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Abstract: This study focused on the automated 

classification of lemon ripeness using advanced deep 

learning techniques to support agricultural and food 

processing applications. A comprehensive dataset of 

lemon images was curated, with each image labeled as 

either "raw" or "ripe." The collection of data was 

divided into test, validation, and training categories to 

ensure robust model evaluation. Leveraging transfer 

learning, the VGG16 model that has already been 

trained, initially trained on  the extensive Picture-net 

dataset, was adjusted for the binary classification of 

lemon ripeness. To enhance the model's functionality 

even more and generalization, various data 

augmentation methods—like flipping, scaling, and 

rotation—were used. After training, The model's 

accuracy was high, reaching of 97% on the test set, 

proving how well it works in distinguishing ripe lemons 

from unripe ones. This promising demonstrates how 

deep learning may be used to automating fruit 

classification processes, reducing labor and enhancing 

efficiency in agricultural workflows. Future research 

could investigate alternative deep learning architectures 

and hyperparameter optimization to achieve even higher 

accuracy and adaptability across different fruit types 

and conditions. 
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I. INTRODUCTION 

The assessment of fruit ripeness is a crucial aspect of 

post-harvest quality control in the agricultural and 

food processing industries. Traditional methods for 

ripeness evaluation frequently depend on manual 

examination, which can be subjective, lengthy, and 

labor-intensive. Automating this process Using 

methods from machine learning and computer vision 

has garnered significant interest in recent years [1, 

2].Deep learning, a subset of machine learning, has 

emerged as a powerful tool for  image classification 

tasks, demonstrating remarkable success in various 

domains, including agriculture [3, 4]. Among the deep 

learning models, Convolutional Neural Networks 

(CNNs) are especially well-appropriate for extracting 

features from images and have been widely employed 

for fruit classification [5, 6]. Through the use of pre-

trained models on sizable datasets, transfer learning 

has improved the performance of deep learning 

models inside image classification by reducing 

training time and improving generalization [7, 8]. This 

study focuses on the categorization of lemon ripeness 

using deep learning. Lemons are a widely consumed 

fruit, and their ripeness significantly impacts their 

quality and market value. Accurately classifying 

lemons as "raw" or "ripe" is essential for optimizing 

storage, processing, and distribution. Transfer 

learning is leveraged by adapting a VGG16 model 

trained beforehand using the ImageNet dataset for the 

binary classification task. Techniques for data 

augmentation are employed to boost the training data's 

diversity and enhance the model's capacity to 

generalize to unseen pictures. 

The principal aim of this work is to create an 

automated system for lemon ripeness classification 

using deep learning. We evaluate the performance of 

the trained model on a dedicated test set and discuss 

its potential applications in the agricultural and food 

processing industries. Furthermore, we examine the 

effects of of data augmentation on categorization 

accuracy and offer information about how the model 

makes decisions.  

 

II. RELATED WORK 
 

The use of deep learning in fruit and vegetable quality 

assessment has significantly increased traction in the 

last few years. Many research have looked into 

different facets of this domain, encompassing ripeness 

classification, disease detection, and grading. Here, 

we review relevant research categorization of fruit 

ripeness by deep learning, with a focus on citrus fruits, 

particularly lemons. 

 

A) Classifying Fruit Ripeness with Deep Learning: 

 

Numerous investigations have demonstrated the 

effectiveness of in-depth education for classifying the 
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ripeness of various fruits. Muresan and Oltean [1] 

developed a system for fruit recognition using deep 

learning, achieving high accuracy in classifying 

different fruit types, including bananas, apples, and 

oranges, based on their ripeness levels. Sa and 

associates. [2] proposed Deep Fruits is a deep neural 

network-based fruit detection system, which achieved 

promising results in detecting and classifying fruits in 

real-world images, including mangoes and bananas, at 

different stages of ripeness. 

 

B) Citrus Fruit Ripeness Classification: 

 

Research on citrus fruit ripeness classification has also 

focused on applying deep learning techniques. Blasco 

et al. [3] developed a system for machine vision for 

automatic quality assessment of citrus fruits, utilizing 

image processing and algorithms for machine learning 

to classify oranges according to their ripeness and 

external defects. A study conducted by R. Kumar et al. 

[4] concentrated on citrus fruit detection and 

classification utilizing Convolutional Neural 

Networks (CNN), achieving notable results in 

identifying and categorizing citrus fruits such as 

oranges and lemons. 

 

C) Lemon Ripeness Classification : 

 

Specific to lemon ripeness classification, research has 

explored various approaches. A study by He et al. [5] 

presented a method for lemon defect recognition with 

visual feature extraction and transfer learning. Using 

a VGG16 based network the researchers achieved 

high accuracy in recognizing defect lemons, 

showcasing Deep learning's potential for quality 

assessment in lemons. In another study, Bargoti and 

Underwood [6] used color and texture features 

extracted from lemon images to train a Support Vector 

Machine (SVM) classifier for ripeness grouping with 

notable success. 

 

D) Transfer Learning for Fruit Ripeness 

Classification : 

 

Transfer learning has been widely adopted for fruit 

ripeness classification, leveraging pre-trained models 

to improve performance. The benefits of Transfer 

Learning was explored by Pan and Yang [7] who 

demonstrated how utilizing pre-trained networks 

speeds up model development and provides better 

performance. Weiss et al. [8] extended the research 

with their analysis of the efficacy of transfer learning 

across numerous domains including image 

recognition, highlighting the method's broader 

applicability. This study specifically utilizes transfer 

learning with the VGG16 architecture, A well-liked 

option for image classification tasks, because of its 

proven efficacy in various domains [9]. 

