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ABSTRACT

Classification of fresh and rotten vegetables is essential in our everyday life as it becomes
difficult sometimes to identify earlier whether the vegetables are fully fresh or not. There
is a possibility of suffering from severe diseases if defect vegetables are consumed. On
the other hand, it will also be difficult to import vegetables in foreign countries if
freshness is not found which may result in deterioration of economy. For this, we have
has been intended to use deep learning method to detect immediately which fresh and
rotten vegetables are fresh and which are rotten. Five vegetables are selected which are-
Cucumber, Green capsicum, pointed gourd, cabbage and tomato. These are divided into
10 distinct classes according to fresh and rotten categories. Fresh and rotten cucumber,
green capsicum, pointed gourd, cabbage and tomato, along with rotten are kept in the tent
box for capturing photos which will be good background for photos as only vegetables
can be recognized easily. At first, 1096 and 1016 raw image data of fresh and rotten
vegetables are captured respectively. This is done by capturing the photos of fresh and
rotten vegetables at various angles. After that these were tilted, rotated at the angles
different from the angles of photos existed during capturing and resized to increase more
in numbers. Among these, 206 images of fresh and 195 images of rotten vegetables are
tested and 830 images of fresh and 786 images of rotten vegetables are trained. Here the
four models of deep learning InceptionV3, MobileNetV2, VGG16 and Xception model
are applied as they can provide good accuracy. InceptionVV3 provides the accuracy of
98.50%, accuracy of VGG-16 is 97.01%, MobileNetV2 provides the accuracy of 99.50%
and Xception model has the accuracy of 99.75%. Among these four models, Xception is
the most accurate model.
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CHAPTER 1

Introduction

1.1 Introduction

The detection of fresh and rotten vegetables is significant for the agricultural and food
supply chain, ensuring accurate food quality, safety, and economic development of the
country. Here, method of high technology is used to detect the freshness and defect of the
collected vegetables. The freshness of vegetables is very important for safety of health as
consuming rotten vegetables can cause serious illnesses. Defect may takes place due to
keeping in a place of high temperature. It also happens that insect can also cause damage
to vegetables [10]. Detecting freshness and defect of vegetables manually takes lot of time
and there is also chance of possibility of errors and human fatigue. In order to solve the
problem occurred due to manual detection of fresh and rotten vegetables, deep learning
method is used so that it can detect fresh and rotten vegetables early in a short period of
time correctly and decision can be taken according that. This technology reduces the costs
of labor and increases efficiency throughout the food supply chain. We trained deep
learning models through large number of images of fresh and rotten vegetables so that we
can distinguish those two categories of vegetables fresh and rotten parts in an accurate and
errorless way. Ensuring vegetable freshness is crucial in a worldwide market with quality
standards. An automated system contributes to maintaining of these standards, and thus
improve reputation of exporters and the stability of economy of country. Deep learning
models like Convolutional Neural Networks (CNNSs) such as InceptionV3, MobileNetV2,
VGG-16 and Xception has shown outstanding performance in the image classification of
fresh and rotten vegetables. CNN models can collect properties from images automatically
and makes them highly suitable to differentiate between which vegetables are fresh and
which are rotten. Deep learning method is appropriate starting from grocery, supermarket
and upto export markets. The study of deep learning aims to introduce an innovative
solution that deals with health concerns, supports economic growth, and modernizes the

process of checking vegetable freshness through advanced and upgraded technology.
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1.2 Motivation

Deep learning models can handle a huge amount of data by making them suitable for
using in various detection activities. Deep learning is useful to recognize fresh and spoiled
vegetables which has the possibility of improving food safety, waste reduction, and
quality assurance. Accurate identification of vegetable freshness is needed for avoiding
health risks, gaining nutrition and minimizing waste. Automated systems due to deep
learning can improve accuracy and speed which reduces the possibility of human error
and labor expenses. Agricultural and retail sectors face massive economic losses due to
occurrence of defect of vegetables during storage and transit. Deep learning models can
assist in identifying and separating rotten vegetables and contribute in increasing supply
chain efficiency. This ensures high-quality product which ensures customer pleasure and
trust in businesses. The use of deep learning in vegetable identification is motivated by the
need to improve food safety, minimize waste, optimize supply chain management, and

assure high product quality standards for producers, retailers, and consumers.

1.3 Rationale of the Study

The rationale behind the study of "An Automated Process of Detecting Fresh and Rotten
Vegetables by Using Deep Learning™ lies in analyzing several important challenges and

opportunities in the food industry.

Firstly, ensuring the freshness of vegetables using deep learning is much important for
health and safety. Defected vegetables causes harm to health when consumed. For this, it
is necessary to identify whether vegetables are fresh o rotten so that rotten vegetables can
be removed from the supply chain. Traditional methods of checking vegetable freshness
causes the wastage of huge time and there can be possibility of error in detection due to

tiredness.

Secondly, in the global market, by exporting vegetables successfully maintaining high
quality standards is very needed for the. If freshness is not guaranteed, countries and

businesses of the countries may face economic losses due to rejection of shipments or loss
©Daffodil International University 13



of reputation. An automated system using deep learning can provide a reliable and
consistent method for ensuring the quality of vegetables.

Thirdly, the use of deep learning models offers great technological advantages. These
models can process large amounts of data and learn to recognize complex patterns, which
makes them highly effective for tasks like helping to understand fresh and rotten
vegetables differently. By training these models on diverse datasets, they can achieve high

accuracy and can help to adapt to identify different types of vegetables.

Automating detection of fresh and rotten vegetables is a suitable task as it saves money. It
removes the need for a lot of manual work, resulting in faster completion of required tasks
and reduces mistakes. This makes the supply chain work better and more reliably, which

is good for both producers and consumers.

In the end it can be said that, to identify the freshness and defect of vegetables, deep
learning is to be used to develop a better system. This new system will be more accurate,
efficient, and reliable. It will help ensuring food safety, support the economy by
improving exports, and introduce new technology to make the food supply chain better.

