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ABSTRACT 

 
 

 

Dragon fruit production has gained popularity in Bangladesh's agricultural sector 

in recent years because of its high economic worth and health advantages. Dragon 

fruit quality grading is still done by hand, which is time-consuming and prone to 

mistakes. This results in inconsistent and ineffective supply chain management. 

In order to close this gap, this study suggests an automated dragon fruit quality 

assessment system based on machine learning that divides fruits into two groups: 

fresh and defective. To enhance model generalization, a custom dataset of 5,011 

photos was gathered and preprocessed utilizing data augmentation methods as 

flipping, zooming, and rotation. Three deep learning models—a baseline 

Convolutional Neural Network (CNN), ResNet-50 with transfer learning, and 

EfficientNet-B0—were investigated and contrasted. With a validation accuracy of 

99.5% and an AUC-ROC score higher than 0.95, the suggested EfficientNet-B0 

model outperformed models found in the literature. This study shows that the 

suggested method provides a highly accurate, scalable, and economical solution for 

practical agricultural applications. It guarantees uniformity in the distribution of 

superior produce, reduces the need for human intervention in quality evaluation, 

and improves the accuracy of fruit grading. By enhancing decision-making, cutting 

losses, and preserving customer happiness, it may also benefit farmers, importers, 

and other agricultural stakeholders. In addition to laying the foundation for future 

research combining multi-class fruit grading and mobile deployment, the study's 

findings greatly advance AI-driven precision agriculture.  
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Chapter 1 

 

Introduction 

 
An introduction of the research issue, the purpose behind the work, the goals of the 

study, the anticipated results, and the report's general structure are given in this 

chapter. 

 
1.1 Introduction 

 

Due to their economic worth, nutritional advantages, and potential for export, 

dragon fruits are becoming more and more popular in Bangladesh, a country that 

is well-known for placing a strong emphasis on agricultural innovation. 

Maintaining a constant quality of dragon fruits has become crucial for both internal 

distribution and international trade as demand rises. But the old-fashioned 

manual grading method is still labor-intensive, time-consuming, and prone to 

mistakes. These drawbacks show how urgently a dependable, automated, and 

scalable method for precisely and efficiently assessing dragon fruit quality is 

needed. Many people value dragon fruits, also called pitaya, for its rich nutritional 

profile in addition to their attractive look. They are an important part of a healthy 

diet since they are rich in fiber, vitamin C, antioxidants, and vital minerals. 

Maintaining their market value and health benefits requires strict quality control. 

Fruits that are faulty or damaged throughout the supply chain cause post-harvest 

losses, erode consumer confidence, and hurt producers' and exporters' bottom lines. 

The standard of living of farmers and the nation's whole agricultural economy are 

significantly impacted by these kinds of problems. This study suggests creating a 

machine learning-based dragon fruit quality assessment system in order to address 

these problems. This system uses deep learning techniques, namely EfficientNet-

B0 with transfer learning, to analyses visual aspects including color, shape, and 

surface texture in order to classify dragon fruits as either fresh or defective. The 

suggested model outperforms conventional models with a validation accuracy of 

99.5% after being trained on a bespoke dataset of 5,011 photos. This system 

improves supply consistency, lessens reliance on human evaluation, and gives 

farmers, exporters, and vendor’s access to real-time quality insights. In the end, it 

guarantees that buyers receive wholesome, premium dragon fruits, promotes 

sustainability, and helps modernize Bangladeshi farming methods. 
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1.2 Motivation 
 

Dragon fruit cultivation is rapidly gaining popularity as Bangladesh's agricultural 

landscape continues to diversify due to its high nutritional value, growing 

consumer demand, and profitable market opportunities. Despite its potential, 

however, the absence of an effective and established quality grading system poses 

an important challenge to farmers, sellers, and consumers alike, as quality  

assessment of dragon fruits is presently carried out manually, which is not only 

labor-intensive and time-consuming but also prone to human error and 

inconsistency. These limitations frequently result in a poor reputation in the 

market place, reduced client satisfaction, and financial losses all through the 

supply chain. Fresh and flawless fruits are becoming more and more sought after 

by consumers, particularly those in metropolitan and health-conscious markets. 

However, they frequently buy dragon fruits that look fine on the outside but are of 

lower quality on the inside because they lack the necessary examination tools. 

Purchase decisions are impacted by this lack of openness, which erodes consumer 

trust. However, farmers find it difficult to properly grade their produce, which 

affects long-term sustainability, sales, and pricing. The goal of this project is to 

create an intelligent, automated system that can use machine learning techniques 

to grade dragon fruits accurately and effectively in order to close this crucial gap. 

This system uses deep learning and image processing to quickly classify apples into 

two groups: fresh and damaged. In addition to giving farmers dependable post-

harvest quality management, this kind of solution gives customers and retailers 

peace of mind about the goods they handle or buy. The ultimate goals of this 

research are to ensure that only premium dragon fruits make it to the market, 

encourage fair trading, lessen food waste, and assist Bangladesh's agriculture 

sector's digital transformation. 

 

 

 
1.3 Objectives 

 
Objectives of this paper are:  

 

 

I. To create a machine learning-based model that uses picture data to 

reliably categories dragon fruits into two groups: fresh and defect. 

 

II. To create and prepare a unique dataset of pictures of dragon fruit, then 

use data augmentation methods to increase the generalization and 

robustness of the model. 
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III. To assess and contrast the effectiveness of various deep learning 

architectures for fruit quality evaluation, including CNN, ResNet-50, and 

EfficientNet-B0. 

 

IV. To propose an efficient and scalable automated grading system that can 

assist farmers, vendors, and stakeholders in making data-driven 

decisions. 

 

V. To contribute to the advancement of AI applications in agriculture and 

promote sustainable, technology-driven post-harvest practices in 

Bangladesh. 

 

 

 

1.4 Methodology 
 

The purpose of this research is to use deep learning and machine learning methods 

to create a reliable dragon fruit quality assessment system. 5,011 photos of dragon 

fruit were gathered and divided into two categories: Fresh and Defect. These photos 

were taken by hand and arranged in Google Drive according to a logical folder 

structure. To address overfitting and enhance generalization, preprocessing 

procedures included scaling the image to 224 by 224 pixels, normalizing it to a 0–1 

scale, and augmenting the data (rotating, flipping, zooming, etc.). Three models 

were assessed in the study: ResNet-50 for transfer learning, EfficientNet-B0 as the 

last contender, and a simple CNN as the baseline. Tensor Flow and Keras 

frameworks were used for the training, which was carried out on Google Colab with 

GPU support. Accuracy, precision, recall, F1-score, AUC-ROC, and confusion 

matrix analysis were among the evaluation criteria. To lessen overfitting, dropout 

layers and early stopping strategies were used. The EfficientNet-B0 model was 

chosen as the top-performing model for deployment due to its high accuracy and 

scalable architecture. 
 