 

E) Gaps and Motivation : 

 

While existing research has demonstrated the 

Utilizing deep learning for the classification of fruit 

ripeness, there is still scope for further especially in 

light of lemons. This study seeks to close this disparity 

by developing a robust deep learning model 

specifically for lemon ripeness classification, 

leveraging strategies for data augmentation and 

transfer learning to and generalization. 

 

III. METHODOLOGY 

This section describes the specific procedures needed 

to design and assess the deep gaining knowledge 

model for lemon ripeness classification. We describe 

the dataset preparation, model architecture, training 

process, and evaluation metrics Dataset Preparation. 

A dataset of lemon images was curated, consisting of 

two classes: "raw" and "ripe." The images were 

collected from a variety of sources, including the 

internet repositories and accessible to the general 

public datasets, ensuring a diverse representation of 

lemon varieties and lighting conditions. The dataset 

was then separated into three smaller groups: test, 

validation, and training sets, using 80%, 10%, and 10% 

split, respectively. This partitioning made certain that 

a sizable enough percentage of the data was used to 

train the model, while keeping separate portions for 

validation and testing to avoid overfitting and assess 

generalization performance. 

 

A) Augmenting Data : 

To increase the model's resilience and its the capacity 

to generalize to invisible images, Techniques for data 

augmentation were used in the training set. 

Enhancement involves creating variants of existing 

pictures by applying changes like scaling, rotation, 

shearing, and turning over. This process artificially 

expands the training dataset, exposing the concept to 

a larger spectrum of visual patterns and reducing 

overfitting. The Image Data Generator class from 

Keras was utilized to implement data augmentation, 

with parameters chosen to introduce realistic 

variations without significantly altering the lemon's 

essential features. 
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B) Model Architecture : 

Transfer learning was employed to Make use of the 

information learned from a model that has been 

trained. The VGG16 model, trained beforehand using 

the ImageNet dataset, was chosen as the base 

architecture because of its proven performance image-

classification tasks. The pretrained layers of VGG16 

were frozen during the initial training phase to 

preserve their learned features. A new head of 

classification was supplementary to the frozen layers, 

including a dense layer with a global average pooling 

layer,1024 neurons and ReLU activation, and final 

dense layer with a sigmoid activation function for 

binary classification. This approach allowed the 

model to benefit from pre-trained features while 

adapting to the specific task of lemon ripeness 

classification. 

 

C) Training Process : 

The model received training by using an enhanced 

instruction dataset. The Adam optimizer was selected 

for gradient-based optimization, at a rate at which  

0.001. The loss function for binary cross-entropy was 

used to quantify the variation between anticipated and 

true labels. The model was trained for a fixed number 

of epochs, monitoring the training and validation 

accuracy to avoid overfitting. To end the training 

process if the validation accuracy was low, early 

stopping was used plateaued or started to decrease, 

making certain that the model generalized to invisible 

data. 

 

D) Metrics for Evaluation : 

The way the trained model was assessed using the 

metrics listed below: 

 

⚫ Accuracy: The percentage of cases that are 

correctly classified  relative to all instances. 

⚫  Precision: The percentage of correctly predicted 

positive instances out of all instances predicted 

as positive. 

⚫ Recall: The proportion of correctly predicted 

positive instances out of all actual positive 

instances. 

⚫ F1-score: The harmonic mean of recall and 

precision, offering a fair assessment of 

performance. 

⚫ Area Under the ROC Curve (AUC): A measure 

of the model's ability to distinguish between the 

two classes. 

⚫ Confusion Matrix: A table that summarizes the 

model's gauge of the model's capacity to 

differentiate between. 

 

These measurements were computed on the test and 

validation sets to evaluate the generalization capacity 

of the model. 
 

IV. RESULT 

The VGG16-based model achieved an impressive 

accuracy of 97% on the test set, indicating a high 

capability in distinguishing between "raw" and "ripe" 

lemons. Table 1 shows the performance metrics across 

the different evaluation measures. 

 

 

 
These results demonstrate the model’s effectiveness 

and suggest that deep learning can be a viable solution 

for automated ripeness classification, particularly in 

lemon sorting applications. 
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V. DISCUSSION  

The high accuracy achieved in this study highlights 

the potential for deep learning models, like VGG16, 

to automate ripeness classification in agricultural 

settings. By using transfer learning, the model 

leveraged pre-existing image recognition features to 

minimize training time and achieve high performance 

on a relatively small dataset. Data augmentation 

further strengthened the model, helping it generalize 

across variations in lemon appearance. 

 

Despite the success, some limitations were observed. 

The dataset size, though sufficient for initial tests, 

could be expanded to improve robustness and adapt 

the model for real-world conditions. Additionally, 

investigating other architectures such as ResNet or 

Efficient Net could reveal potential improvements in 

accuracy and computational efficiency. 

 

VI. CONCLUSION 

This study successfully demonstrates the feasibility of 

using deep learning techniques, specifically transfer 

learning with VGG16, for classifying lemon ripeness. 

With a test accuracy of 97%, the model shows promise 

for practical applications in agricultural and food 

processing environments, where accurate and efficient 

sorting of produce is crucial. Future work should 

explore larger datasets, alternative model 

architectures, and hyperparameter tuning to enhance 

the model’s applicability across diverse conditions. 
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