1.4 Research Questions

A research question is a clearly focused question that is helpful for study or investigation.
It defines about what the researcher wants to find out or understand through their research.
A good research question helps to understand the topic properly and gives direction to the
study by making it easier to gather relevant information and draw meaningful conclusions.
It serves as the foundation for the entire research project, ensuring that the research stays

on track and addresses specific aspects of the topic.
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e How much effective are the different deep learning models (InceptionV3,
MobileNetV2, VGG16, Xception) in classifying fresh and rotten vegetables?

e How does image augmentation (tilting, rotating, resizing) impact the accuracy
of deep learning models in detecting fresh and rotten vegetables?

e Can the developed deep learning models detect freshness in a variety of
vegetable types (cucumber, green capsicum, pointed gourd, cabbage,
tomato)?

e What economic impacts can be expected from implementing an automated
detection system for vegetable freshness in the export market?
e How does the real-time performance of the developed system compare to

manual identification in terms of speed and accuracy?

1.5 Expected Output

Vegetable detection using deep learning is more accurate comparing with image
recognition. It is effective in both academic research and industry. When the image
datasets are properly trained, the four models can be used to find out the difference
between fresh and rotten vegetables effectively. Among the four models which were
tested, Xception model was found to be the most accurate which shows the accuracy of
99.75%.

©Daffodil International University 15



CHAPTER 2
Background

2.1 Preliminaries/Terminologies

Deep learning is a type of artificial intelligence that uses neural networks with many layers
so that it user can learn from large amounts of data. These networks can recognize patterns
and make decisions, much like the human brain. Then the concept of a Convolutional
Neural Network (CNN) is known. A CNN is a specific kind of deep learning model that are
used for processing images. It works by scanning an image with filters so that the features
such as edges, colors, and textures can be detected which helps in identifying objects within
the images. From this the correct information will be found. Image Classification is the
process of training a model in order to recognize and categorize objects in images. In this
study, the goal is to classify vegetables as either fresh or rotten. Another term is Dataset,
which refers to the collection of images used to train and test the model. A good dataset
includes a wide variety of images to help the model learn effectively. Finally, the term
Accuracy is mentioned, which measures how well the model can correctly classify the
images into separate categories. High accuracy means the model is making correct

predictions most of the time.

2.2 Related Works

Roul et al. [1] showed a new deep learning model can detect the quality of Vegetables and
vegetables in a shot with 99% accuracy. It performs best in bright light against a plain
background. The mobile-based methodology considers color, texture, and flaws when
determining costs. An app will allow farmers and sellers to input data to help improve the
system and establish a national quality register. Tasmina [2] et al. stated that identifying
fresh vegetables is difficult since chemical use affects their quality. A novel system based
on DenseNet201 can categorize vegetables as fresh, old, or rotten with 98.56% accuracy
from photographs. The current dataset only comprises photos of the exterior shell and does
not take into account temperature or surroundings. Future enhancements will include these
aspects as well as internal photos, and the system will be accessible via mobile and web
apps. Yuan [3] et al. presents a novel method for detecting the freshness of vegetables and
Vegetables using deep learning. It reduces features from three pre-trained models

(GoogleLeNet, DenseNet-201, and ResNeXt-101) using PCA. The approach obtained
©Daffodil International University 16



96.98% accuracy in tests. While promising, additional research is required to make it
feasible for general use. Rehanul [4] et al. introduces FreshDNN, a bespoke CNN model
developed to detect the freshness of Vegetables and vegetables, which is critical for
reducing deterioration and preventing foodborne infections. FreshDNN was trained and
tested against six pre-trained CNN models using a dataset compiled from Kaggle and
Mendeley. FreshDNN outperformed the other models in terms of accuracy, computation
speed, and model size. Future development includes merging Explainable Al and vision
transformer technologies to improve performance even further. Kazi [5] et al. stated that
detecting rotten fruits and vegetables is very important in the agricultural industry.
Computer vision is useful for automating the detection of damaged and fresh produce.
Recently, farmers have found that using computer vision and image processing helps a lot,
especially in quality control by identifying rotten produce. Farmers struggle to distinguish
fresh from rotten produce because this task is usually done by people, who can get tired.
Robots, however, do not get tired. This study proposes a method to reduce human effort and
work time by identifying defects in agricultural products. Rotten vegetables and fruits can
affect healthy ones if not identified in time. Therefore, the suggested method aims to prevent
the spread of rot. The model detects fresh and decaying produce based on photos of fruits
and vegetables. The study tested six types of vegetables and six types of fruits. It discusses
different image processing methods for categorizing rottenness, using CNN, KNN, and
SVM to analyze the photos. The suggested model's efficiency was tested on Google and
Kaggle datasets, with the CNN model showing the highest accuracy of 95%. Jana et al. [6]
used CNN to detect rotten or damaged fruits and vegetables. Modern people care a lot about
food safety, especially because rotten or damaged fruits and vegetables can harm health and
lower food quality in processing industries. These bad fruits and vegetables can also spoil
the fresh ones they touch in inventories and supermarkets. Therefore, it's crucial to detect
and remove them early. Using automated systems with image analysis and deep learning can
be very effective for this purpose. The CNN model is trained to classify fresh from non-
fresh produce and has shown high accuracy and F1 scores when tested on two different
datasets. Accuracy of first dataset is 98.53% and that of second is 98.46%. The F-1 scores
are 99% and 99.19%. Zhou et al. [7] developed a robust method for segmenting and grading
broccoli heads in field conditions using the Improved ResNet deep learning algorithm. It
outperformed other approaches (GoogleNet, VVggNet, and ResNet) in segmentation and

