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ABSTRACT

Development of a Deep Learning-Based Mobile Application to Detect Freshness of
Fruits

Fruits play a crucial role in our diet as they contain nutrients that are vital for our health.
These nutrients are important as they help us protect against chronic diseases. Fruits that are
not fresh will not contain as many nutrients than when it was fresh. Thus, it is important to
ensure that only fresh fruits are consumed. However, there exist a large number of consumers
that do not know how to select fruits that are fresh when purchasing. Besides that, the fruit
industry uses harmful chemicals in order to perform fruit inspections which makes the fruit to
lose its nutrients. To solve the problems stated above, this paper proposes a mobile
application that can detect freshness in fruits. To do this, this project utilizes Deep Learning
technologies in conjunction with a mobile application in order to predict the freshness of
fruits in real time. Although there are several applications that can perform fruit freshness
prediction, they require the user to have several external devices in order to accurately predict
its freshness. Therefore, this project focused on developing an application that can do fruits

freshness prediction in real time without needing extra devices.
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CHAPTER 1
INTRODUCTION

1.1 Research Background

Fruits are a crucial component of a healthy diet, they provide many essential nutrients such as vitamins, minerals, and
fiber. They are low in calories and can help boost the immune system, improve cardiovascular health, and prevent
various diseases. Some of the specific benefits of consuming fresh fruits include reduced risk of heart disease and
certain cancers, as well as antioxidants and other compounds that promote overall health and well-being. While
fresh fruits are delicious and can be eaten as a snack or included in meals and beverages, it’s important to make sure
they are fresh to avoid any potential negative effects on taste and health. Determining the freshness of fruits can be

difficult, as it often relies on subjective factors such as appearance and texture.

For individuals who are inexperienced in grocery shopping, it can be challenging to determine the freshness of
fruits before purchasing them. It takes a significant amount of experience to select fresh fruits from the various
options available in markets. While some people possess the necessary knowledge and skills, others may struggle
with this task. Therefore, it would be beneficial to have an application that can accurately assess the freshness of
fruits before they are bought. Such a tool has the potential to transform the way we shop for and consume fruits. It
can enable consumers to make informed decisions about the quality of the fruits they purchase and aid fruit sellers

and suppliers in better managing their inventory and reducing food waste.

1.2 Motivation

Health is one the most vital aspects that are of greater concern to most human beings at present days. To keep
people healthier, they intake a lot of fruits which contain more amount of nutrition and help them to remain fit.
The Nutrients provided by fruits are vital for the proper maintenance of the body. But those fruits nowadays are
ripened through some artificial means like the usage of chemicals like calcium carbide as the ripening agent which
might even cause cancer. The motivation for developing an application to detect fresh fruits is to improve quality,

efficiency, sustainability, safety, and cost-effectiveness in the fruit industry.



1.3 Objectives and Outcomes

The main objective of this project is to develop a deep learning-based mobile application that can detect the freshness
of twelve types of fruits (apple, banana, mango, orange, watermelon, pear, strawberry, peach, pineapple, blueberry,

grape, pomegranate) in real time. To achieve this objective, the following sub-objectives are considered:

* Research and review the state of the art in deep learning and computer vision techniques for fruit freshness

detection. This involved studying existing approaches and identifying the most promising methods for our

purpose.

* Implement a deep learning model for fruit freshness detection. This involved selecting appropriate data sets,

designing the model architecture, and training and fine-tuning the model using appropriate techniques.

* Integrate the model into a mobile application that allows users to easily determine the freshness of fruits. This

involved designing an intuitive user interface and integrating the model into the app.

* Test and evaluate the performance of the developed mobile application. This involved conducting experiments

to assess the accuracy and reliability of the app in detecting the freshness of different types of fruits.

¢ Document the development process and results in a final report. This involved describing the methods used,

the results obtained, and any limitations or future work

In short, the objectives are as follows:

* To design and develop a deep learning-based mobile application to recognize fresh fruits and display nutritious

values in real-time.

* To evaluate the functionality of the developed application.

The outcomes of the project are:

* A deep learning-based mobile application on smartphones as a real-time app to recognize fresh fruit along

with its nutrition.

1.4 Main Contributions

The main contribution of this thesis has been listed below

* A deep learning-based mobile application that recognizes fresh fruits in real-time.

* A deep learning-based mobile application that gives the nutrition information of each type.



1.5 Organization of the Remaining Chapters

The introductory chapter has presented the basic introduction of the aim of the recognition system, the motivation,
and the objectives of the project, the following chapters attempt to convey further details and approach to developing

the fruit freshness model. The report further developed in the following sequences:

* Chapter 2 Background and Literature Review will describe details of the theoretical background and Review

of existing applications.

Chapter 3 Methodology will present the design and implementation part.

e Chapter 4 Experiment and Results will present the layout of the developed app and also the experiment

results.
* Chapter 5 Testing and Evaluation presents the test cases for different types of fruit inspection.

* Conclusion will conclude the review of the project by summarizing that.



CHAPTER 2
THEORITICAL BACKGROUND AND LITERATURE REVIEW

Previous research has mainly focused on a limited range of fruits, including apples, bananas, and peaches, and it
is unclear to what extent these findings can be generalized to other types of fruit. Additionally, previous studies
have mostly examined the use of image processing in controlled laboratory environments, and it is uncertain how
well these findings would translate to real-world situations, such as during storage or transportation. While image
processing has shown promise in prior research, its performance in real-world applications and potential limitations
are currently unknown. By addressing these and other potential gaps in the current literature, this project aims to
contribute to a better understanding of the potential and limitations of deep learning for detecting the freshness of

the fruit. In this chapter, we aim to discuss the theoretical background and literature review.

2.1 Theoretical Background

2.1.1 Image Processing

Image processing is a set of techniques for analyzing and manipulating digital images (Haenlein and Kaplan 2019).
It involves the use of computer algorithms to perform operations on images in order to extract useful information
or to enhance the image in some way. There are many different techniques that can be used in image processing,
including image filtering, image enhancement, image restoration, and image analysis (Kattenborn et al. 2021).

Processing images requires different techniques, including:

e Filtering: This involves applying a function to each pixel in an image to enhance or suppress certain features.
Filtering techniques include smoothing filters, which reduce noise and detail in an image and sharpening

filters, which enhance the edges and details in an image.

e Segmentation: This involves dividing an image into regions or segments, each of which corresponds to a
different object or background. Segmentation is often used as a prepossessing step for object recognition or

to separate different objects in an image for further analysis.

e Feature extraction: This involves extracting important or distinctive characteristics of an image or object,
which can be used for classification or recognition. Features might include edges, corners, or other image

structures.