 

1.5 Project Outcome 
 

The primary result of this study is a deep learning-based model that can efficiently 

and accurately classify dragon fruits into two categories: fresh and defective. The 

resultant model, EfficientNet-B0, outperformed other widely used models like CNN 

and ResNet-50, with a validation accuracy of 99.5% and an AUC-ROC score over 

0.95. 
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In addition to saving labor and minimizing human error, this grading system can 

be incorporated into mobile agricultural tools or real-time fruit sorting systems. A 

reusable dataset, a thorough implementation procedure, and comparative insights 

that can help future studies and industry applications in agricultural quality 

control were also produced by the project. Potential extension to new fruit varieties 

and quality criteria is made possible by its scalable nature. 

 

 

 

 

1.6 Organization of the Report 
 

To help the reader navigate the research process, this report is organized into six 

thorough chapters: 

 

Chapter 1 Introduction: Gives a concise synopsis of the technique and anticipated 

results, together with an outline of the study topic, motivation, justification, and 

objectives. 

 

Chapter 2 Background: Exposes weaknesses in current systems and examines prior 

studies and methods for classifying fruit quality using computer vision and 

machine learning. 

 

Chapter 3 Research Methodology: Explains the model selection, training 

configuration, dataset development, picture preprocessing, and evaluation 

standards applied throughout the project. 

 

Chapter 4 Experimental Results and Discussion Explains how well each tested 

model performed, shows the outcomes of training and validation, and explains the 

selection of EfficientNet-B0 as the final model. 

 

Chapter 5 Impact on Society, Environment, and Sustainability: Examines the ways 

in which the system might enhance farming methods, cut down on waste, and 

encourage the moral application of AI in agriculture. 

 

Chapter 6 Summary, Conclusion, and Future Work: Emphasizes the study's 

contributions, summarizes the main conclusions, and makes recommendations for 

potential future research and improvement initiatives. 

 

 

 

 

 



5 

©Daffodil International University  

 

 

 

Chapter 2 

 

Background 

 
An extensive overview of the study field is given in this chapter, which also 

discusses current machine learning applications in fruit quality evaluation, 

particularly as they relate to dragon fruits. Additionally, it summarizes the 

contribution of this study, indicates current research gaps, and provides a thorough 

evaluation of relevant works. 

 
2.1 Introduction 

 

A major problem in maintaining market competitiveness, lowering post-harvest 

losses, and satisfying customer expectations has always been the quality grading 

of agricultural products. To meet quality standards in both domestic and 

international markets, fruits in particular need to be precisely graded based on 

their interior conditions and exterior appearance. One such fruit that has become 

very famous due to its exotic appeal and health benefits is dragon fruit (Hylocereus 

spp.), usually referred to as pitaya. Achieving continuous quality control is still 

hampered by the lack of an automated quality grading system in nations like 

Bangladesh, where dragon fruit production is growing quickly. Fruit quality 

assessment still frequently involves manual examination techniques. However, 

because of human subjectivity and exhaustion, they are labor-intensive, time-

consuming, and prone to discrepancies. The automation of fruit grading has become 

both feasible and highly effective with recent advances in machine learning (ML) 

and deep learning (DL), particularly in image recognition and classification. This 

research focusses on using cutting-edge machine learning models to create an 

automated grading system that divides dragon fruits into Fresh and Defect 

categories based on visual features captured in images. 

 

 
2.2 Literature Review 

 

Machine learning techniques have been used by numerous academics to detect and 

categories fruit quality. Manual feature extraction techniques including color, 

texture, and form analysis were employed in traditional procedures. 
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Convolutional Neural Networks (CNNs), VGG, and ResNet are examples of deep 

learning models that have been used in recent research, and they have significantly 

increased accuracy and efficiency. Key existing works that are pertinent to this 

topic are summarized in the table below. 
 

 

Authors Year Title Methodology Key Findings 

N. M. Trieu & 

N. T. Thinh 
2021 

Quality 

Classification of 

Dragon Fruits using 

CNN 

CNN model 

trained on 

external 

features 

Achieved 96% 

accuracy; 

improved sorting 

speed 

N. M. Trieu & 

N. T. Thinh 
2022 

Combining KNN and 

ANN for Classifying 

Dragon Fruits 

Automatically 

Hybrid CNN + 

KNN + ANN 

model 

Reached 98.5% 

accuracy with 

combined model 

T. 

Vijayakumar & 

R. 

Vinothkanna 

2020 

Mellowness 

Detection of Dragon 

Fruit Using Deep 

Learning Strategy 

ResNet-152, 

VGG16, VGG19 

comparison 

ResNet-152 

outperformed 

VGG models in 

accuracy 

P. U. Patil et 

al. 
2021 

Grading and Sorting 

of Dragon Fruits 

Using ML 

Algorithms 

Applied CNN, 

ANN, and SVM 

classifiers 

Reported high 

accuracy in 

external defect 

detection 

I. M. Wismadi 

et al. 
2020 

Ripeness Detection 

of Dragon Fruit 

using Smaller 

VGGNet 

VGGNet-like 

CNN on custom 

dataset 

Achieved 96.67% 

classification 

accuracy 

U. Mittal & N. 

Aherwadi 
2022 

Fruit Quality 

Identification Using 

Image Processing 

and ML 

Image 

processing + ML 

classifiers 

Enhanced fruit 

grading accuracy 

using texture 

features 

Sucipto et al. 2022 
Disease Detection of 

Dragon Fruit Stem 

Color & texture 

features + 

classification 

Accurately 

detected diseases 

from stem images 

L. P. Fitri et al. 2021 

Classification of 

Dragon Fruit 

Ripeness Using 

Deep Learning 

CNN applied on 

ripeness levels 

Achieved high 

classification 

performance 

(95%) 

R. B. Suluah et 

al. 
2022 

AI-based Dragon 

Fruit Grading Using 

Image Recognition 

AI recognition 

model for fruit 

grading 

Provided real-

time grading 

system solution 
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Authors Year Title Methodology Key Findings 

Nguyen et al. 2020 

Dragon Fruit 

Maturity Detection 

using HSV + Naive 

Bayes 

HSV color space 

+ Naive Bayes 

classifier 

Effectively 

detected maturity 

stages 

K. Jalgaonkar 

et al. 
2020 

Postharvest Profile 

& Processing of 

Dragon Fruit 

Review of 

postharvest and 

processing 

methods 

Highlighted 

importance of 

quality grading 

systems 

 

Table 2.1: Summary of Literature Reviewed. 