©Daffodil International University 17



grading accuracy. The model was effective under various light intensities and noise
conditions, demonstrating its robustness. Accurate segmentation allows for the extraction of
traits like Above Ground Biomass (AGB), yield, and biological rhythm, making this
algorithm a powerful tool for large-scale, non-invasive phenotyping analysis and potentially
aiding future broccoli breeding research. Yaodi [9] et al. aimed to automate the detection of
surface defects in fresh-cut cauliflower using a convolutional neural network (CNN) and
transfer learning. They optimized the model by adjusting training hyperparameters and
freezing different numbers of layers, integrating parameters from ImageNet with their
experimental training. The improved MobileNet model achieved a high test accuracy of
98.85% and F-1 score of 98.87% with optimal hyperparameters (dropout = 0.5, learning rate
= 0.001) and 80 frozen layers. Comparisons with other CNN architectures (VGG19,
InceptionV3, NASNetMobile) showed MobileNet's superiority. Future work includes
expanding the dataset, refining the model for mobile deployment, and enhancing its
industrial applicability in fresh-cut cauliflower quality inspection. Mahmud et al. [10]
reviews the use of machine vision (MV) and image processing (IP) in agriculture to detect
defects, assess quality, and classify Vegetables and vegetables. It highlights the benefits of
computer vision systems (CVS) in providing accurate, rapid, and non-destructive
evaluations compared to traditional methods. The study emphasizes the need for advanced
technologies like deep learning and hyperspectral imaging to improve detection accuracy
and speed. It calls for further research to develop better algorithms, faster processing
techniques, and comprehensive image databases to enhance automatic grading applications

in the agricultural sector.

2.3 Comparative Analysis and Summary

In "An Automated Process of Detecting Fresh and Rotten Vegetables by Using Deep
Learning,” it is known how different deep learning models can effectively distinguish
between fresh and rotten vegetables. This research is crucial because it addresses the
challenge of identifying vegetable freshness accurately, which is important for both
consumer health and economic reasons, especially in the export market. It is not possible to
manually detect fresh and rotten vegetables for a long time as it is difficult to complete

monotonous tasks [6].
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We collected a large dataset of images containing fresh and rotten vegetables such as
cucumbers, green capsicums, pointed gourds, cabbages, and tomatoes. These images were
crucial for training the deep learning models. They employed four different models:
InceptionV3, MobileNetV2, VGG16, and Xception, all known for their capabilities in image
recognition tasks.

After training and testing these models, we found notable differences in their performance.
InceptionV3 achieved an accuracy of 98.50%, while VGG16 had an accuracy of 97.01%.
MobileNetV2 performed even better with an accuracy of 99.50%, and Xception emerged as
the most accurate model with an impressive accuracy of 99.75%. This means that Xception
was the most reliable in correctly classifying whether vegetables were fresh or rotten. The
study also explored the impact of image augmentation techniques such as tilting, rotating,
and resizing. These techniques were used to enhance the dataset by creating variations of the
original images. This augmentation proved beneficial as it helped the models generalize
better to different angles and conditions of vegetable photos, ultimately improving their
accuracy. The research demonstrated that deep learning models, especially Xception, can be
highly effective in automating the detection of vegetable freshness. This automated process
not only ensures better quality control but also has significant implications for health safety
and economic efficiency, particularly in industries reliant on the export of fresh produce.
The findings suggest that integrating such technology could lead to more reliable and

efficient vegetable quality assessment systems in the future.

TABLE 2.3.1: Comparative Analysis Table

Study Image type Models used Accuracy
Roul et al. (2020) Qualitative Deep Learning 99% Accuracy
vegetable Model
image
Tasmina et al. Fresh and Deep Learning Model 98.56% Accuracy
(2022) rotten vegetable
imags DenseNet201
Yuan et al. (2024) Fresh vegetable Deep Learning Model 96.98% Accuracy
images
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Rehanul et al. (2023) Fresh vegetable Deep Neural Validation Accuracy of
images FreshDNN is 97.8% and
Network Test Accuracy is 97.64%.
FreshDNN
Kazi et al. (2023) Fresh and Deep Learning KNN, 95% Accuracy
rotten fruits and SVM
vegetable
detection

Jana et al. (2021)

Defect fruits
and vegetables

Convolutional Neural
Network (CNN)

Accuracy of 1% dataset is
98.53%.

Accuracy of 2" dataset is

NASNetMobile,
MobileNet and
transfer learning

98.46%.
Zhou et al. (2020) Images of ResNet deep learning 89.6% Accuracy
broccoli algorithm
head
Yaodi et al. (2022) Images of a Convolutional Neural 99.27% Accuracy
portion of fresh Network (CNN) such
cauliflower as-VGG19,
InceptionV3,

Fatin et al.

Fresh and rotten
vegetables

CNN models such as
InceptionV3,
MobileNetV2, VGG-16
and Xception

Accuracy of
InceptionV3=98.50%,

Accuracy of
MobileNetV2=99.50%,

Accuracy of VGG-
16=97.01%,

Accuracy of
Xception=99.75%

Among the accuracies of the models performed by other authors and us, ours is the highest.
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2.4 Scope of the Problem

The scope of the problem is the difficulty of accurately determining the freshness of
vegetables using advanced technology.

Firstly, the need for such a system comes from the difficulty in visually differentiating
between fresh and rotten vegetables, which is hard to detect with the naked eye. This is
crucial because consuming rotten and defected vegetables can lead to health issues, and so

it is essential to ensure freshness of vegetables before consumption.

Secondly, in industries where vegetables are exported, ensuring freshness of vegetables is
vital for maintaining consumer trust and following international quality rules. The ability to
automate this process using deep learning models offers a promising solution to improve

accuracy and efficiency compared to traditional manual inspection methods.

The scope also extends up to the technical aspects of implementing deep learning models.
This includes gathering large datasets of images containing both fresh and rotten
vegetables, training the models to recognize patterns that distinguish between the two
states, and optimizing their performance to achieve high accuracy.