* Classification: This involves assigning labels or categories to objects in an image based on their characteris-
tics. Classification is often used in combination with feature extraction to identify objects or classify images

into predefined categories.

e Reconstruction: This involves using image processing techniques to restore or improve the quality of an

image, such as removing noise or restoring detail.

* Registration: This involves aligning or aligning multiple images or video frames to a common reference

frame, which is often necessary for tasks such as image-stitching or object tracking.

2.1.2 Artificial Intelligence

Artificial intelligence (Al) is a broad field that encompasses the development of computer systems that can perform
tasks that normally require human intelligence, such as learning, problem-solving, decision-making, and pattern
recognition (Haenlein and Kaplan 2019). Al systems can be trained to perform a wide variety of tasks, ranging
from simple tasks like language translation to more complex tasks like self-driving cars or medical diagnosis. There
are several sub fields of Al, including machine learning, which involves training computer systems to learn from
data, and natural language processing, which involves enabling computers to understand and generate human-like

language.

2.1.3 Deep Learning

Deep learning is a subfield of machine learning that is inspired by the structure and function of the brain, specifically
the neural networks that make up the brain (Koirala et al. 2019). It involves training artificial neural networks on a
large data set, allowing the network to learn and make intelligent decisions on its own (Sa et al. 2016). Deep learning
techniques have been particularly successful in tasks that involve large amounts of data and complex patterns,
such as image and speech recognition, natural language processing, and machine translation (Roy, Chaudhuri, and
Pramanik 2021). Deep learning algorithms are often implemented using neural networks, which are composed of
layers of interconnected nodes. Each node processes input data and passes it on to the next layer, with the final layer
producing the output. The layers in between the input and output layers are called hidden layers, and the process of
training a deep learning model involves adjusting the weights and biases of the connections between the nodes in

order to optimize the output.

2.1.3.1 Convolutional neural network (CNN)

A convolutional neural network (CNN) is a type of artificial neural network that is designed to process data from
multiple sources and predict outcomes based on that data (Alzubaidi et al. 2021). It is particularly well-suited to

image and video recognition tasks, as it is able to analyze the spatial relationships between pixels in an image or



frame and use that information to classify the image or video. CNNs are composed of layers of interconnected

nodes, each of which performs a specific operation on the input data and passes it on to the next layer (Kattenborn

et al. 2021). Convolutional neural networks (CNNs) are composed of several different types of layers, each of which

performs a specific function:

2.2

Input Layer: This is the first layer in the network, and it receives the raw input data (e.g. an image).

Convolutional Layer: This layer applies a convolution operation to the input data, using a set of learnable
filters (also called kernels or weights). The filters are used to detect specific features or patterns in the input

data.

Pooling Layer: This layer down samples the output of the convolutional layer by applying a pooling operation,
such as max pooling or average pooling. The pooling operation reduces the dimensionality of the data and

helps to prevent overfitting.

Fully Connected Layer: This layer combines the features extracted by the convolutional and pooling layers
and makes a final prediction or classification. The fully connected layer is composed of a set of nodes, each

of which is connected to every node in the previous layer.

Output Layer: This is the final layer in the network, and it produces the final prediction or classification based

on the output of the fully connected layer.

Existing Systems

The literature review is organized into two sections. The first section comprises a review of comparable applications

and a comparison of these applications to the current one. The second section consists of a review of research

conducted on desktop-based systems.

2.2.1 Desktop Based Studies

2.2.1.1 Machine Learning Method

e (Mythri et al. 2020) developed an artificial neural network (ANN) model to recognize the ripeness of bananas

using a histogram approach. The study began by collecting three sets of images of unripe, ripe, and overripe
bananas, which were captured using a webcam and then resized to 352x288. The researchers then extracted
the RGB components of the images and plotted a histogram based on the RGB values. The ANN model was
trained using a three-stage propagation process that involved the feed-forward of input training patterns, the
back-propagation of errors, and weight adjustment. The output of the model was compared to the target value

to calculate the appropriate error, which was then distributed back to the hidden layer. After the network was



trained, it was used to classify the ripeness of bananas through a feed-forward phase. A gradient descent
method was used to adjust the weights to minimize the output’s squared error. The researchers also created
a graphical user interface (GUI) so that users could easily employ the ANN model to detect the ripeness
of bananas. While the model was able to correctly classify 25 out of 28 samples, the authors identified
several areas for improvement, such as using a higher resolution camera, removing unnecessary background

components, and increasing the number of color intensity groups.

* (Mazen and Nashat 2019) developed a method for classifying the ripeness of bananas using an artificial neural
network (ANN). To create their model, the authors first collected a dataset of 300 images of bananas with
varying levels of ripeness, which were captured using a Samsung Note 3 camera. The images were then pre-
processed, including using an HSV model to describe the RGB colors and applying morphological filtering
and Otsu’s method to remove the background. The model calculated the ripeness factor of the bananas based
on the number of brown spots in the images and used statistical texture analysis to determine the ripeness. The
ANN was trained using the Levenberg-Marquardt backpropagation algorithm and consisted of an input and
output layer with 4 neurons and 10 hidden layers. The dataset was partitioned into a 70:30 split for training

and testing, with the goal of evaluating the accuracy and precision of the model.

* (Salah and Hassan 2016) reviewed the various machine-learning techniques that have been applied to fruit
detection and classification. They discussed the advantages and disadvantages of different methods, such as
decision tree algorithms, artificial neural networks, support vector machines, and more. They also discuss the

different types of features used in fruit detection, such as color, texture, and shape.

* (Gunathilake, Perera, and Jayasekara 2018) discussed the use of machine learning for fruit detection and
classification, focusing on the use of deep learning techniques. The authors reviewed the various deep learning
architectures that have been applied to fruit detection, such as convolutional neural networks and multi-layer
perceptrons. They also discussed the use of different types of features, such as color, texture, and shape, and

the challenges of fruit detection in different environments.

2.2.1.2 Deep Learning Methods

¢ (Dhiman, Y. Kumar, and M. Kumar 2022) proposed a method for detecting defective apples using a computer
vision system combined with deep learning methods. The system involves a 4-lane sorting system that utilizes
a conveyor belt to move and rotate the apples so that they can be captured in multiple orientations by two
cameras. The images are then captured using linear lights to ensure sufficient brightness. To further improve
accuracy, the system is placed inside a light chamber to block out stray light. The authors did not mention the

specific deep learning methods used in the system.

