posterior probabilities across all classes. Model
parameters were learned by maximizing the log-
likelihood function wusing iterative optimization
techniques. To prevent overfitting and improve
generalization, regularization was incorporated into
the model formulation. The regularization term
penalizes excessively large weight values, ensuring
stable decision boundaries even in the presence of
overlapping feature distributions among different date
varieties.
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D. Model Training and Data Splitting Strategy

The dataset was partitioned into training and testing

sets using a stratified sampling approach, ensuring that

each date fruit class was proportionally represented in

both subsets.

The dataset D is divided into two disjoint subsets:

1. Training Set Dy, used to build the
regression model

. Testing Set Diesr used to evaluate
generalization performance.

If the splitting ratio 80:20, the 80N samples are used
for training and 0.2N for testing, mathematically,
Dtrain U Dtest = D, Dirain N Diest = 0

Random sampling ensures that both subsets preserve
the sane statistical distribution of features and target
values. Stratification is particularly important in this
study due to moderate class imbalance across
varieties. The Logistic Regression model was trained
exclusively on the training data, while the test data was
reserved for unbiased performance evaluation. Model
convergence was achieved through iterative
optimization until the loss function reached a stable
minimum.

E. Performance Evaluation Metrics
Model parameters are estimated by minimizing the
cross-entropy loss

C=—1 2N, T8, yic logP(y; = {clx}) (2)

This loss measures the discrepancy between predicted
probabilities and true class labels

Model Evalution ( Accuracy)

Classification accuracy is computed as:

1 —
Accuracy = £ SN, = v) 3)
Where I (.) is the indicator function

V.RESULT AND DISCUSSION

The trained model was evaluated using a
comprehensive set of performance metrics suitable for
multi-class classification tasks. These include
classification accuracy, precision, recall, and F1-score,
computed on a per-class basis as well as macro-
averaged and weighted averaged forms to account for
class imbalance. The quantitative evaluation (Table.
2) using precision, recall, and Fl-score further
confirms the effectiveness of the proposed multiclass
logistic regression classifier. High-performing classes
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such as class DOKOL and SAFAVI achieve precision
and recall values above 0.97, resulting in F1-scores
close to unity, which indicates excellent class
separability and highly consistent predictions. Classes
BERHI, IRAQI, and ROTANA demonstrate balanced
precision—recall trade-offs with Fl-scores ranging
from 0.86 to 0.94, reflecting stable and reliable
classification performance. Slightly lower scores
observed for classes DEGLET and SOGAY (F1-
scores ~ 0.77-0.79) suggest partial overlap in feature
space with neighbouring classes, consistent with the
misclassification patterns observed in the confusion
matrix. The overall classification accuracy of 0.91,
along with macro-averaged and weighted F1-scores of
0.88 and 0.91, respectively, highlights the robustness
of the model across both balanced and imbalanced
class distributions, validating its suitability for
automated date fruit grading applications.

Table 2 The quantitative evaluation of the proposed
multiclass logistic regression classifier

precizion recall fl-score support
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A confusion matrix was generated to visualize class-
wise prediction performance and identify potential
misclassification patterns among closely related date
varieties. The Fig.3 demonstrates that the proposed
multiclass logistic regression-based date fruit grading
framework achieves strong class-wise prediction
performance across all seven date varieties. The
pronounced diagonal dominance indicates a high rate
of correct classification, confirming that the extracted
features provide effective linear separability among
most classes. Varieties such as DOKOL and SAFAVI
exhibit near-perfect recognition, reflecting their
distinct  visual  characteristics, while = minor
misclassifications are primarily observed between
visually similar classes such as DEGLET and
SOGAY, as well as BERHI and IRAQI. These limited
errors suggest overlapping morphological attributes
rather than model instability. The results indicate that

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 6126



© May 2026 | IJIRT | Volume 12 Issue 12 | ISSN: 2349-6002

logistic regression offers a reliable and interpretable
classification mechanism for automated date fruit
grading, with misclassification patterns providing
valuable insight into varietal similarities and potential
directions for feature enhancement.

Confusion Matrix Heatmap

True Label
SOGAY SAFAVIROTANA IRAQ!I DOKOLDEGLET BERHI

20

10

i
BERHI DEGLET DOKOL IRAQI ROTANA SAFAVI SOGAY
Predicted Label

Figure 3. Confusion matrix of the proposed
multiclass logistic regression based date fruit grading
framework

A comparative evaluation ( Table. 3) with other
widely used classifiers further highlights the
effectiveness of the proposed logistic regression—
based date fruit grading framework. As shown in the
performance comparison, logistic regression achieves
the highest classification accuracy of 0.9111 while
also reporting the lowest mean squared error (MSE) of
1.10, indicating superior predictive consistency and
reduced error variance.