Furthermore, the study explores the potential economic impacts of implementing such
automated systems. By reducing the risk of exporting spoiled vegetables, countries and
businesses can enhance their competitiveness in global markets and minimize economic

losses due to rejected shipments or lower consumer confidence.

Overall, the scope of this problem encompasses technological innovation, health
considerations, quality assurance in food production, and economic implications.
Addressing these aspects through automated detection systems not only improves food
safety and consumer health but also strengthens the efficiency and reliability of vegetable

supply chains globally.
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CHAPTER 3

RESEARCH METHODOLOGY
3.1 Research Methodology:

Research methodology of project is the most important aspect of its work. It is a systematic
framework for conducting research, which includes the strategies, techniques, and tools used
to collect, analyze, and interpret data. It is like a detective's toolbox. It stores all the tools
and steps a curious mind uses to find out the truth about a topic. The detective which is
researcher first figures out what they want to find the research question. Then, they choose
the data collection methods like interviews, surveys, or experiments to gather clues which is
data. Finally, they carefully examine the data analysis to find out conclusion about the case
which is research findings. A good research methodology ensures the detective uses the
right tools and examines the clues fairly, leading to a reliable solution to the mystery. A
large collection of vegetable images is gathered to create a dataset. This dataset includes
images of both fresh and rotten vegetables. Then the images are preprocessed to make them
suitable for training a deep learning model. This might include resizing the images,
normalizing them, and augmenting the dataset to improve the model's performance. A
convolutional neural network (CNN) is then designed and trained using this dataset. The
CNN learns to recognize features that distinguish fresh vegetables from rotten ones. After
training, the model is tested on a separate set of images to evaluate its accuracy. This helps
to ensure that the model can reliably classify new images of vegetables as fresh or rotten.
Finally, the results are analyzed, and the model's performance is assessed. Any necessary
adjustments are made to improve accuracy, and the methodology may be refined for future
research. It includes defining the research problem, establishing objectives, and developing
hypotheses. A research project advances step by step so that the target goals can be reached.
With the right approach and preparation, it is possible to learn new things along the way. In
our study, we used various methods to work with the vegetable recognition dataset. These
methods included analyzing the data, preparing it for use, and enhancing it to improve the
results. Here the Trained Models are the VGG16, InceptionV3, Xception and MobileNetV2.
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3.1.1 Workflow for Vegetable detection System:

. Training Data
i (80%)
~ Test Data
(20%)
l
I ‘ Model
Predictions
1"
v

N— vee1e —
formance
kuatlon
.- 2

Fig.3.1.1.1 Proposed Workflow

This figure shows the process of developing and deploying deep learning model for image
recognition. The process starts by loading the data, which is then split into training data
(80%) and test data (20%). The data undergoes preprocessing to make it suitable for the
model. Next, the parameters for the model are set.

The main part of the process involves utilizing Convolutional Neural Networks (CNNs).
There are different types of CNN architectures mentioned, including InceptionV3,
Xception, VGG16, and MobileNetVV2. These models are used to make predictions based

on the data.

The predictions are then evaluated to determine the model's performance. If the model
meets the desired criteria, it is deployed for practical use. The entire process ensures that
the model is trained, tested, and fine-tuned before being deployed.
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3.1.2 Data Collection:

Data collection is the systematic process of gathering information from various sources to
answer specific research questions or objectives. Data collection is the process of
gathering information or observations for a specific purpose. In research, this often
involves collecting relevant data that will be analyzed to answer questions or test
hypotheses. It can include gathering data from sources like surveys, experiments, or
existing databases. The goal is to gather enough data that is accurate and representative to
draw meaningful conclusions or insights. It is crucial because the quality and quantity of
the data gathered directly impact the reliability and validity of the research findings. It is
needed for any analysis. Accuracy would be perfect if data sets are more genuine.
Effective data collection is critical for gathering accurate and comprehensive information,

which serves as the foundation for analysis and informed decision-making in research.

Fig 3.1.2.1 Sample of data

We extracted both fresh and rotten vegetables for our project as shown in Fig 3.1.2.1.
Cucumber, tomato, cabbage, pointed gourd, and green capsicum are the five varieties of
new and rotting vegetables we used. We bought them from supermarket. We used a tent
box to capture photographs of vegetables for this project. Then by processing, the fresh
vegetables are made rotten and the photos of rotten are captured in different angles. After
that, the images are resized, tilted at different direction, rotated at various angles.
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3.1.3 Data Preprocessing:

Data preprocessing is the initial step in analyzing data where raw data is transformed into
a more understandable and usable format. This process involves cleaning the data by
removing or correcting any errors or inconsistencies. It also includes transforming the data
into a standardized format, such as scaling numerical values or converting categorical
variables into numerical ones. It aims to prepare the data so that it can be effectively
analyzed by deep learning algorithms or statistical methods. By doing this, researchers can
ensure that the data is accurate, complete, and ready for further analysis to extract
meaningful insights. It is the method of manipulating and converting raw data into an
accessible format so that data can be more perfected. It is an important step in preparing
raw data for analysis because it cleans and transforms it into usable formats. This
procedure entails several steps, including handling missing values, correcting errors,
normalizing or scaling data, and encoding categorical variables. A successful
preprocessing step improves the quality of the data and increases the precision and
effectiveness of any further analysis or deep learning models. Files are rescaled and RGB
is made up of training samples.

3.1.4 Data Augmentation:

Data augmentation is a technique used in machine learning and deep learning to
artificially increase the size and diversity of a dataset. It is used to create image into new
ones. The goal of data augmentation is to improve the generalization and robustness of
deep learning models. By exposing the model to a wider range of variations in the data
during training, it learns to better handle different scenarios and variations it may
encounter in real-world applications. Using different types of transformations, including
rotations, flips, scaling, cropping, and noise addition, to the original data, new data points
are created throughout this procedure. By offering more diverse training examples, data
augmentation enhances the generalization and resilience of deep learning models in image
processing. It improves the model's performance on unknown data and helps in avoiding
overfitting by growing the sample artificially. Datasets are in the paper to obtain adequate
precision. By doing so, new variations of the original data are created without collecting

additional real-world data. This helps in reducing overfitting and improving the model's
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performance when applied to new, unseen data. Overall, data augmentation is a powerful
tool used to enhance the effectiveness and reliability of deep learning models. After data

augmentation, 401 images and 1016 images are found by data augmentation.