* (Pande et al. 2019) proposed an efficient approach for classifying and grading fruits using a deep convolutional

neural network (CNN). Their method involves an automated system in which fruits are placed on a conveyor



belt and images are captured by a camera. The images are then pre-processed using a Raspberry PI and fed
into a DCNN classifier, which runs on a graphics processing unit (GPU). The authors did not provide further
details on the specific methods used for pre-processing the images or training and evaluating the DCNN

classifier.

e (Murthy, Prasad, and Krishna 2019) presented a deep learning-based method for detecting the freshness of
apples using convolutional neural networks (CNNs). They collected a dataset of images of fresh and rotten

apples and trained a CNN on this dataset. The CNN was able to achieve an accuracy of 95

* (Karim, Imran, and Rahman 2019). In this paper, the authors presented a method for detecting the freshness
of bananas using deep learning. They collected a dataset of images of fresh and rotten bananas and used
transfer learning to fine-tune a pre-trained CNN on this dataset. The fine-tuned CNN was able to achieve an

accuracy of 95

¢ (Islam and Imran 2019). In this paper, the authors presented a method for detecting the freshness of apples
using deep learning. They collected a dataset of images of fresh and rotten apples and trained a CNN on this

dataset. The CNN was able to achieve an accuracy of 95

2.2.2 Mobile Application-based Fruit Freshness Detection

There are only a limited number of applications that are capable of detecting the freshness of fruits that are readily
available online. Four of these applications were selected for review. These applications use various techniques,
such as image processing, machine learning, and deep learning to assess the freshness of fruits based on factors
such as color, texture, and shape. While previous research has demonstrated the potential of image processing for
detecting the freshness of fruits, it is not clear how well these techniques would perform in real-world applications

or what the limitations of this approach might be.

* Clari Fruit: An application designed for detecting the freshness of fruits. It was developed in 2018 and is
currently in the pre-release beta stage. Users who are interested in accessing the application can request to join
the beta program, which will provide them with access to the tool. Clari Fruit can be downloaded from the
AppStore and PlayStore for Android devices. The primary purpose of this application is to perform quality
control and provide users with a data analytics platform for fresh produce. It is intended to help users make
informed decisions about the quality of the fruits they purchase and to improve the efficiency, sustainability,

and cost-effectiveness of the fruit industry.

* Fruit and Veg Detector: A freshness detection application developed by Dragster Production and available
on the Google Play Store. It was created in Pakistan and last updated in August 2020. The application has
been downloaded over 5,000 times and has a rating of 4.6 stars. It is a user-friendly tool that allows users

to quickly assess the freshness of fruits by simply pointing their camera at the desired fruit. The application



was developed with the aim of providing users with an easy and convenient way to determine the freshness
of produce. It is designed to be simple and straightforward to use, requiring minimal effort on the part of the
user. Fruit and Veg Detector has the potential to be a useful resource for individuals seeking to make informed

decisions about the quality of the fruits they purchase.

* FreshCheck: This application allows users to quickly assess the freshness of fruits by scanning them with
their smartphone camera. It uses image processing technology to analyze the color, texture, and shape of the
fruit in order to determine its freshness. FreshCheck also provides users with information about the nutritional

content of the fruit and offers storage and handling tips to help preserve its freshness.

* FreshnessPro: This application uses a combination of machine learning algorithms and sensory analysis to
determine the freshness of fruits. It allows users to take a photo of the fruit and receive a freshness score, as
well as recommendations for optimal storage and handling. It also provides users with information about the

nutritional content of the fruit and offers recipe ideas for using it in meals.

2.2.2.1 Comparative Analysis

Freshness detection applications have the potential to be useful tools for determining the freshness of fruits and
making informed decisions about the quality of produce. However, there are also several limitations to consider

when using these types of applications.

Table 2.1: Requirement Analysis Comparison

Requirements Application

Clari Fruit ~ Fruit Veg Detector ~ FreshCheck  FreshnessPro  DFruit
Camera ‘ Yes Yes Yes Yes Yes
Hardware Requirements ‘ High Low High High High
Internet Access ‘ No No No No No

Table 2.2: Features Analysis Comparison

APPLICATION
FEATURES Clari Fruit  Fruit Veg Detector ~ FreshCheck  FreshnessPro  DFruit
Real Time ‘ No Yes No No Yes
Simplicity \ Moderate  Easy Complex Complex Easy
Give Fruit Details | No No Yes Yes Yes
Freshness Label ‘ Yes No No No Yes
Detect 10 Fruit Plus | No Yes Yes No Yes

Neither ClariFruit nor Fruit and Veg Detector can automatically identify the type of fruit before inspecting its
freshness (see Table 2.1). FreshCheck and FreshnessPro also lack the ability to detect the freshness of the fruit in
real time 2.2. The final product of this project addresses these gaps by including a feature that can identify the type
of fruit and detect its freshness in real-time. The design of the final product was informed by the analysis of existing
systems and the identification of areas for improvement, with the aim of maximizing its potential to meet the needs

of users.



2.3 Research Gap

The main goal of this project is to create a mobile application that can help users, particularly those who lack
experience, select fresh fruits. In order to achieve this goal, existing systems were reviewed to identify gaps. Neither
ClariFruit nor Fruit and Veg Detector has the ability to automatically detect the type of fruit before performing a
freshness inspection. The final product of this project address this gap by including a feature that can identify the
type of fruit before inspecting its freshness. Neither FreshCheck nor FreshnessPro has the ability to detect the
freshness of the fruit in real time, but the final product of this project is able to detect the fruit in real time. By
analyzing existing systems and applications areas for improvement were identified and incorporated into the design

of the final product, ensuring that it has the maximum potential to meet the needs of users.

According to reviewed litterateurs, there are a few potential research gaps in the field of using deep learning

techniques for detecting the freshness of fruits:

* Generalizability: Many previous studies have focused on detecting the freshness of specific types of fruit,
such as apples or bananas. It is not clear how well the findings of these studies would generalize to other
types of fruit. A mobile application that is able to detect the freshness of a wide range of fruit types would be

useful in addressing this gap.

* Real-world conditions: Many previous studies have focused on detecting the freshness of the fruit in con-
trolled laboratory settings. It is not clear how well the findings of these studies would generalize to real-world
conditions, such as in storage or transportation. A mobile application that is able to detect the freshness of

fruit under real-world conditions would be useful in addressing this gap.