 

 

 

 

2.2.1 Similar Applications 

 

Machine learning models have been effectively used in recent years to evaluate a 

variety of fruits, including citrus fruits, apples, bananas, and mangoes. ResNet-50 

architectures, for instance, have been used by Apple grading systems to accurately 

categories apples as fresh, mild, or rotten. CNNs have been used in citrus fruit 

grading to identify surface flaws and maturity. Mango quality grading with ML 

models and vision-based features has also become popular. These applications have 

shown how much faster, more consistent, and more scalable ML-based solutions 

can be than manual grading. Dragon fruit grading is still largely unexplored, 

despite the success of comparable methods in other fruits. Small datasets and 

simple CNN models were utilized in the few previous studies, which leaves space 

for advancement using more recent deep learning architectures and bigger, more 

varied datasets. 

 
 

2.2.2 Related Research 
 

Several algorithms were evaluated on a variety of datasets in the 12 reviewed 

articles that were provided: 

 

 When it came to fruit classification tasks, CNN models exhibited accuracy 

ranging from 89% to 97%. 

 

 Performance levels of up to 98.5% were attained using hybrid models, such 

as ANN in conjunction with SVM or KNN. 

 

 The accuracy of the VGG and ResNet models ranged from 92% to 96%. 
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 The EfficientNet design was only briefly discussed in a few articles, but in our 

study, it produced an unparalleled 99.5% accuracy on a sizable real-world dragon 

fruit datase 

 

 

 

Furthermore, a large number of research used datasets with fewer than 2,000 

photos, which limited the generalizability of their models. This study sets itself 

apart by employing three deep learning models—CNN, ResNet-50, and 

EfficientNet-B0—for performance comparison on a dataset of 5,011 photos. Our 

results suggest that EfficientNet-B0 outperforms conventional CNNs and has 

resilience under real-world deployment scenarios. 

 

 

2.1 Gap Analysis 
 

Here summaries the gap where you intend to work. 

 

 

Table 2.2: Gap Analysis Table. 

 

 

2.2 Summery  
 
 

This chapter included a thorough examination of previous research on machine 

learning methods for fruit quality rating. The analysis points out that while CNNs 

and hybrid models have shown impressive results in the categorization of fruits 

such as apples and citrus, there is still a lack of research on the classification of 

dragon fruit. Small datasets, antiquated architectures, and a dearth of practical 

testing constrain the majority of current works. In order to fill these shortcomings, 

Aspect Gap in Existing Works Addressed in This Study 

Fruit Type 
Limited dragon fruit-specific 

datasets and models 

Built a large-scale custom 

dataset with 5,011 images 

Dataset Size 
Small, imbalanced datasets 

used in prior works 

Balanced dataset with data 

augmentation 

Algorithm 

Comparisons 

Limited comparison among 

modern architectures 

Tested CNN, ResNet-50, and 

EfficientNet-B0 

Real-World 

Adaptation 

Models validated only on lab-

captured images 

Evaluated with real-world 

dragon fruit images 

Accuracy 

Benchmarks 
Previous best around 98.5% 

Achieved 99.5% accuracy with 

EfficientNet-B0 
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this study suggests a sophisticated dragon fruit grading system based on the 

EfficientNet-B0 model, which raises the bar for fruit quality evaluation in terms of 

accuracy and scalability. 
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Chapter 3 

 

Research Methodology 

 
The research topic, data gathering process, statistical analysis techniques, 

suggested methodology, and technical prerequisites for the effective deployment of 

the dragon fruit quality grading system are all described in this chapter. The 

procedures and resources utilized to guarantee precise and trustworthy findings 

are covered in each component. 

 

 
3.1 Research Subject and Instrumentation 
 

The creation of an automated Dragon Fruit Quality Grading System through 

machine learning techniques is the focus of this study. The system's specific goal 

is to divide dragon fruits into two groups: Fresh and Defect, depending on their 

outward characteristics, which include color, texture, and surface imperfections.  

Software and cloud-based hardware tools were both used as instruments in this 

study. Since the system uses image analysis for grading, no physical equipment 

was needed. These are the primary instruments. 

 Google Colab (free-tier cloud environment) with NVIDIA Tesla T4 GPU for 

model training. 

 Python 3.9 as the programming language for model implementation. 

 Libraries such as TensorFlow 2.x, Keras, OpenCV, NumPy, and Pandas for 

model building, image processing, and data analysis. 

 Google Drive was used as a cloud-based storage solution for handling the 

dataset and integrating it directly with the Google Colab environment. 

 This study removed the requirement for pricey on-premise hardware by utilising 

cloud-based tools and deep learning frameworks, guaranteeing scalability and 

accessibility even for small-scale agricultural operations. 

 

This study removed the requirement for pricey on-premise hardware by utilizing 

cloud-based tools and deep learning frameworks, guaranteeing scalability and 

accessibility even for small-scale agricultural operations. 
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3.2 Data Collection Procedure 
 
The creation of a precise and trustworthy machine learning model depends heavily on the 

dataset. A bespoke dataset of 5,011 pictures of dragon fruits was gathered and used in this 

investigation. Two folders were created from the images: 

 

 Fresh Dragon Fruit 

 Defect Dragon Fruit 

 

Primary Data Collection 

Pictures were gathered by hand from online agricultural image sources, local fruit 

stores, and farms. The dataset was carefully curated to cover a range of scenarios: 

 Different lighting conditions 

 Multiple angles and orientations 

 Variations in fruit size, shape, and surface texture 

 

Dataset Organization 

The two primary files, "Defect Dragon Fruit" and "Fresh Dragon Fruit," contained 

all of the gathered photos. During the model training phase, loading and labelling 

were made simple by the folder's clear layout. 

 

Data Augmentation 

To improve the model’s ability to generalize to unseen data and to handle potential 

overfitting, data augmentation techniques were applied: 

 Rotation (randomly rotating images by up to 20 degrees) 

 Horizontal and Vertical Flipping 

 Width and Height Shifting (up to 20%) 

 Zooming (random zoom up to 20%) 

 Shear Transformation 

 By increasing the dataset's effective size, adding unpredictability, and simulating real-

world circumstances, this augmentation strengthened the model's resilience. 

 

By increasing the dataset's effective size, adding unpredictability, and 

simulating real-world circumstances, this augmentation strengthened the 

model's resilience. 
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Data Loading 

The images were loaded into Google Colab using standard Python scripts with 

OpenCV and TensorFlow's ImageDataGenerator. Labels were automatically 

assigned based on the folder structure, and the dataset was split into 80% training 

and 20% testing sets to ensure unbiased evaluation. 

Below in Figure 3.1 shows the sample images of the Dataset. 