Table 3. Comparative evaluation with other widely
used classifiers

Model accuracy mse

0 Logistic Regression 09111171 1.10
5 SWM 0838830 1.23
3 XzBoost 0858839 1.25
4 KMeighbours 0.862963 1.85
2 Random Forest 0525926 270
1 Decision Tree  0.73535536 272
B AdaBoost 0417117 3.26
LJIRT 202083

To validate the effectiveness of the proposed Logistic
regression framework, its performance was compared
with several widely used machine learning classifiers,
including Support Vector Machine, Random Forest,
Decision Tree, K-Nearest Neighbors, XGBoost, and
AdaBoost. All models were trained and evaluated
under identical pre-processing and data-splitting
conditions to ensure a fair comparison. The
comparative analysis highlights the superiority of
Logistic Regression in terms of classification accuracy
and error minimization, while also demonstrating its
computational efficiency and interpretability.

Logistic Regression

Decision Tree

Random Forest

XGBoost

Model

KNeighbours

SVM

AdaBoost

F Y T T T
0.0 02 0.4 0.6 0.8
Accuracy_score

Figure 4 . Comparative evaluation of classification
accuracy

A comparative evaluation of classification accuracy
shown in Fig. 4, reveals that the logistic regression
model achieves the highest performance among all the
evaluated classifiers, attaining an accuracy of
approximately 0.91. This result indicates its strong
ability to discriminate among multiple date fruit
varieties using the extracted features.

Logistic Regression

Decision Tree

Random Forest

XGBoost

Model

KNeighbours

SVM

AdaBoost

0.0 0.5 10 15 20 25 30
Mean Squared Error

Figure 5. comparative evaluation of the mean squared
error (MSE)
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A comparative evaluation of the mean squared error
(MSE) indicated in fig. 5, showing clear performance
differences among the evaluated classifiers. The
logistic regression model records the lowest MSE of
1.10, demonstrating superior predictive stability and
minimal deviation between predicted and actual class
outcomes.
VI. CONCLUSION

This paper presented an automated Date Fruit Grading
Framework based on a Logistic Regression classifier
for multi-class classification of seven commercially
important date fruit varieties. The proposed approach
was systematically evaluated wusing standard
performance metrics and compared with several
widely adopted machine learning algorithms to assess
its effectiveness and reliability. Experimental results
demonstrate that Logistic Regression achieved an
overall classification accuracy of 91.11% with a mean
squared error of 1.10, outperforming Support Vector
Machine, XGBoost, K-Nearest Neighbors, Random
Forest, Decision Tree, and AdaBoost classifiers under
identical experimental conditions A detailed class-
wise analysis revealed strong predictive performance
across most date varieties, with high precision, recall,
and Fl-score values, particularly for DOKOL and
SAFAVI classes, which exhibited F1-scores close to
unity. The weighted average precision, recall, and F1-
score values of 0.91 further confirm the robustness of
the proposed framework, indicating balanced
classification performance even in the presence of
moderate class imbalance. The confusion matrix
analysis showed minimal misclassification among
visually similar date varieties, highlighting the
discriminative capability of the Logistic Regression
model when applied to appropriately prepared feature
representations.
REFERENCES

[1]  S. Habib, I. Khan, S. Aladhadh, M. Islam, and
S. Khan, “External features-based approach to
date grading and analysis with image
processing,” Eng. Sci. Technol. J., vol. 6, no. 4,
pp. 694-704, 2022.

[2] S. H. Mohana and C. J. Prabhakar, “A novel
technique for grading of dates using shape and
texture features,” arXiv: Comput. Vis. Pattern
Recognit., 2015.

IJIRT 202083

[3]

[3]

(6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

M. Koklu, R. Kursun, Y. S. Taspinar, and I.
Cinar, “Classification of date fruits into genetic
varieties using image analysis,” Math.
Problems Eng., 2021.

Kourtiche, M. Bendjima, and M. E. A.
Kourtiche, “Date fruit classification using
CNN and stacking model,” Indones. J. Electr.
Eng. Comput. Sci.,vol. 39, no0. 2, p. 1373, 2025.
Al-kharaz, A. Bahaaulddin, and V. Sabeeh,
“Innovative date fruit classifier based on scatter
wavelet and stacking ensemble,” HighTech
Innov. J., vol. 5, no. 2, pp. 361-381, 2024.

G. Said and B. Joshi, “Augmented fusion of
deep Q learning with logistic regression and
deep forests for fruits grading,” Int. J. Recent
Innov. Trends Comput. Commun., 2023.
Bhargava, A. Bansal, and V. Goyal, “Machine
learning—based detection and sorting of
multiple vegetables and fruits,” Food Anal.
Methods, 2021.

Z. Zulkifli and R. Fajri, “Klasifikasi tingkat
kematangan buah strawberry menggunakan
algoritma logistic regression,” Data Sci.
Indones., vol. 4, no. 2, pp. 50-59, 2024.

E. Khodadadi, P. K. Dutta, N. Bailek, and A.
A. Abdelhamid, “Apple perfection: Assessing
apple quality with waterwheel plant algorithm
for feature selection and logistic regression,”
2024.