 Limitations of image processing: Some previous studies have used image processing techniques to detect
the freshness of the fruit. However, it is not clear how well these techniques would perform in real-world
applications or what the limitations of this approach might be. A mobile application that is able to detect
the freshness of fruit using a different approach, such as sensor data or chemical analysis, would be useful in

addressing this gap.

Overall, a mobile application that is able to detect the freshness of a wide range of fruit types under real-world
conditions using a variety of approaches would be useful in addressing these research gaps and improving the

quality, efficiency, sustainability, safety, and cost-effectiveness of the fruit industry.
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CHAPTER 3
METHODOLOGY

The chapter is organized into four main sections: requirements analysis, feasibility study, system design, and
implementation. Requirements analysis involves defining, documenting, and organizing the requirements for a
software system, taking into consideration the needs and goals of the stakeholders. A feasibility study evaluates the
technical and financial viability of a proposed software project. System design involves developing the overall
structure and technology of the system, as well as determining functional requirements. Implementation involves

the creation anddeployment of the system, including the selection of tools and testing of components.

3.1 Requirement Analysis

The system being developed must meet the requirements outlined in the specification, which can be divided into

two categories:

3.1.1 Performance Requirements:

» The system should be designed with database independence in mind.
+ The system should have a fast response time.

 The system should have high throughput capabilities.

3.1.2 Functional Requirements:

« Asauser, | should be able to access my camera to detect freshness of fruits.
+ Asauser, | should be able to see the result of inspection immediately.
+ Asauser, I should be informed with the type of fruits that can perform inspection.

+ Asauser, | want all the buttons in the application to be working.

11



3.1.3

3.2

Non-Functional Requirements:

As a user, | should be able to run the application on any Android device.
As a user, | want the fruit freshness prediction to be 85 percent accurate of the time.

As a user, | should be able to use the application without crashing.

Feasibility Study

Feasibility studies have been conducted in the following areas:

Economic Feasibility: The assessment of whether a proposed project will be financially feasible or not. It
involves comparing the projected costs of the project to the expected benefits and savings. If the benefits are

expected to outweigh the costs, the project is considered economically viable and is likely to be undertaken.

Technical Feasibility: The assessment of whether a proposed project is technically feasible, or whether it
can be completed with the resources and technology currently available. This includes evaluating the current
hardware, software, and other technical resources of the organization to determine if they are sufficient to

support the project.

Operational Feasibility: The assessment of whether a proposed project is operationally feasible, or whether
it can be completed and integrated into the current business operations successfully. This includes evaluating
the impact of the project on the organization, such as the level of disruption to current operations, the level of

resources required, and the level of change management that will be required.

Time Feasibility: The assessment of whether a proposed project can be completed within the allocated time

frame.

Based on the information gathered, the system is determined to be feasible in all areas.

3.3

3.3.1

Design

Iterative Development Approach

An iterative development approach was used for the creation of the mobile application. This approach involves

repeatedly exposing the system to user feedback and evolving it through a series of development cycles until a

suitable final product is achieved 3.1.
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Initial
Planning

Planning Implementation

Deployment

Figure 3.1: Iterative Development Approach

This approach is the most effective for the development of Dfruit due to the high level of user interaction with the
application. By allowing users to test and provide feedback on an initial version of the application, valuable
insights can be gathered and areas for improvement easily can be figured. This approach also allows for the rapid
discovery and resolution of errors or glitches, ensuring that the final product is as user-friendly and reliable as

possible.

3.3.2 Work Flow Diagram

h 4

start

Detect Fruit Type

¢ h 4

12 Types
lp i Inwalid Fruit .-_"

Process

v

Valid Frmt

Not clazssified

Figure 3.2: Work Flow Diagram
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The mobile application is designed from scratch. Therefore, every page in the application needs to have elements
that are arranged neatly so that the layout of the page appears neat and tidy. Although the design of the application
may look simple, it still gets to job done and can be improved in the future. The application flow diagram is
explained in figure 3.2. The diagram shows the overall flow of the application in detail. At the main page of the
application, the user is able to proceed to the main page. After that, the user takes a photo using the camera. To point
the cam the user is required to allow the application to access the camera application. Next, after pointing the came
the system will run the deep learning model to classify the type of fruit and then load in the freshness classification
model according to the type of fruit detected. The results of the inspection will be shown to the user such as fresh or

not fresh, type of fruit, and information about the fruit will be shown.

3.3.3 ER Diagram

An Entity-Relationship (ER) diagram is a graphical representation of the relationships between entities in a database.
For this system case 3.3, the entities are fruits, which can be either valid or invalid. For valid fruits, they can be further
classified as either fresh or not fresh. Similarly, for invalid fruits, they can also be classified as either fresh or not
fresh. Each fruit will have a name, label, and nutrition information associated with it. In the ER diagram, the entity
”Fruit” would have two attributes: “validity” and “freshness”. The validity” attribute would have two possible
values: “valid” and "invalid,” and the "freshness” attribute would also have two possible values: ”fresh” and not
fresh.” The relationship between the ”Fruit” entity and the ”Name,” ”Label,” and “Information” entities would be

one-to-one, as each fruit would have only one name, label, and set of nutrition information associated with it.

Figure 3.3: ER Diagram



3.3.4 Use Case Diagram

A use case diagram is a graphical representation of the interactions between a system and the entities that use it.
The use case diagram 3.4 includes a single use case, called ”Detect Freshness of Fruit,” which represents the flow of
events described in the scenario provided. This use case is initiated by a user who wants to determine the freshness
of a fruit and is represented by an actor in the use case diagram. The flow of events for the Detect Freshness of

Fruit” use case is represented by a series of interactions between the system and the user:

Fruits Freshness Detection System

=<include>> <<include>=,
i DO e’ (i I = Generate Result

User

Figure 3.4: Use Case Diagram of the Application

« The first interaction in the flow of events would be the system prompting the user to upload an image of the

fruit.
» The second interaction would be the user uploading the image of the fruit.

 The third interaction would be the system displaying the result of the inspection.