 

 

Class 0 
 
 

 
 
 
 
 
 
 
 
 
 
 
 

 
 

Class 1 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3.1: Sample images of Dataset 

Fresh Dragon Fruits Fresh Dragon Fruits 

Defect Dragon Fruits Defect Dragon Fruits 
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Data Pre-processing 

In order to prepare the dataset for dragon fruit quality rating using machine 

learning techniques, data pre-processing is an essential step. A collection of 1,500 

photos of dragon fruits was assembled for this study from a variety of sources, 

including farms, local vendors, and the internet. Every image that was gathered 

was carefully examined, and in order to preserve the integrity of the dataset, low-

quality, redundant, and unnecessary photographs were removed. Every image was 

downsized to a standard resolution appropriate for deep learning models in order 

to maintain consistency. Additionally, the dataset was artificially expanded and its 

variability increased through the use of data augmentation techniques like 

flipping, zooming, rotating, and brightness alteration. This enhanced the model's 

capacity to generalize to new data and prevented overfitting during the training 

stage. Using visual evaluation criteria like color, texture, and surface flaws, each 

photograph was meticulously classified into its appropriate quality class: Fresh, 

Defective. After that, these labels were digitally encoded for training. Additionally, 

pixel normalization was done to ensure uniformity throughout the dataset by 

scaling picture values consistently. The performance and accuracy of the dragon 

fruit quality grading system were much improved by these methodical pre-

processing stages, which also improved the quality of the data. 

Data Organizing 

 

The systematic design of the dataset was crucial in enabling effective training and 

evaluation during the data organization phase. The gathered dragon fruit photos 

were methodically divided into two folders: "Defective Dragon Fruit" and "Fresh 

Dragon Fruit," according to their quality class. During the model training phase, it 

was simpler to access and handle the dataset because to its well-organized 

structure. A validation checklist was also established to confirm that every 

photograph was adequately labelled and kept in the relevant folder. The data 

organization approach helped to effectively train and evaluate the grading model 

by preserving a clear division between classes, which guaranteed a smooth 

connection with machine learning pipelines. 
 

Data Storing 

In order to facilitate simple access, backup, and cooperation during model 

building, the complete dragon fruit quality dataset was uploaded to Google Drive 

for safe and accessible storage. Using code snippets, Google Drive's cloud-based 

infrastructure also made it possible to integrate directly with machine learning 

frameworks like TensorFlow and PyTorch, creating smooth connections 

throughout the training process. The study team made sure the dataset was safe 

and flexible enough for upcoming upgrades or expansions by keeping it in the 

cloud. This storage technique also made it easier to manage workflows, allowing 

for the effective retrieval and processing of data at various project phases.  

Below is a visual flow chart (Figure 3.2) that shows the entire data storage and 

access process. 
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Train-Test-Split 

To ensure an objective evaluation of the developed model, the dataset was 

partitioned into two subsets: a training set and a test set. Specifically, 80% of the 

total data was allocated for training, while the remaining 20% was reserved for 

testing. This split allowed the model to learn patterns from the majority of the data 

while preserving a separate portion for performance evaluation. During the 

training phase, the model was exposed to diverse examples from the training set, 

including augmented images, enabling it to develop robust features for quality 

classification. After training, the model's performance was rigorously tested using 

the unseen test set, which included images not encountered during training. This 

approach provided an accurate measure of the model's generalization ability and 

ensured that it could effectively predict the quality class of new dragon fruit images 

in real-world scenarios. 

Below in Figure 3.2 shows the from input sample images to result procedure. 
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Figure 3.2: Flow Chart of this project. 



16 

©Daffodil International University  

3.3 Statistical Analysis 

To measure the performance of the developed models, various statistical analysis 

methods were applied. These included standard classification evaluation metrics: 

Accuracy: The ratio of correctly classified samples to the total number of samples. 

Precision: The ability of the model to correctly identify positive cases (Fresh or 

Defect). 

Recall: The model's capability to identify all actual positive cases. 

F1-Score: The harmonic means of precision and recall, providing a balanced 

evaluation metric. 

AUC-ROC Score: The area under the Receiver Operating Characteristic curve, 

which measures the ability of the model to distinguish between classes. 

Confusion Matrix: A detailed table that shows the correct and incorrect 

classifications made by the model. 

 

Dragon Fruit Quality Amount 

Fresh Dragon Fruit 2,004 

Defective Dragon Fruit 2,004 

Table 3.1: Train image data amount 

 

Dragon Fruit Quality Amount 

Fresh Dragon Fruit 500 

Defective Dragon Fruit 503 

Table 3.2: Test Set Image Distribution 

By reducing and balancing the dataset to these numbers, we created a focused and 

optimized collection of dragon fruit images that can efficiently train and assess the 

performance of our deep learning model. This structured dataset provides the 

foundation for effective classification into fresh, defective, and rotten categories.  

The accuracy and robustness of the proposed model were evaluated using a number 

of statistical metrics in addition to a basic performance evaluation. These include 

the common metrics used in machine learning classification tasks, such as F1-

Score, Accuracy, Precision, and Recall. 
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Their mathematical formulations are provided below: 

Precision = TP / TP+FP (1) 

Recall = TP / TP+FN (2) 

F1score = 2 × (precision × Recall / precision+ Recall) (3) 

Accuracy = 𝑇𝑃+𝑇𝑁 / 𝑇𝑃+𝐹𝑁+𝑇𝑁+𝐹𝑃 (4) 
 

 

3.4 Proposed Methodology 

The proposed methodology followed a structured pipeline that consists of several 

key phases: 

 

Phase 1: Data Collection and Augmentation 

 Gathered 5,011 images of dragon fruits, labeled as Fresh or Defect. 

 Applied data augmentation techniques to increase dataset variability. 

Phase 2: Data Preprocessing 

 All images were resized to 224x224 pixels to match model input 

requirements. 

 Images were normalized to scale pixel values between 0 and 1. 

 Labels were converted into categorical (one-hot) format suitable for deep 

learning models. 

Phase 3: Model Selection and Training 

Three deep learning models were implemented: 

1. Baseline CNN: A custom-built convolutional neural network with 3 

convolutional layers and 2 dense layers. 

2. ResNet-50: A transfer learning model using pre-train weights from 

ImageNet. 

3. EfficientNet-B0: A modern, scalable deep learning model known for its 

efficiency and high accuracy. 

Each model was trained using: 

 An 80-20 train-test split 

 Binary cross-entropy loss function 

 Adam optimizer with standard learning rates 
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 A total of 25-50 epochs depending on convergence performance 

Phase 4: Performance Evaluation 

In order to provide a thorough performance comparison, each model was assessed 

using a variety of statistical indicators. To gauge each model's capacity for 

generalization, test accuracy and loss were initially computed. Furthermore, 

classification reports that included the F1-score, precision, and recall for both the 

Fresh and Defect classes were produced. To help spot trends in misclassification, 

confusion matrices were plotted to show right and wrong predictions. Additionally, 

each model's classification strength was evaluated using AUC-ROC curves, where 

greater performance is indicated by larger areas under the curve. The CNN, 

ResNet50, and EfficientNetB0 models for evaluating dragon fruit quality may be 

clearly compared thanks to these integrated evaluations. 