D. Arivalagan, P. Nikitha, et al., “Intelligent
fruit quality assessment using CNN transfer
learning techniques,” in Proc. IEEE Conf.,
2024, pp. 1-6.

Kengpol and A. Klaiklueng, “Design of
machine learning for limes classification based
upon Thai Agricultural Standard No. TAS 27-
2017,” Appl. Sci. Eng. Prog.,2024.

F. R. Cordeiro, E. Oliveira Jr, and Y. M. G.
Costa, “Date fruit classification using a wide
range of classifiers,” in Proc. Int. Conf. Syst.
Signals Image Process., 2023.

Alsirhani, M. H. Siddiqi, et al., “A novel
classification model of date fruit dataset using
deep transfer learning,” Electronics, vol. 12,
no. 3, p. 665, 2023.

M. V. V. Rao, N. Silpa, et al., “An optimized
ensemble machine learning framework for
multi-class classification of date fruits by

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 6128



[15]

[16]

[17]

[18]

[19]

[20]

(21]

[22]

(23]

[24]

[25]

[26]

IJIRT 202083

© May 2026 | IJIRT | Volume 12 Issue 12 | ISSN: 2349-6002

integrating feature selection
Springer, 2024.

Md. A. L. Siddique and A. Y. Srizon, “An
effective dimensionality reduction workflow
for the enhancement of automated date fruit
recognition utilizing several machine learning
classifiers,” Springer, 2024.

T. N. O. et al., “Automated sorting of date
fruits:  Integrating deep learning and
discriminant correlation analysis,” in Proc.
1IEEE Conf., 2024.

O. Aiadi, B. Khaldi, et al., “Date fruit sorting
based on deep learning and discriminant

techniques,”

correlation analysis,” IEEE Access, vol. 10, pp.
79655-79668, 2022.

Z. Abuowda, S. Ramadan, et al., “Date fruit
classification system using deep transfer
learning,” in Proc. IEEE FiCloud, 2023, pp.
393-398.

M. Al-Saeed and H. F. Ahmad, “Date fruit
classification based on surface quality using
convolutional neural network models,” Appl.
Sci., vol. 13, no. 13, p. 7821, 2023.

N. Zaki, H. Singh, et al., “Transfer learning and
explainable Al enhance the classification of
date fruit varieties,” in Proc. IEEE Conf.,2023.
K. Maitlo, R. A. Shaikh, et al., “CNN-based
intelligent system for date fruit classification
using novel dataset,” VFAST Trans. Softw.
Eng.,vol. 12, no. 4, pp. 134—144, 2024.

W. ElHelew, D. Abo-Bbakr, et al,
“Classification of dates quality using deep
learning technology based on captured
images,” Misr J. Agric. Eng.,2024.
Alshammari, “Analysis of date fruit genetic
variety based on feature
classification using deep learning
architectures,” in Proc. IEEE Conf-, 2022.

H. Raissouli, A. Aljabri, ef al., “Date grading
using machine learning techniques on a novel
dataset,” Int. J. Adv. Comput. Sci. Appl., vol.
11, no. 8, 2020.

E. H. Ewida, M. N. El Awady, et al.,
“Computer application on pattern recognition
for palm-date grading,” Misr J. Agric. Eng.,
vol. 31, no. 2, pp. 619-630, 2014.

S. H. Mohana and C. J. Prabhakar, “A novel
technique for grading of dates using shape and

selection and

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY

texture features,” Mach. Learn. Appl. J., vol. 1,
no. 2, pp. 15-29, 2014.

S. Alturki, M. K. Islam, et al., “Date fruits
grading and sorting classification algorithm
using colors and shape features,” Int. J. Eng.
Res. Technol. (IJERT), 2020.

H. Alaskar et al., “Dates fruit classification
using convolution neural networks,” Springer,
2022.

Nasiri, A. Taheri-Garavand, and Y. Zhang,
“Image-based deep learning automated sorting
of date fruit,” Postharvest Biol. Technol., vol.
153, pp. 133141, 2019.

S. Krishnaveni et al., “Comparative analysis of
CNN-based feature extraction techniques and
conventional machine learning models for
quality assessment in agricultural produce,”
SSRN, 2025.

L. Khriji, A. C. Ammari, et al.,
“Hardware/software co-design of a vision
system for automatic classification of date
fruits,” Int. J. Embedded Real-Time Commun.
Syst., vol. 11, no. 4, pp. 21-40, 2020.

R. Alzu’bi et al., “Dates fruits classification
using support vector machine,” 2018.

P. Rybacki et al., “Convolutional neural
network model for the classification of
varieties of date palm fruits,” Sensors, vol. 24,
2024.

G. Thomas et al., “Bit plane slicing technique
to classify date varieties,” Agric. Eng. Int.:
CIGR J., 2015.

6129