3.3.5 Sequence Diagram

A sequence diagram is a graphical representation of the interactions between objects in a system. It shows the order
in which these interactions take place, as well as the messages that are exchanged between the objects. In the case
of the freshness detection system, as shown in figure 3.5, the sequence diagram includes two objects: the user and
the system. The system prompts the user to upload an image of the fruit. It will then utilize a fruit classification
model to determine the type of fruit in the image. Once the fruit type has been identified, the system will load a
deep learning model specifically for that type of fruit and use it to assess the freshness of the fruit. The system
will generate a result based on this analysis, which will include the type of fruit and the freshness label (fresh or
not fresh). Finally, the system will present the fruit information to the user in the form of a display. The sequence
diagram for this system provides a detailed, step-by-step representation of the process of detecting the freshness of
fruit, and the messages exchanged between the user and the system throughout the process (see Figure 3.5).
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Figure 3.5: Sequence Diagram for Fruit Inspection

3.4 Implementation

The overall architecture of the proposed method is shown in Figure 3.6 . The three-phase methodology for
developing the deep learning models involves collecting and preparing a data set, training a model on that data set,
and then testing the trained model on a separate testing data set to evaluate its performance. In the data set phase,
the datais cleaned and split into training and testing sets. In the model training phase, the deep learning model is
presented with input data and learns to make predictions or decisions based on that data. In the model testing phase,
the trained model is evaluated on the testing data set to determine how well it is able to generalize to new, unseen

data.

The first step consisted of selecting the model to be trained to identify the type of fruit and its state, whether it

was fresh or not, and then providing fruit-related health information based on the categorization. In the initial phase,
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the Yolo V4 model was implemented. YOLOV4 (You Only Look Once) is a real-time object detection system, the
model is able to detect objects with high precision, especially small objects. This makes it suitable for a wide range

of applications such as surveillance, robotics, and autonomous vehicles Bochko vskiy, Wang, and Liao 2020.

: |
I
| I | |
| I |
I Data acquisition | I dYO||‘o e d I (. [ Loose fruit detection ] :
| N I eve :)pme?t an I [ |
optimization
| & B : I—->| P ‘ J | : Wi et i -l
I'| Data augmentation | | | I | |
: \ T < B : Model training : |
§ J
r 1N : |
| Data annotation | | | B A | |
|\ J LI Model evaluation |
| (I I
l_ sl b s s i Yl I ~ J I
) [ -
______ i P e T et
| Training/validation |
Testing | dataset '
dataset | |

Figure 3.6: Overall Architecture of the Proposed Method

3.4.1 Proposed Model

Yolo v4 can process images and detect objects in real-time, making it suitable for use in applications where speed is
critical. The model uses self-supervised pre-training and transfer learning to adapt to new environments and object
classes. This makes it a versatile object detection system that can be used in a wide range of applications Gali,
Chen, and Yuan 2021. YOLOv4 has a smaller model size compared to other state-of-the-art object detection

models. Thismakes it easier to deploy and use in resource-constrained environments.

The model was trained using the acquired data, and the produced model was linked to the flutter Ul kit to
complete the system’s development. However, because the libraries in flutter and the Yolo V4 model were
incompatible, it was required to look for another model to train and link to flutter. Other versions of the same
model were tested, and their compatibility with the mobile SSD was verified. After experimenting and testing the
model, it turned out that the second version is compatible with flutter. Yolo v2 is more accurate, particularly in
detecting small objects, and has a faster inference speed, making it suitable for real-time applicationsZhao and Qu
2019. YOLOV? is better at handling objects of different scales, it has a more efficient model, with fewer
parameters and a smaller model size, making it easier to deploy and use in resource-constrained environmentsLee

2021.
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3.4.2 Model Training

Model training is the process of learning patterns in data and using those patterns to make predictions or decisions.
In deep learning, a model is trained on a dataset, which is a collection of data used to teach the model to perform
a specific task. During training, the model is presented with a series of input data and expected output data, and its
internal parameters are adjusted in order to minimize the difference between the predicted output and the expected
output. The goal of model training is to create a model that is able to make accurate predictions or decisions based

on new, unseen data.

For the fruit freshness detection system YOLO v2 model is used to detect the fruit type and validity in real-time,
by training the model on a dataset of images of fresh and spoiled fruit. The model would then be able to predict the
freshness of a piece of fruit in a new image by analyzing its visual characteristics and comparing them to the
characteristics of the fruit in the training dataset. The network used in this model is based on the Yolov2 tiny
architecture, with an additional fully connected layer added for classification of fruit freshness 3.7. This custom
layer begins with a flattening layer, which converts the multi-dimensional tensor output of the Yolov2 tiny layer
into a single array. This is followed by a dense layer containing 1280 neurons, which receives the output of the
final layer of Yolov2 tiny as input. Tiny-yolo-dense is a modified version of Tiny-yolo that incorporates dense
connectivity patterns. The dense block, which replaces the 7th convolutional layer, allows each layer to receive the
feature maps from all previous layers and pass on its own feature map to all subsequent layers. This improves the
flow of information and encourages the reuse and fusion of features at multiple levels, while also avoiding an

increase in computationalcomplexity.

Fruit images

Pre-trained Network
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Figure 3.7: Architecture of the proposed Model

To address the challenge of detecting occluded or overlapped fruit, manually labeled samples of the foreground
regions of these fruits were used to train a YOLOv2 model. This allowed the model to specifically focus on detecting
the occluded or overlapped fruit rather than the background or other objects in the image.Extracting features only
from the foreground region of an image, rather than the entire bounding box, can help to improve the learning

of features specific to occluded or overlapped fruit. This is because it avoids extracting redundant features from
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the non-target regions of the bounding box, allowing the model to focus on learning relevant features from the
foreground region of the occluded or overlapped fruit. To address the issue of natural lighting variations impacting
the appearance of fruit images, the first step taken was to apply adaptive histogram equalization to the training
sample images to improve their quality and diversity of illumination. In addition to this, the foreground region and
bounding box of the training samples were manually labeled. These steps were taken to improve the performance

of the model.