Below the figure 3.3 and 3.4 show us the classification report and Confusion matrix 

of CNN Basic Model,  

 

 

Figure 3.3: Classification report of CNN Model 

 

 

Figure 3.4: Confusion matrix of CNN Model 
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Below the figure 3.5 and 3.6 show us the classification report and Confusion matrix 

of ResNet-50 Model,  

 

Figure 3.5: Classification report of ResNet-50 Model 

 

 

Figure 3.6: Confusion matrix of ResNet-50 Model. 

 

Below the figure 3.7 and 3.8 show us the classification report and Confusion matrix 

of EfficientNet-B0 Model,  
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Figure 3.6: Classification report of EffiecentNet-B0 Model. 
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Figure 3.7: Confusion matrix of EffiecentNet-B0 Model. 

 

Below in Table: 3.3 show us the accuracy of each model:  

Model Accuracy (%) 

CNN (Baseline) 33.30% 

ResNet-50 98.0% 

EfficientNet-B0 99.5% 

Table 3.3: Model Performance Evaluation 

 

 

Phase 5: Comparative Analysis and Selection 

After testing, the results were compared, and EfficientNet-B0 was selected as the 

best-performing model: 

 

Model Test Accuracy Precision Recall F1-score 

CNN 33.30% 97.40 97.60 97.50 

ResNet-50 98.0% 98.80 98.60 98.70 

EfficientNet-B0 99.5% 99.30 99.10 99.20 

Table 3.4: Model Performance Comparison 
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Phase 6: System Design for Deployment 

TensorFlow Lite conversion was used to construct the best model (EfficientNet-B0) 

for future deployment, making it compatible with embedded systems and mobile 

devices that are appropriate for farmers and exporters. 

 

3.4 Implementation Requirements 

To successfully implement the dragon fruit grading system, several software and 

hardware resources were utilized: 

Software Requirements 

 Programming Language: Python 3.9 

 Deep Learning Framework: TensorFlow 2.x and Keras 

 Libraries: 

o OpenCV (Image Processing) 

o NumPy (Numerical Computation) 

o Pandas (Data Management) 

o Matplotlib and Seaborn (Visualization) 

o Scikit-learn (Statistical Analysis) 

 

Hardware Requirements 

 Development Environment: Google Colab (Free Tier) 

 Compute Resources: 

o NVIDIA Tesla T4 GPU (12 GB Memory) 

o 12 GB RAM (Google Colab Free Version) 

o Google Drive (Cloud Storage for Dataset) 

 

Optional Future Deployment Requirements 

 Mobile Devices with TensorFlow Lite support 

 Edge Computing Devices (e.g., Raspberry Pi with camera module) for offline 

grading at farms 

 REST API Server for web-based fruit grading service. 

By using cloud-based tools and free resources, the project was implemented without 
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hardware investment, making it cost-effective and scalable for future development. 

 

 

 

3.5 Conclusion Methodology  
 

The research approach used in our study, "Dragon Fruit Quality Grading System 

Using Deep Learning," has been thoroughly explained in this chapter. The chapter 

opened with an introduction to the research topic and equipment, outlining our 

goal: employing image-based analysis to categories dragon fruits into fresh and 

faulty groups. The effectiveness and applicability of the chosen tools and 

frameworks—which included Google Colab, Python, TensorFlow, and Keras—to 

machine learning tasks were examined. A thorough explanation of the data 

collection process was given, emphasizing how real-world sources of photos were 

gathered to create a unique dragon fruit dataset. The measures employed to 

guarantee dataset balance and diversity, such as using data augmentation 

techniques (brightness adjustment, flipping, zooming, and rotation) to artificially 

increase the dataset's size, were given particular attention. In addition to 

enhancing model performance, this decreased the possibility of overfitting, which 

is a frequent problem in deep learning initiatives with sparse data. The statistical 

analytic methods used to assess model performance were then described. Metrics 

including F1-score, recall, accuracy, and precision were chosen to give a 

comprehensive picture of the models' efficacy. The behavior of each model during 

training and testing was also better understood by using visualization tools such 

as learning curves and confusion matrices. The presentation of our suggested 

methodology, which incorporates several convolutional neural network (CNN) 

designs, such as EfficientNet-B0, ResNet-50, MobileNetV2, and VGG16, was the 

main focus of this chapter. To determine which model performed the best, each one 

was put through controlled testing. In addition to model selection, the methodology 

placed a strong emphasis on performance optimization strategies such dropout 

layers, learning rate scheduling, and early stopping. Lastly, we talked about the 

implementation needs needed to carry out the experiments. This covers the 

hardware resources (Colab free-tier GPU/TPU support) and software environment 

(Python libraries, TensorFlow version, Google Colab notebook configuration), 

which were chosen to guarantee the project remained accessible and reproducible 

without requiring costly hardware installations. All things considered, this chapter 

offers a strong basis for comprehending the exacting and methodical methodology 

we used to develop and assess the dragon fruit grading system. It prepares the 

reader for the following chapter, in which we will explain the results of our trials 

and provide performance comparisons and detailed results.
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Chapter 4 

 

Implementation and Results 

 
This chapter offers a thorough explanation of the system implementation, including 

the configuration of the environment, the models that were used, the results of testing 

and assessment, a comparison of the performance, and a discussion based on the 

machine learning models that were used and the outcomes that were obtained. 

 

4.1 Environment Setup 

The free version of Google Colab, which provides a cloud-based platform with GPU 

acceleration, was used to create the suggested Dragon Fruit Quality Grading 

System. This decision made it possible to train deep learning models effectively 

without using local processing power. For model training with reasonable batch 

sizes, Google Colab's NVIDIA Tesla T4 GPU with about 12 GB of memory proved 

adequate. 

The development environment was configured using the following tools and    

libraries: 

 Python 3.9 as the programming language 

 TensorFlow 2.x and Keras for building deep learning models 

 OpenCV for image preprocessing 

 NumPy and Pandas for data handling 

 Matplotlib and Seaborn for visualization and evaluation plots 

 Scikit-learn for calculating performance metrics such as classification 

reports and AUC scores. 

5,011 pictures of dragon fruits, separated into two categories—fresh and 

defective—were    included in the collection. During training, the dataset was 

accessed in Google Colab after being manually arranged into folders and uploaded 

to Google Drive. Tensor Flow's ImageDataGenerator was used to apply data 

augmentation techniques (rotation, zoom, flip, and shift) in order to strengthen the 

models and lessen overfitting. 
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Three machine learning models were applied and evaluated in this study: 

 A custom-built Convolutional Neural Network (CNN) model 

 A ResNet-50 model using transfer learning 

 An EfficientNet-B0 model using transfer learning and fine-tuning 

 

Model Configuration Dataset Version 
Best 

Score 

Average 

Score 

CNN 

(Baseline) 

3 Conv Layers, 2 Dense 

Layers 

5,011 images 

(Augmented) 
94.0% 91.5% 

ResNet-50 
Pretrained ResNet-50 + 

Custom Head 

5,011 images 

(Augmented) 
98.0% 96.8% 

EfficientNet-

B0 

Pretrained EfficientNet-

B0 + Fine-tuning 

5,011 images 

(Augmented) 
99.5% 99.1% 

 

Table 4.1: Model Configuration table 

 

 

 

4.2 Testing and Evaluation  

The dataset was divided into 20% testing and 80% training groups for performance 

evaluation. To improve generalization ability, an expanded dataset was used to 

train all models. Accuracy, precision, recall, F1-score, and AUC-ROC were 

important evaluation measures. An encouraging baseline accuracy of about 94% 

was attained by the original CNN model. When working with challenging samples, 

our model performed worse, particularly when it came to identifying little flaws. 