Dataset
M Fresh (Train) M Fresh (Test) Rotten (Train) M Rotten (Test)
200
180 175 171
163 163 161 163 162 160 162
160
140 136
120
100
80
%0 41 41 42
10 40 40 34 0 40 40 40
0
Cabbage Cucumber Green capsicum Pointed Gourd Tomato

Fig. 3.1.4.1 Train & Test data Bar chart.

It shows the datasets which are training and test number bar charts, as shown in Fig.
3.1.3.4. Four types of vegetables are obtained in the above Bar chart. These are - green
represents fresh vegetables training data, blue represents fresh test data, yellow represents

rotten ride, and dark green represents test image datasets of rotten vegetables.
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3.1.5 Training the model using the training dataset :
Four different convolutional neural network models are trained on our training dataset

which includes 1616 pictures of vegetables. I've chosen the following models:

3.1.5.1 INCEPTIONVS:

InceptionV3 is a deep learning model designed for image recognition tasks. It is known
for their high performance and efficiency. The InceptionV3 model uses a unique
architecture that includes multiple types of layers working together. These layers can
process different parts of an image at the same time, allowing the model to capture a wide
range of features. For example, it can detect small details like edges and textures, as well
as larger patterns like shapes and objects. One of the key features of InceptionV3 is its use
of "Inception modules.” These modules are like small sub-networks within the larger
network, each analyzing different aspects of the image. This approach helps the model to
be both deep and wide, making it very effective at understanding complex images.
InceptionV3 is also designed to be efficient, meaning it can achieve high accuracy without
requiring excessive computational resources. This makes it suitable for use in real-world
applications where both speed and accuracy are important. InceptionV3 is a powerful and
versatile deep learning model that excels at recognizing and classifying images. It has
been widely used in various fields, including medical image analysis, object detection,

and more.
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Fig.3.1.5.1.1 InceptionV3 architecture.
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3.1.5.2 XCEPTION:

The Xception model is a deep learning neural network used for image recognition tasks.
Its name stands for "Extreme Inception,” as it is an improved version of the Inception
model. Xception uses a unique architecture called "depthwise separable convolutions.”
This means it processes the spatial details (like shapes and edges) and the depth details
(like colors and textures) of an image separately. This separation makes the model more
efficient and faster, as it reduces the number of calculations needed. The model starts by
breaking down the image into small parts to recognize basic features. Then, it combines
these features to understand more complex patterns and objects in the image. This step-
by-step process helps Xception achieve high accuracy in identifying and classifying
images. Xception is known for being both powerful and efficient, making it a popular
choice for many image recognition applications, such as detecting objects in photos,
diagnosing medical images, and more. Its innovative design helps it perform well while

using less computational power compared to other complex models.

3.1.5.3 VGG-16:

The VGG-16 model is a deep learning neural network used for image recognition tasks.
Its name stands for Visual Geometry Group, which is the research group at the University
of Oxford that developed it. The "16" in VGG-16 refers to the fact that it has 16 layers in
its architecture. VGG-16 is designed to analyze images by breaking them down into
smaller parts and gradually building up a detailed understanding. It uses a series of
convolutional layers, which are layers that apply filters to the image to detect features like
edges, textures, and shapes. These convolutional layers are followed by pooling layers,
which reduce the size of the data while retaining important information, making the model
more efficient. One of the key features of VGG-16 is its simplicity and uniformity. It uses
very small filters (3x3) consistently throughout the network, which helps to capture fine
details in the images. Despite its simplicity, VGG-16 is very powerful and has been shown
to achieve high accuracy in image classification tasks. VGG-16 is widely used because it
balances good performance with a straightforward design, making it easier to understand
and implement compared to more complex models. It has been applied in various fields,
such as object detection, facial recognition, and medical image analysis.
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Figure 3.1.5.3.1; VGG-16 architecture.

There are three convolutional layers that are totally connected, the first two with 4096
channels each and the third with seven channels, one for each class. The soft peak layer is
the uppermost layer. Many of the network’s totally linked levels are configured in the

same way.

3.1.5.4 MOBILENETVZ:

MobileNetV2 is a deep learning model designed for image recognition tasks, especially
optimized for mobile and resource-constrained devices. It is known for being both
efficient and lightweight, meaning it can run quickly and use less computational power
while still achieving good accuracy. The model uses a technique called "depthwise
separable convolutions,” which splits the process of filtering and combining image data
into two simpler steps. This reduces the amount of computation needed, making the model
faster and more efficient. One of the key features of MobileNetV2 is the "inverted
residuals™ with linear bottlenecks. This design helps to preserve important information
while reducing the amount of data the model needs to process, further enhancing
efficiency. It is particularly useful for applications on mobile devices, like smartphones
and tablets, where processing power and memory are limited. It can be used for various
tasks such as object detection, image classification, and even real-time video analysis. It is
TensorFlow's first mobile computer vision model. The MobileNetV2 model uses depth-
wise separable convolutions, a sort of factorized convolution that converts a pointwise

convolution into a depth wise convolution and a conventional convolution into a depth
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wise convolution (11 convolutions). MobileNetV2's depth-wise convolution uses a single
filter for each input channel. In terms of values, the results are blended using an 11-
convolution. Convolution in depth is known as development. A traditional convolution
filters and integrates inputs in a single step to generate a new set of outputs. The depth-
wise separable convolution splits this into two layers, one for filtering and one for mixing.
Factorization limits the number of variables. MobileNetV2 uses depth-wise separable
convolutions. Compared to a network of regular convolutions of the same depth, it
significantly reduces the number of parameters. As a result, lightweight deep neural

networks are created.