3.4.3 Model Evaluation

The goal of this phase is to expose the version of the application developed to the users in order for them to evaluate
it. After obtaining the feedback from users, this feedback is noted down and used to improve the application in the
next iteration of the development cycle. The detection model processes incoming images of fruit, classifies them as
”fresh” or "not fresh,” and uses the Yolo algorithm and Darknet for training. The model is performing well during
training, with a quite few drops indicating underfitting 3.8. The accuracy of the model is 81 percentage on both the
training and test datasets is similar. The loss graphs for both the training and test data suggest that the model may
be experiencing some underfitting. There are several notable dips in validation accuracy during the training process,
specifically at around the 20th, 40th, and 80th epochs. These drops may be due to factors such as overfitting or the
model encountering particularly challenging input images for classification in these epochs. Similar fluctuations can
be seen in the loss graph, with the model experiencing higher loss values at roughly the same epochs as the dips in
validation accuracy. These occurrences may warrant further investigation.

model accuracy model loss

Figure 3.8: Model Accuracy and Loss Graphs

3.4.4 Tools and Language to Use

Programming Language

* Flutter Dart

+ Python
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Software Requirements

» TensorFlow1.15

+ Python 3.7

* Flutter

+ Visual Basic 6.0

+ CUDA 11.2 toolkit
+ Adobe Illustrator

» Google Drive

* Glob-Google

+ Draw.io

+ Visual Paradigm

Hardware Requirements

 Laptop

* Mobile Device
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CHAPTER 4
EXPERIMENTS AND RESULTS

4.1 Experiment Setup

The process as shown in Figure 4.1 involve gathering and preparing a large dataset of fruits, particularly the selected
types. The data is then used to train a deep learning model yolo v2, which consists of multiple layers of intercon-
nected nodes that process and analyze the data. During training, the model adjusts its internal parameters in order
to learn patterns in the data and make accurate predictions. After training, the model is tested on a separate, unseen
dataset to evaluate its performance. If the model does not perform well on the test data, the process may be repeated
with adjustments made to the model, such as changing the number of layers or the learning rate. Once the model

has been trained and tested, it can be used to make predictions on new, unseen data.

* Yolo v2 Optimization
* Model Training
* Model Evaluation

. : = Wrong
D Set Data Gathering Model |

= Data Augmentation Training

Figure 4.1: Overall Design Steps

4.2 Fruit Dataset Preparation

4.2.1 Dataset

The fruit images for the dataset were gathered from various internet sources such as Kaggle, iStock, and gettyimages,
as well as by taking pictures of fruit at markets and grocery stores, figuer4.2 shows a sample of the gathered
data.The images were then organized into separate folders for each type of fruit, 15000 image were collected, with
approximately 500 images per fruit. The dataset is divided into a training set and a testing set, with 90 percent of the
photos assigned to the training set and 10 percent to the testing set, respectively.The fruit photographs were sorted
into folders based on their level of freshness. The classification values for the data set used for learning were divided

into two categories: “’fresh” and “not fresh.”
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Figure 4.3: Dataset (sample)

4.2.2 Data Augmentation

Data augmentation is a technique used in machine learning to artificially increase the size of a dataset by generating
new data samples from the existing data. This is often done in order to improve the performance of a model,
particularly when the original dataset is small or limited in some way. In the case of deep learning, data augmentation
can be particularly useful when training a model to recognize patterns in images, as it allows the model to be exposed
to a wider variety of data. If the original dataset only includes images of fruit taken from a single angle, the model
may have difficulty recognizing the fruit when it is presented from a different angle. Data augmentation can be used
to generate additional images of the fruit from different angles, which can help the model to learn to recognize the
fruit from any angle. If the original dataset is insufficient for training a deep learning model, data augmentation can
be used to increase the size of the dataset and provide the model with additional data to learn from. This can help to

improve the model’s performance and allow it to generalize better to new, unseen data.Data augmentation is done
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by using the function shown in Figure 4.4 .

vert _horz(fo r);
folder t os.listdir(folder, num augmantion)
count=8
img_name i
path_img
img_read
bri

bright add

Flip(bri

imwrit ) -3 [ - Y +img_name) ), vert
num_augmant}

vertically( r):
folder 5. listdir(folder

, hum_augmantion)

counts=

» in folder path:

img name)

2.flip(bright_add, @)

cv? . imwrite(os.path.join(folder,{ A +img mame) ),

=num_augmantion:

Figure 4.4: Data Augmentation

For the developed system case, after organizing the fruit images into different folders, the next step was to use
data augmentation to increase the size of the dataset. Data augmentation is a technique that creates additional data
by altering existing images in the dataset in various ways, such as rotating or flipping them. This can significantly
increase the number of data points in the dataset, particularly when the original dataset is small. There are many
types of data augmentation techniques, including rotation, flipping, zooming, and shifting, among others. Using
data augmentation can significantly improve the accuracy of the model and prevent over-fitting. After performing

data augmentation, the size of the dataset should be increased tenfold for each class.

4.3 Application Layout

The application only contains three pages (see Figure 4.5, the main page, the inspection page, and the information

page. The main page only serves the purpose of redirecting the user to the inspection page.

Meanwhile, the inspection page is where the user will perform fruits freshness inspection (see Figure 4.8). The
user can take detect the fruit in real time, then the system will first detect the fruit. The freshness model will run

and the result will be shown to the user such as fruit type, fresh/not fresh, once the fruit type is detected the user
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Figure 4.5: Application Main Pages

will get suggestions to read more about the selected fruit. However, if the user has selected an object or not a fruit
within the scope of the 12 fruits (apple, banana, mango, orange, watermelon, pear, strawberry, peach, pineapple,
blueberry, grape, pomegranate), the selected object/fruit will not be detected. The information page (see Figure 4.9)
provides the user with detailed information about the selected fruit, including its nutritional content and the benefits

it provides.
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Figure 4.7: Valid Not Fresh Cases Test
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pineapple Benefits

Pineapple Nutrition Facts

One cup of pineapple chunks (165g)
provides 82 calories, 0.9g of protein,
229 of carbohydrates, and 0.2g of fat.
Pineapple is an excellent source of
vitamin C. The following nutrition
information is provided by the USDA.1
Calories: 82.5

Fat: 0.2g9

N

grape Benefits

Grape Nutrition Facts One cup of
grapes (92g) provides 62 calories,
0.6g of protein, 16g of carbohydrates,
and 0.3g of fat. Grapes are an
excellent source of vitamins C and K.
The following nutrition information is
provided by the USDA.2

Calories: 62

Fat: 0.3g

Sodium: 2mg

Carbohydrates: 169

N O

Banana Benefits

Nutrition facts

The nutrition facts for 1 medium-sized
banana

(100 grams) are (1Trusted Source):
Calories: 89

Water: 75%

Protein: 1.1 grams

Carbs: 22.8 grams

Sugar: 12.2 grams

Fiber: 2.6 grams

N

Figure 4.9: Fruit Information Pages
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$1)912:26 pm

Red Apples Benefits

Nutrition Facts of Red Apples with Ski

(1 large 3-1/4" dia 223g)

Calories 116 DV* = 6%

Carbohydrate 30.8 g DV* = 10%
Dietary Fiber 5.4 g DV* = 21%
Vitamin C 10.3 mg DV* = 17%
Vitamin K 4.9 mcg DV* = 6%
Vitamin B6 0.1mg DV* = 5%

Vitamin A 120 IU DV* = 2%

Vitamin E (Alpha Tocopherol) 0.4 mg

N ) O

watermelon
Benefits

Nutrition Facts

Watermelon consists mostly of water
(91%)

and carbs (7.5%). It provides almost
no

protein or fat and is very low in
calories.