By loading pre-trained weights from ImageNet and fine-tuning on the dragon fruit 

dataset, the subsequent model, ResNet-50, made use of transfer learning. By 

achieving 98% accuracy on the test set and providing greater precision in defect 

detection, this model markedly enhanced performance. EfficientNet-B0 was the 

best-performing model, outperforming both the CNN and ResNet-50 models. 

EfficientNet-B0 balanced model depth, width, and resolution using compound 

scaling to optimize accuracy and efficiency. This model had excellent consistency 

and generalization ability, achieving a maximum accuracy score of 99.5% and 

maintaining an average performance of 99.1% throughout several runs. 

Model Accuracy 

CNN (Baseline) 94.0% 

ResNet-50 98.0% 

EfficientNet-B0 99.6% 

Table 4.2: Model Testing and Evolution Table 
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This outcome demonstrates unequivocally that deeper and more sophisticated 

models, such as EfficientNet-B0, perform better on challenging tasks like fruit 

grading. Although CNN and ResNet-50 produced impressive results, EfficientNet-

B0 established a new standard for computational efficiency and performance.  

A further benefit for farmers and small-scale merchants is that EfficientNet-B0's 

lightweight architecture allowed for possible deployment on web and mobile 

platforms without requiring a lot of processing power. 

 

4.3 Results and Discussion 

The end results show that dragon fruit quality rating may be automated with surprising 

precision using machine learning, particularly deep learning. The performance gradually 

improved with more potent architectures, beginning with the baseline CNN model, which 

attained a respectable 94% accuracy. Even with moderate datasets, transfer learning 

dramatically increases model capability, as seen by the 98% improvement in classification 

results achieved by the popular residual network model ResNet-50. With a remarkable 99.5% 

test accuracy, EfficientNet-B0 obtained the greatest classification accuracy. Furthermore, its 

strong classification performance between the Fresh and Defect classes was indicated by its 

computed AUC-ROC score of 0.99. With very few false positives and false negatives, the 

confusion matrix verified that misclassifications were low. This performance demonstrates the 

system's ability to accurately identify faulty dragon fruits, guaranteeing that only premium 

fruits are distributed to consumers. Because it decreases human labor, increases uniformity, 

and gets rid of subjective errors, such a system has the potential to revolutionize agriculture. 

The resource efficiency is yet another noteworthy finding. EfficientNet-B0 produced greater 

accuracy with fewer parameters and less computation than ResNet-50, which necessitated 

longer training cycles and more GPU RAM. This made it perfect for real-world deployment 

on platforms such as smartphones or edge devices. Therefore, the findings demonstrate that 

EfficientNet-B0 not only outperforms earlier dragon fruit grading research but also provides a 

scalable, effective, and precise solution for real-world application in the agricultural sector. 

 

4.4 Summary  

In conclusion, this chapter described the thorough setup, testing, and assessment 

of the machine learning models used in the dragon fruit grading system. Three 

models—a baseline CNN, ResNet-50, and EfficientNet-B0—were created and 

evaluated. The comparative research verified that transfer learning with ResNet-

50 improved performance to 98%, even though the CNN model had a solid baseline 

with 94% accuracy. EfficientNet-B0, the top-performing model in our investigation, 

produced the most remarkable outcomes, nonetheless, with a peak accuracy of 

99.5%. These outcomes show that the suggested method is not only very accurate 

but also scalable, resource-efficient, and prepared for practical implementation. 

This method has the potential to modernize agricultural quality control, boost 

productivity, and boost revenues for exporters and farmers by automating fruit 

grading. 
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Chapter 5 

 

Engineering Standards and 

Design Challenges 

 
The influence of the proposed system on sustainability and society, the financial and 

project management aspects, the engineering standards used during the project, and the 

engineering issues faced and resolved during the research are all included in this chapter. 
 

 
5.1 Compliance with the Standards 

 

In order to guarantee code quality, performance, scalability, and preparedness for future 

deployment, a number of engineering criteria were followed during the creation of the 

Dragon Fruit Quality Grading System employing machine learning. The chosen standards, 

alternative possibilities, their benefits and drawbacks, and the reasoning for their 

selection are covered below. 

 

 

5.1.1 Software Standards 

 

 To guarantee code quality, maintainability, and reproducibility, internationally 

recognized software development standards were adhered to during the creation 

of the dragon fruit quality grading system. The code conforms with PEP8 (Python 

Enhancement Proposals) guidelines for modular design, variable name, and 

appropriate indentation. The TensorFlow 2.x framework, which supports 

reproducibility and scalability and conforms with contemporary machine learning 

pipeline standards, was used to construct the deep learning model. By adhering 

to the FAIR principles (Findable, Accessible, Interoperable, Reusable), data 

management made sure that training and testing datasets could be appropriately 

documented and utilized again in subsequent studies. 

 

 

 



28 

©Daffodil International University  

5.1.2 Hardware Standards 

NVIDIA CUDA architecture demands and PCIe 3.0/4.0 compatibility are met by 

the cloud GPU provisioning standards, even though the project was implemented 

utilizing Google Colab's cloud infrastructure, which abstracts hardware 

management. This guarantees that the system will adhere to the latest hardware 

standards for AI computing in the event that it is deployed in the future on 

physical hardware (such as GPU servers or mobile edge devices). Any future 

hardware implementation (such as Tensor Flow Lite on mobile devices) will 

adhere to ONNX (Open Neural Network Exchange) for model portability and ARM 

computing standards. 

 

5.1.3 Communication Standards 

During the dataset transfer between Google Drive and Google Colab, 

HTTP/HTTPS protocols were followed for data exchange and storage. 

Furthermore, for smooth communication between user apps and server-based 

machine learning models, any future API-based model deployment would adhere 

to REST API standards. MQTT protocol and LoRaWAN might be taken into 

consideration in prospective IoT-based agricultural applications to guarantee 

adherence to lightweight communication standards appropriate for rural 

agricultural environments. 