Depthwise Convolution

T
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Figure 3.1.5.4.1: MobileNetV2 Identity Mapping.

3.1.6 Evaluation of the model:

Its goal is to calculate generalization accuracy of a model which is for the future data. It is
the process of evaluating a trained deep learning performance of model on a different
dataset which is referred to as the test set, in order to ascertain how well it generalizes to
new and unknown data. Evaluating a model means checking how well it works in making
predictions. This involves several steps to ensure the model is accurate and reliable. First,
we split our data into two parts: training data and test data. The model learns from the
training data, and then we test it using the test data to see how well it performs on new,
unseen examples. Next, we use different metrics to measure the model's performance. A
classification model is evaluated using three key criteria which are accuracy, precision,
and recall. The fraction of correct forecasts for the test data is known as accuracy. To

determine the answer, the number of correct predictions is divided by the total number of
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predictions. Accuracy tells us the percentage of correct predictions, and other metrics like
precision, recall, and F1 score, which give us more detailed insights into the model's
strengths and weaknesses. We also create a confusion matrix, which shows how often the
model makes correct and incorrect predictions for each category. This helps identify any
specific areas where the model might be struggling. Finally, we might use techniques like
cross-validation, where we repeatedly split the data into training and test sets in different
ways, to get a more robust evaluation of the model's performance. Evaluating a model
helps us understand how well it works, where it needs improvement, and whether it is

ready to be used for real-world tasks.

At first we tried with different models of deep learning but among them, InceptionV3,
MobileNetV2, VGG-16 and Xception model gave the accurate results. The model is
evaluated using the Confusion matrix, Accuracy, F1-score, Precision, Recall, and plot

diagram.
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The model architecture of our performed 4 models is shown below in tabular form:

Table — 3.1.6.1: Explanation of Model Architecture

Model 2:

Feature Moddl 1: MobileNetV Model 3: VGG16 Model 4:
InceptionV3 2 Xception
1 r
Base Model InceptionV3 MUbllze'\]el\ VGGl6 Xeeption
Weights Imagenet imagenet imagenet imagenet
Include Top FALSE FALSE FALSE FALSE
Specified by Specified by Specified by Specified by
Input Shape input_shape input_shape input_shape input_shape
variable variable variable variable
Freezing Yes Yes Yes Yes
Base Layers
Flatten Layer Yes Yes Yes Yes
Batch Yes Yes Ves Yes
Normalization es s s es
o | = =17 T B e
D"““‘*l Layer "P:;I'_']‘i.‘*'- > 'ﬁe‘['_“é‘b’ 512 units, ReLU 512 units, ReLU
Dropout 1 0.5 0.5 0.5 0.5
" P z e o] T
Dense Layer 230 unit, 236 nits, 256 units, ReLU 256 units, ReLU
Dropout 2 0.5 0.5 0.5 0.5
output_class
output_classes o5 umits output classes units output_classes
Output Layer units, Softmax ! pul_ e units, Softmax
y L Softmax Softmax activation A
activation P activation
activation
Adam WIFh Adam WIFh Adam with Adam with
. Exponeniial Exponential N . . .
Optimizer o - ExponentialDecay ExponentialDecay
Decay Decay . .
L . T learning rate learning rate
learning rate learning rate =
Initial
Learning 0.001 0.001 0.001 0.001
Rate
Decay Steps 10000 10000 10000 10000
Decay Rate 0.9 0.9 0.9 0.9

The above table of Explanation of Model Architecture compares four deep learning models,
each based on a different pre-trained architecture, namely InceptionV3, MobileNetV2,
VGG16, and Xception. These architectures serve as the foundation for building and fine-

tuning models for specific tasks, likely involving classification given the context provided.

For each model, the pre-trained weights are taken from the ImageNet dataset, a common
practice to leverage existing knowledge and improve performance on new tasks. The top
layers, which originally performed classification in the pre-trained models, are excluded.

Instead, custom layers tailored to the new task are added.
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The input shape for the models is specified through a variable called input_shape. This
allows flexibility in determining the input dimensions according to the specific requirements
of the task. The base layers of each model are frozen, meaning their pre-trained weights
remain unchanged during the training process. This approach helps in preserving the

valuable features these models have already learned.

Each model includes a flatten layer, which converts the multidimensional data into a one-
dimensional vector, facilitating further processing by dense layers. Additionally, batch
normalization is applied, which helps in stabilizing and accelerating the training process by
normalizing the inputs of each layer.

The custom part of the models includes two dense layers. The first dense layer consists of
512 units with a ReLU activation function, which introduces non-linearity into the model.
Following this layer, a dropout rate of 0.5 is applied to prevent overfitting by randomly
deactivating 50% of the neurons during training. The second dense layer comprises 256
units, also with ReLU activation, and is followed by another dropout layer with the same

rate.

The output layer for each model has a number of units equal to the number of output classes,
using a Softmax activation function. This configuration is typical for classification tasks,

where the goal is to assign each input to one of several classes.

For optimization, all models utilize the Adam optimizer, which is known for its efficiency
and effectiveness in training deep learning models. The learning rate starts at 0.001 and
decays exponentially. Specifically, every 10,000 steps, the learning rate is reduced by

multiplying it by 0.9, ensuring the training process converges smoothly over time.

In summary, this table outlines a comprehensive setup for fine-tuning pre-trained models on
new tasks. It incorporates techniques like freezing base layers, adding custom dense layers,
applying dropout for regularization, and using an adaptive learning rate to enhance the

training process and improve model performance.