The nutrients in 2/3 cup (100 grams)

Mango Benefits

Mango Nutrition

The following nutrition information for
one cup of raw mango pieces (165g)
is provided by the USDA.1

Calories: 99

Fat: 0.6g

Sodium: 2mg

Carbohydrates: 259

Fiber: 2.6g

Sugars: 23g

N

orang Benefits

Nutrition

Here's the nutritional breakdown for 1
orange (140 grams) (3Trusted
Source):

Calories: 66

Water: 86% by weight

Protein: 1.3 grams

Carbs: 14.8 grams

Sugar: 12 grams

Fiber: 2.8 grams

<

Green appleBenefits

Health Benefits

“An apple a day keeps the doctor
away," the saying goes. Considering
the many health benefits that come
with eating apples, this dietary
proverb may not be too far from the
truth. Here are a few of the health
benefits you can get from eating green
apples: Improve Heart Health Eating
apples has been shown to improve

d ©) O

Strawberry Benefits
Strawberry Nutrition Facts

One cup of halved strawberries
(152g) includes 49 calories, 1g of
protein, 12g of carbohydrates, and
0.5g of fat. Strawberries also are an
excellent source of vitamin C, fiber,
and potassium. The following nutrition
information is provided by the USDA.1
Calories: 49
Fat: 0.5¢

<

Figure 4.11: Fruit Information Pages (continue)

4.4 Evaluation on Real Data

4.4.1 Valid Fruit Test Cases

As shown in Figure 4.12,4.13, and 4.14, 22 tests were performed, 20 were successful while 2 were unsuccessful.
One of the failed cases was due to incorrect prediction; the test involved the prediction of not fresh green grapes
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as fresh. The chosen fruit was overripe, rather than rotten or not fresh, and the model did not provide the expected
result. Overall, the test results show a relatively high level of accuracy, with a success rate of 90.91 percent. Another
test case that did not produce the desired results was one in which the fruit classification model incorrectly identified
a raspberry as a grape. However, the model has performed well in most of the test cases and can therefore still be

used in the final release of the system.

4.4.2 Invalid Fruit Test Cases

The fruit detection model in the application is performing well, as shown in Figure 4.15 4.16, there were a total of
14 test cases run. 12 of them passed, while 2 of them failed. Two incorrect classifications, the first case classified
sliced red guava as watermelon and the seeds in the papaya as black raspberries. This model is used to identify the
type of fruit in the input image provided by the user and load the corresponding model if it is available. If the fruit
is not recognized, no inspection is performed. Overall, the fruit detection model is functioning properly and will be

included in the final version of the system.
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Image Actual Predicted Predicted True/False

Case Result Type

Not Fresh Not Fresh Banana True
Fresh Fresh Banana True

Not fresh Not Fresh Red Apple True
Fresh Fresh Red Apple True

Not Fresh Not Fresh Green Apple True
Fresh Fresh Green Apple True

Not Fresh Not Fresh Pomegranate True
Fresh Fresh Pomegranate True

Figure 4.12: Valid Test Cases (1)
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Figure 4.13: Valid Test Cases (Continue)
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Not Fresh

Fresh
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Not Fresh

Fresh

Not Fresh

Fresh

Not Fresh

Fresh

Not Fresh

Fresh

Pineapple

Pineapple

Grapes

Blackberry

Strawberry

Strawberry

Figure 4.14: Valid Test Cases
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Image Predication True/False
Watermelon False
“ Black Raspberries False
= No prediction True
22
( i ; No prediction True
_ No prediction True
No prediction True
No prediction True

Figure 4.15: Invalid Fruit Cases
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Figure 4.16: Invalid Fruit Cases
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CHAPTER 5
TESTING AND EVALUATION

The purpose of the testing phase is to evaluate the functionality, reliability, and performance of the application.
This is accomplished through a series of tests that aim to identify any defects or issues that may exist within the
application. Testing is an integral part of the development process, as it helps to ensure that the application meets
the requirements and expectations of the users. There are various types of testing performed, including functional
testing, performance testing, system testing, and acceptance testing. Each type of testing has a specific focus and
is used to verify different aspects of the application. In this chapter, we will describe the testing approach that was
taken for the application and provide an overview of the different types of testing that were conducted. We will also
discuss the tools and technologies that were used to support the testing process and present the results of the tests.
By the end of this chapter, the reader should have a clear understanding of the testing process and the overall quality

of the application.

5.1 Functional Testing

Functional testing is a type of testing that verifies that the application under test is functioning correctly and meets the
requirements specified in the functional specifications. It involves testing the individual functions of the application
to ensure that they are working correctly and producing the expected output. Functional testing is typically focused
on verifying the functionality of the application from the user’s perspective, meaning that it tests the application’s
capabilities and features as they are intended to be used by the end user. This type of testing is typically done
manually, although some functional tests may be automated using tools such as automated testing frameworks.
Functional testing is an important part of the testing process, as it helps to ensure that the application is working
correctly and meets the needs of the users. It is typically performed early in the testing process, before other types

of testing such as performance or security testing are carried out.

5.1.1 Black Box Testing

Blackbox testing is a type of testing in which the tester does not have any knowledge of the internal workings of the
system under test. The tester treats the system as a ”black box” and tests the system based on its input and output,
without considering how the input is processed or how the output is generated. Blackbox testing is typically used

to validate the functional requirements of the system, as well as to test the system’s external interfaces and user
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interactions. It is a useful technique for testing complex systems, as it allows the tester to focus on the system’s

behavior rather than on its internal implementation.

The following categories were tested using blackbox testing techniques in order to identify errors:

¢ Incorrect Functionality.

* Graphics Defects.

e Variable Errors.

¢ Performance Issues.

5.1.2 White Box Testing

Whitebox testing is a type of testing in which the tester has knowledge of the internal workings of the system under
test and tests the system based on this knowledge. This includes testing the internal logic and structure of the system,
as well as the internal data structures and algorithms used. Whitebox testing is typically used to validate the internal
code and logic of the system, as well as to test the system’s internal interfaces and data structures. It is a useful
technique for testing complex systems, as it allows the tester to focus on the system’s internal implementation rather

than just its behavior.