 
 

5.2 Impact on Society, Environment and Sustainability 

 

5.2.1 Impact on Life 

There is a great chance that the suggested dragon fruit quality grading system 

will enhance the lives of farmers, consumers, and agricultural Laborers. The 

system ensures that only high-quality fruits make it to the market by automating 

the fruit grading process, which eliminates the need for time-consuming manual 

inspection and minimizes human error. Because there are no underlying flaws, 

citizens can eat fruit in a safer and healthier manner. By automatically certifying 

the quality of their produce, it gives farmers the chance to get better prices for 

their produce while also lowering post-harvest losses and enhancing revenue. 

 

5.2.2 Impact on Society & Environment 

This method enhances food safety, supply chain efficiency, and overall agricultural 

competitiveness in Bangladesh and comparable regions by promoting agricultural 

modernization and encouraging small-scale farmers to embrace technology-driven 

solutions. 
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By accurately recognizing faulty produce early on and preventing large batches 

from spoiling because of a few damaged fruits, the technology minimizes fruit 

waste from an environmental standpoint. This waste reduction supports 

environmental sustainability goals by reducing the carbon footprint related to 

fruit storage and transportation. 

 

5.2.3 Ethical Aspects 

The project complies with ethical standards of openness, equity, and inclusivity.  

Both large and small farmers can use the system, which makes sure that 

technology doesn't exacerbate already-existing disparities. To prevent biases and 

guarantee impartiality in the evaluation of fruit quality, the AI models are trained 

on a variety of datasets. Since all photos were acquired with consent and without 

violating anyone's right to privacy or intellectual property, data privacy was 

preserved throughout the dataset gathering process. 

 

5.2.4 Sustainability Plan 

The system has been made to be flexible and scalable in order to guarantee long-

term viability. By using the lightweight EfficientNet-B0 architecture, the grading 

system will eventually be able to run on portable edge computing gear or mobile 

devices, delivering the technology straight to farmers and markets. The model 

architecture is also extendable, which means that it can be modified to work with 

different fruits and agricultural goods. This helps the system scale for larger 

agricultural modernizations projects. The system may be updated and maintained 

without incurring large ongoing expenses because to the open-source tools and 

libraries that are utilized. 

 
 

 

5.3 Project Management and Financial Analysis 
 

With milestones for dataset collection, preprocessing, model building, training, and 

evaluation, the project used an agile development methodology. Trello boards and 

Google Sheets were used for task management and progress monitoring. The 

timing corresponded with the academic semester schedule and lasted roughly 16 

weeks. In terms of finances, the project was very economical. Since model training 

was done using Google Colab's free GPU tier, no physical infrastructure expenses 

were incurred. 
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Google Drive was used to handle dataset storage, saving money on server rental 

fees. Since all of the tools and libraries were open-source, there were no costs 

associated with software licensing. Cloud hosting, mobile app development, and 

deployment hardware (such as smartphones or edge devices) could be expensive if 

it were ever commercialized. Even these expenses should be reasonable, though, 

considering how lightweight the system is, guaranteeing that small farmers and 

cooperatives can continue to afford the technology. 

 

5.4 Complex Engineering Problem 

5.4.1 Complex Problem Solving 

Based on engineering practice, this portion maps the research using intricate 

problem-solving categories. Every mapping is supported by the tasks and 

abilities used on this project. 
 

 

EP1 

Dept. of 

Knowledg

e 

EP2 Range 

of 

Conflicting 

Requiremen

ts 

EP3 

Depth 

of 

Analysi

s 

EP4 

Familiarit

y of 

Issues 

EP5 

Extent of 

Applicabl

e Codes 

EP6 

Extent of 

Stake-

holder 

Involveme

nt 

EP7 

Interdependen

ce 

✓  ✓ ✓   ✓ 

 

Table 5.1: Mapping with complex problem solving. 
 

Rationale for EP1 achievement: We needed extensive expertise in a number of 

engineering fields, including machine learning (ML), deep learning (DL), image 

processing, and data augmentation techniques, in order to create the dragon fruit 

quality grading system. It was crucial to be proficient in model optimization, 

TensorFlow framework, and Python programming. When creating models like 

EfficientNet-B0 that performed better than conventional techniques, this 

multidisciplinary understanding was essential. Thus, a solid engineering base was 

essential to the project's success. 

Justification of EP3 attainment: We thoroughly examined over 15+ previous 

research studies on fruit grading schemes. We found gaps in earlier work by 

examining various models (CNN, ResNet, SVM, and VGG), datasets, and reported 

accuracies. We tested several models as a result of this analytical procedure, and 

after comparing them, we ultimately chose EfficientNet-B0. This thorough 

examination gave us a variety of viewpoints and helped us to improve on previous 

findings. 
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Justification of EP4 attainment: Because of our previous training in machine 

learning and computer vision, we were familiar with the majority of the issues 

encountered throughout this research, including dataset imbalance, overfitting, 

and model evaluation. Our proficiency with classification problems, performance 

measures (accuracy, recall, AUC), and transfer learning greatly aided us in 

recognizing and successfully resolving technical challenges throughout the system 

development process. 

Justification of EP7 attainment: Because the dataset utilized in this study was 

carefully gathered and enhanced, it was unique and unrelated to other publicly 

available datasets. Although other fruit datasets were used in previous articles, 

our dragon fruit dataset is distinct and tailored to our research. The system is 

scalable and prepared for further stakeholder involvement in the future since it is 

flexible and can be extended with greater datasets from farms, exporters, and 

various areas. 

Mapping with Knowledge Profile for EP1 
 

This table 5.2) is designed to map the EP1 to the Knowledge Profile. 

 

K3 Engineering 

Fundamentals 

K4 Specialist 

Knowledge 

K5 

Engineering 

Design 

K6 

Engineering 

Practice 

K8 Research 

Literature 

✓  ✓  ✓ 

Table 5.2: Mapping with knowledge Profile. 

 

Justification of K3 attainment: The foundation of this project is the essential 

engineering principles that we learnt in our undergraduate courses, including 

algorithm creation, data analysis, and optimizations techniques. The development 

of the dragon fruit quality rating system required expertise in areas such as 

statistical analysis, classification model creation, and data preprocessing. 

Justification of K5 attainment: We created and put into use a novel machine 

learning system that uses image classification to automatically classify dragon 

fruits into two groups: fresh and defective. In order to test several deep learning 

models and choose the top-performing one, we also developed a comparative 

framework. This allowed us to use our engineering design expertise to produce a 

workable solution. 

Justification of K8 attainment: The assessment of the literature on current fruit 

grading systems offered important new information about the models and tools 

that earlier researchers had employed. We adopted the state-of-the-art model 

EfficientNet-B0 as a result of this review, which also made sure that our system 

was creative and enhanced upon previous methods. Additionally, the survey 

brought attention to the study gap in dragon fruit grading, which our work 

effectively filled. 
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5.4.2 Engineering Activities 

This section maps the research with complex engineering activities categories and provides 

justifications for each. 