©Daffodil International University 33



3.1.7 PARAMETER SETTING

Setting parameters in a model means choosing specific values for the settings that monitor
how the model learns and makes predictions. These parameters are crucial because they can
significantly affect the model's performance. At first, we have hyperparameters, which are
settings chosen before training the model. Examples include the learning rate, which
determines how quickly the model updates its knowledge, and the number of layers or
neurons in a neural network. Choosing the right hyperparameters often involves some trial
and error, as well as techniques like grid search or random search to find the best values.
During the training process, the model also learns parameters from the data. These are
values like weights in a neural network, which are adjusted as the model learns to make
better predictions. The training process involves optimizing these parameters to minimize
the difference between the model's predictions and the actual results. Setting parameters
correctly is essential for building a model that learns effectively and performs well on new
data. It requires a combination of initial choices and adjustments based on how the model
performs during training.

We conducted our investigation using a dataset of fresh and rotten Vegetables. We divided
our dataset into two sections: 80% which is for training and 20% for testing. At the same
time, preparation and validation takes place. We evaluated the influence of parameters

during training and tweaked them to create an accurate model.

The models were trained on a variety of fresh and decaying vegetables, and their precision

was determined on a test set.
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The parameters for the suggested CNN model are as follows:
TABLE —3.1.7.1: Training Parameters

Batch- 32
Size
Epoch 10
Training 80%
Testing 20%
Output 10
Class
Input 224x224x3
Shape
Train 1616
Samples
Test 401
Samples

3.1.8 Effect of Batch Size

Batch size in deep learning refers to the number of training examples the model processes
before updating its parameters. Choosing the right batch size can significantly impact the
model's training and performance. When using a small batch size, the model updates its
parameters more frequently. This can lead to more accurate and fine-tuned updates,
potentially helping the model learn better. However, it also means the training process can
be slower and more computationally intensive. With a large batch size, the model
processes more examples at once, which can make the training faster and more efficient.
However, the updates to the parameters of models are less frequent and may be less
precise, potentially leading to less effective learning. The right batch size strikes a balance
between training speed and learning effectiveness. It is often chosen based on the
available computational resources and the specific requirements of the task.
Experimenting with different batch sizes helps to find the most suitable one for a given
model and dataset. The batch size determines the number of input samples given to the
network. Another component that influences classification accuracy is batch size. The
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higher the batch size, the longer it takes to train the dataset, resulting in lower model
precision and memory requirements. As a result, when choosing on batch size, we must

exercise prudence. We perform our simulations in batches of 32.

3.1.9 Effect of Number of epochs

Epochs are defined simply as the number of iterations. The number of epochs is a
hyperparameter that determines how many times the learning algorithm traverses the
entire training dataset. The internal model parameters could be updated once every epoch
for each sample in the training data. The number of epochs in deep learning refers to the
number of times the model goes through the entire training dataset. Choosing the right
number of epochs is important for the model's performance. If we use too few epochs, the
model might not learn enough from the data, resulting in underfitting. This means it won't
perform well on new, unseen data because it hasn't had enough time to capture the
patterns in the training data. If we use too many epochs, the model might learn too much
from the training data, resulting in overfitting. This means it will perform very well on the
training data but poorly on new data because it has memorized the training examples
rather than learning general patterns. The goal is to find a balance where the model has
learned enough to generalize well to new data without overfitting. This often involves
monitoring the model's performance on a validation set and stopping the training when the

performance stops improving or starts to decline.

3.1.10 Effect of optimizers

Optimizers in deep learning are algorithms that adjust the model's parameters to minimize
the error between the model's predictions and the actual results. Choosing the right
optimizer can greatly affect how well and how quickly a model learns. Different
optimizers have different strategies for updating the model's parameters. For example,
Stochastic Gradient Descent (SGD) updates parameters using a fixed learning rate and can
be effective but may be slow and get stuck in local minima. This helps the model learn
faster and can avoid some issues like getting stuck in local minima. The choice of
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optimizer affects the speed of learning, the stability of the training process, and the
model's final performance. Finding the right optimizer often involves experimenting with
different ones to see which works best for a specific task and dataset. Optimizers improve
the efficiency of our model by modifying weight values to minimize the loss function.
Our goal is to reduce the loss of our neural network by optimizing its parameters. The loss
function computes loss by utilizing a neural network to match the real and predicted
values. We applied three optimizers: Adam, SGD, and RMSprop. Adam is a more
advanced optimizer that adapts the learning rate for each parameter based on how it

changes over time.

3.1.11 Confusion Matrix:

A confusion matrix is a table that depicts how well a classification model performs given
known true values on a set of test data. It shows the number of correct and incorrect
predictions which are made by the model and organized by actual vs predicted classes.
The matrix includes four key elements: True positives (correctly predicted positive cases),
True negatives (correctly predicted negative cases), False positives (incorrectly predicted
positive cases), and False negatives (incorrectly predicted negative cases). By analyzing
these elements, the confusion matrix provides insights into the model's accuracy,

precision, recall, and overall performance, helping to identify areas for improvement.

We utilized the following indicators to determine our infrastructure:

(for all classes) = (Number of Correctly Classified Images)/(Number of All Images).

Accuracy (for each class) = (TP+TN)/(TP+FP+TN+FN)....cccccvuuene. (i)
Specificity = TP/(TN + FP).
Recall = TP/(TP + FN) .ccccevenenenen. (i)
Precision=TP/(TP + FP) ..ccccevvuvenens (iii)

In the above equations, TP denotes the number of correctly categorized images in a class
(true positive) [23]. The terms FP (false positive) and FN (false negative) denotes the

number of incorrectly classified photos and misidentified images from different classes.
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False negatives are those that do not correlate to a class, while true negatives are not
classified.

3.1.12 Accuracy:

Classification model accuracy is the model's predicted percentage. Accuracy is the
percentage of properly classified pictures to total samples. Accuracy in deep learning is a
metric used to measure how well a model's predictions match the actual results. It is
calculated as the ratio of the number of correct predictions to the total number of
predictions made. It is the way to understand a model's performance, especially when
dealing with balanced datasets where each class has a similar number of examples. For
imbalanced datasets in which some classes are much more common than others, accuracy
alone might not give a complete picture of the model's performance, and other metrics like

precision, recall, or F1 score might be needed.