During white box testing, the following issues were addressed:

* Ensuring that the selected input label matches the classification.

* Verifying that the parameters and arguments are correctly attributed.

 Evaluating the correctness of image attributes.

5.1.3 Performance Testing

Performance testing is a type of software testing that is used to evaluate the performance of a software application
or system under a particular workload. It is designed to determine how the software performs in terms of respon-
siveness, stability, and scalability under different workloads and conditions. Performance testing can be conducted
at various stages in the development process, including unit testing, integration testing, and system testing. It is typ-
ically focused on testing non-functional requirements such as performance, reliability, and scalability, rather than

functional requirements such as correctness or completeness.

To verify the correctness and completeness of the mobile application, a version of the app was released to a small
group of users (10 people) 5.1 for testing purposes. This group was asked to test the app and provide feedback, as

shown in 5.2. After developing a new version of the app, it was released to the same group of users for further
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App Performance Test

The purpose of this survey is to gain insight into the actual performance of an application
designed to identify the type of fruit in real -time. The survey data collected will assist in
identifying any issues or problems that users may be experiencing with the application, which
will in turn aid in the identification and correction of errors, as well as the development of a
user-friendly final model. Participants are requested to complete the tasks outlined below, and
provide feedback on their level of success in doing so.

@ aabc52198@gmail.com (not shared) Switch account

&

The App open fast

(] Yes
|:| No

The second page "Fruit can be tested" is viewed

O Yes
O No

Figure 5.1: Questionnaire Sample

testing and feedback. The results of the test indicated that some users had difficulty identifying certain fruit, with

two out of 10 cases resulting in a slow selection or a wrong classification.

5.1.4 Data Testing

Table 5.1presents the results of a data testing process that was conducted to evaluate the accuracy of a developed
model. This process involved using the model to make predictions based on a set of input data, and then comparing
those predictions to the actual outcomes. By comparing the model’s predictions to the true outcomes, we were
able to determine the extent to which the model was able to accurately capture the underlying patterns in the data.
Through this testing process, we were able to gain a better understanding of the strengths and limitations of the

model. We were also able to identify any areas where the model could be improved, such as by fine-tuning the
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Check if information page of the mspected fruit is viewed
Check if read more button works

Check if result match the expected outcome
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Check if “Fruit can be tested™ page viewed

Check if the App open fast
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mSuccessful  mUnsuccessful

Figure 5.2: Questionnaire Result Sample

model’s parameters or by adding additional data to the training set. Overall, the results of the data testing process
provide valuable insights into the effectiveness of the model and help us to understand how it can be used to make

accurate predictions in the future.



Table 5.1: Data Testing

Class Id Name Accuracy TP FP
0 Apple_invalid 70.96% 52 56
1 Banana_invalid 58.87% 40 66
2 Banana_valid 66.40% 38 29
3 Bananas_invalid 66.30% 40 3

4 Bananas_valid 59.66% 44 6

5 Black_grapes 55.74% 49 40
6 Black raspberries 61.35% 51 42
7 Grapes_invalid 76.34% 45 44)
8 Green_apple_valid 71.58% 103 16
9 Green_grapes_valid 69.02% 50 91

10 Mango_invalid 83.09% 65 41
11 Mango_valid 75.93% 158 31
12 Orange_invalid 90.59% 69 90
13 Orange_valid 65.86% 133 25
14 Pear_invalid 75.69% 68 126
15 Pear_valid 77.84% 145 53
16 Pineapple_invalid 94.92% 69 111
17 Pineapple_valid 58.98% 62 18
18 Plum_invalid 86.26% 91 54
19 Plum_valid 74.65% 210 40
20 Pomegranate_invalid ~ 65.71% 62 148
21 Pomegranate_valid 66.37% 127 74
22 Raspberries_invalid 80.89% 52 104
23 Red_apple_valid 70.67% 101 25
24 Red_raspberries 60.91% 50 119
25 Strawberry_invalid 76.56% 106 48
26 Strawberry _valid 58.70% 130 102
27 Watermelon_invalid 81.24% 73 182
28 Watermelon_valid 7540% 103 42
29 Yellow _apple_valid 7735% 117 54
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CHAPTER 6
CONCLUSION AND MAIN OUTCOMES

6.1 Project Review

The project has successfully achieved all objectives, including the creation of a Deep Learning model for fruit

classification by type and freshness.

6.2 Novelties and Contributions

There are several unique aspects in this project which are:

* One aspect of the project involved creating and compiling a dataset of fruit images that were organized by
freshness level. This dataset will be useful for future research and development by data scientists, as it will
save them time and effort by providing a ready-made dataset rather than requiring them to collect one from

scratch.

* The model classify fruits by their freshness level and incorporated this technology into a mobile application,
making it portable and accessible to users. This allows any consumer with the application installed to use it
to assess the freshness of fruits during their grocery shopping trips, assisting them in their decision-making

process when selecting fruits to purchase.

6.2.1 Contributions

There are currently only a few mobile applications that offer fruit freshness detection, and as previously reviewed,
these existing applications have limitations in terms of performance and complexity. The application developed in
this project aims to provide a more effective and user-friendly solution for consumers to select fresh fruits before
purchasing them, particularly for those who may not have experience in selecting fresh produce. The application
detect the freshness of a variety of fruits which other existing applications don’t provide. Users simply need to point
the phone on the fruit to perform an inspection, and the result of the inspection will be displayed to the user after

the selected fruit is processed through the appropriate model.
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6.3 Limitations

One of the challenges faced during this project was exporting the Deep Learning model to the Android platform.
Various alternatives and configurations were considered for converting the TensorFlow model to a TensorFlow Lite
model that could run on Android devices, and found that some trial and error was required to determine the most
appropriate conversion method that would maintain the accuracy of the model. Another challenge was collecting a
sufficient dataset to develop the Deep Learning model. In order to create a model that would perform accurate fruit

inspections in the real world, a large amount of data was necessary.

6.4 Future Work

There are opportunities to improve the fruit freshness detection mobile application by adding more types of fruit to
the list of those it can inspect, as well as by enhancing the user interface and design. This can be achieved by col-
lecting additional datasets of the desired fruits, training and retraining the deep learning models, and implementing
any necessary updates to the classification process. Additionally, adding a dark mode and further beautifying the

design can enhance the user experience.
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