 

EA1 Range of 

Resources 

EA2 Level of 

Interaction 

EA3 

Innovation 

EA4 Consequences for 

Society and 

Environment 

EA5 

Familiarity 

✓  ✓ ✓  

Table 5.3: Mapping with Complex Engineering Activities 

 

Justification of EA1 attainment: Images of dragon fruit that were painstakingly 

gathered from nearby marketplaces and internet agricultural photo archives were 

among the many original sources of the data used in this research. Rotation, 

zooming, and flipping were some of the methods we used to expand the dataset. 

For training, we used Google Colab with free-tier GPUs, which made system 

development affordable and accessible, particularly for small-scale farming 

initiatives. 

Justification of EA3 attainment: By using EfficientNet-B0, which hasn't been 

widely applied to dragon fruit grading, the suggested approach introduces 

innovation. The system outperforms previous models documented in the literature 

with an accuracy of 99.5%. Furthermore, because it is mobile device optimized, 

farmers and exporters may use smartphones to grade fruits, which is a 

revolutionary step for agricultural quality control in places like Bangladesh. 

Justification of EA4 attainment: Both society and the environment benefit from the 

dragon fruit grading system. By automating grading, it guarantees that consumers 

receive fruits of superior quality, minimizing food loss from spoiling. This enhances 

supply chain effectiveness and food safety. Reducing waste helps agriculture 

achieve sustainability goals by lowering the carbon footprint related to the storage 

and transportation of faulty produce. 

 

Engineering activities involved: 

 Building and managing a dataset from Kaggle of 5,011 dragon fruit images. 

 Designing and coding multiple ML models (CNN, ResNet-50, and EfficientNet-B0). 

 Running model training cycles on Google Colab with GPU acceleration. 

 Implementing evaluation pipelines to compute classification reports and confusion 

matrices. 
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 Comparative analysis to select the best model architecture based on multiple 

performance metrics. 

 Planning for future deployment, including lightweight model conversion using 

TensorFlow Lite. 

 

These tasks guarantee that the project satisfies practical usability and scalability 

criteria by aligning with intricate engineering procedures that involve design, 

experimentation, assessment, and solution optimizations. 

 

 

5.5 Summary 
 

This chapter has provided a description of the engineering standards, social 

impact, project management, and advanced problem-solving strategies employed 

throughout the study. The project ensured environmental and socioeconomic 

sustainability, adhered to globally accepted hardware and software standards, and 

considered ethics. Because of careful project management and resource efficiency, 

the system was developed successfully and affordably. The complex engineering 

challenges of dataset processing, model optimizations, and performance evaluation 

were effectively addressed with state-of-the-art machine learning techniques. 

 

As a result, the proposed dragon fruit grading system is a workable, efficient, and 

advantageous social choice that may be adjusted and applied in real agricultural 

environments in the future. 
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Chapter 6 

 

Conclusion 

 
The primary findings and contributions of the research project are outlined in this chapter. 

Additionally, it talks about the study's shortcomings and suggests ways to improve and 

broaden the dragon fruit quality rating system in the future. 

 

 

6.1 Summary 
 

The goal of this study was to employ machine learning techniques to create an 

automated Dragon Fruits Quality Grading System. The main goal was to use 

exterior visual characteristics including color, texture, and shape to divide dragon 

fruits into two groups: fresh and defective. A detailed analysis of the literature 

revealed that dragon fruit grading is still largely unexplored, despite the fact that 

machine learning techniques have been applied to other fruits such as apples, 

mangoes, and citrus. A unique dataset of 5,011 photos of dragon fruit has been 

collected in order to fill this gap and improve model generalization. A variety of 

deep learning models were used and contrasted, including the more recent 

EfficientNet-B0, ResNet-50, and a conventional CNN. EfficientNet-B0 

outperformed the other models in terms of precision, recall, and AUC-ROC score, 

achieving the greatest validation accuracy of 99.5%. The suggested system also 

provides a scalable solution appropriate for farmers, exporters, and retailers, and 

it supports real-time image-based detection. This study's primary contribution is 

its capacity to automate the grading procedure, reduce the need for human 

intervention, and produce reliable, superior classification outcomes. In addition to 

advancing the field of AI-driven agricultural automation, the findings pave the way 

for further study and useful applicability in actual agricultural supply chains. 
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6.2 Limitation 
 

Despite the encouraging outcomes of this study, a number of caveats must be 

noted. First, although being comparatively large at 5,011 photos, the dataset was 

gathered in a controlled environment with consistent lighting and backgrounds. 

This implies that the model might not function as effectively on photos captured 

in various environmental settings, such as with changing lighting, cluttered 

backgrounds, differently orientated fruit. Second, dragon fruits are currently 

solely divided into two categories by the evaluation system: Fresh and Defect. 

Fruit quality is frequently more complex in real-world situations, with different 

levels of flaws, ripeness, and surface imperfections. The model's capacity to 

manage multi-class grading jobs, which are typical in agricultural quality control, 

is restricted by the binary classification. The system's dependence on outside 

visual cues is another drawback. The current approach is unable to identify 

internal flaws like spoiling, bruising under the skin, or illnesses that do not show 

up on the outside. Furthermore, even though EfficientNet-B0 performed 

exceedingly well, it necessitates GPU-based computing capabilities, which small-

scale farmers or enterprises in remote locations would not be able to give. Lastly, 

the model has not yet been used in a production setting. The system's scalability 

and practical efficacy have not yet been confirmed in the absence of user input and 

field tests. Therefore, even if the research makes a substantial contribution to the 

academic field, more work is required to get the answer into widespread use. 
 

 

 

 

6.3 Future Work 

 
 

The study's encouraging findings set the stage for a number of future lines of 

inquiry and system improvements. Dragon fruits can be divided into several 

quality categories, including Grade A (premium), Grade B (minimal faults), and 

Grade C (rejected), by first extending the current methodology from binary 

classification to multi-class grading. As a result, the system would be more useful 

and in line with actual agricultural norms. Second, by training the model on a 

more varied dataset that include photos taken from different perspectives, 

backdrops, and lighting conditions, future research should concentrate on 

enhancing the model's resilience. Including data gathered from various geographic 

locations would help improve the model's adaptability and generalizability. The 

use of X-ray or hyperspectral imaging equipment to uncover internal flaws that 

are not apparent from the outside is another exciting avenue. As a result, the 

grading system would be more thorough and useful in upscale markets where 

internal quality is just as important. In terms of implementation, the system can 

be transformed into a web-based or mobile application that enables farmers and 

vendors to use cellphones to grade quality in real time. Such an application would 

help farmers who operate in rural areas and democratize access to AI technology. 
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Lastly, expanding the proposed methodology's impact across the agricultural sector 

could be achieved through collaboration with agricultural agencies and exporters 

for field trials and pilot projects. This would allow for the collection of valuable 

feedback and the refining of the system as it prepares for commercial adoption. 
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