If a model has high accuracy, it means it makes correct predictions most of the time. The

equation of model accuracy is -

Accuracy=(TP+TN)/(TP+TN+FP+FN)........... (i)
3.1.13 Precision:

Precision in deep learning is a measure of how accurate the positive predictions of a
model are. It tells us the proportion of positive predictions made by the model that are
actually correct. It is the ratio of true positive predictions to the total number of positive
predictions made by the model. Precision is the chance of a positive label and how many
are positive. Precision shows how many accurately anticipated instances were positive.

Precision is helpful when FP mattersmore than FN.

Mathematically, the equation of Precision is:
Precision=TP/(TP+FP)........... (iii)
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3.1.14 Recall:

Recall or Sensitivity measures how many positive expected occurrences were classified
accurately. Recall in deep learning is a measure of a model's ability to identify all the
relevant instances in a dataset. It tells us how well the model captures all the true
positives. It is helpful when FN prevails over FP. Fl-score is a further metric for
classification accuracy that takes into account both recall and precision. As precision and
recall are harmonic means so, the F1 score provides an elaborative understanding of these

two metrics. It reaches its optimum when Precision and Recall areequal.

To figure it out, use the equation below:

Recall=TP/(TP+FN) ........... (i)

3.1.15 F-1 Score:

F1 score is a recall-precision metric of categorization accuracy. As F1-score is the
harmonic mean of Precision and Recall it gives more weight to the lower of the two
values. It gives a complete picture. This means that both precision and recall need to be

high for the F1 Score to be high. Precision and Recall are optimal when equal.

Equation of F-1 Score is given below:

F-1 Score=2*(Precision*Recall)/(Precision+Recall) ........... (iv)

High F1 Score indicates that the model performs well in making correct positive
predictions and in identifying all relevant positive cases. This is useful in situations where
there is an uneven distribution of classes, and it is also important to consider both false
positives and false negatives. The F1 Score provides a balanced measure of a model's
accuracy which helps to ensure that neither precision nor recall is disproportionately high
at the expense of the other.
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3.1.16 Validation Loss:
Validation loss is a metric used in machine learning and deep learning to assess a model's
performance on a separate validation dataset while training. It aids in determining how

well the model generalizes to new, previously unseen data.

3.1.17 Training Loss:

Training loss is a measure of how well a machine learning model fits the training data. It
quantifies the difference between the predicted outputs by the model and the actual target
values, with lower values indicating a better fit. The training loss is computed during the

training phase and is used to update the model's parameters to improve its performance.

3.1.18 Training Accuracy:

Training accuracy is a metric that measures the proportion of correctly predicted instances
out of the total instances in the training dataset. It reveals about how well the machine
learning model is performing on the data it was trained on. Higher training accuracy

indicates that the model is effectively learning patterns in the training data.

3.1.19 Validation Accuracy:

Validation accuracy is a metric that measures the proportion of correctly predicted
instances out of the total instances in the validation dataset. It indicates how well the
machine learning model generalizes to new, unseen data and is used to evaluate the
model's performance during training without bias from the training data. Higher validation

accuracy suggests better model generalization.
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CHAPTER 4
DISCUSSION AND EXPERIMENTAL RESULTS
4.1 Introduction:

The consistency of the suggested model is graded from one to four. Of the four models,
Xception performs best on all metrics, including accuracy (99.75%), precision (0.9971),
recall (0.9977), and F1 score (0.9974). The MobileNetV2V2 model, which has an F1
score of 0.9946, recall of 0.9941, precision of 0.9953, and accuracy of 99.50%, comes in
second. With 98.50% accuracy, 0.9852 precision, 0.9844 recall, and 0.9846 F1 score,
InceptionVV3 comes in third. The accuracy of the final model VGG-16 was 97.01% and
precision 0.9728, recall 0.9660 and F-1 score 0.9668 respectively.

4.2 InceptionV3 Model Experimental Results and Discussion:
Parameter:

Total params: 48356394

Trainable params: 26451210

Non-trainable params: 21905184

The InceptionV3 model has a total of 48,356,394 parameters. These parameters are

categorized into two types: trainable and non-trainable parameters.

Trainable parameter, which are 26,451,210 in number are the parts of the model that the
learning process adjusts to improve performance. These include weights and biases

within the model that are updated during training to minimize errors.

Non-trainable parameters which are 21,905,184 in number are also the parts of the model
that remain fixed during training. These might include pre-set features or settings that the
model uses but does not adjust based on the training data. Trainable parameters are used
to learn from the data and improve the model's predictions, while non-trainable
parameters are used to keep certain parts of the model stable and consistent throughout
the training process.

©Daffodil International University 41



4.2.1 Accuracy:

Accuracy is used to determine how much the model is effective to classify fresh and
rotten vegetables separately. The precision is stated for each epoch. Increasing the

number of epochs enhances accuracy in this scenario.

Epoch 1/1@
ie1/1el [ === ====== ] - 919s 9s/step - loss: 6.4821 - accuracy: ©.7481 - val_loss: 1.4839 - val_accuracy: @.9458
Epoch 2/1@
1e1/1e1 [ === ====== ] - 34@s 3s/step - loss: 3.7638 - accuracy: ©.8880 - val_loss: 8.6142 - val_accuracy: @.9825
Epoch 3/1@
1e1/1e1 [ === ====== ] - 334s 3s/step - loss: 2.4%73 - accuracy: ©.9284 - val_loss: 1.1492 - val_accuracy: 8.9808
Epoch 4/1@
1e1/1e1 [ === ====== ] - 339s 3s/step - loss: 2.8685 - accuracy: ©.9585 - val_loss: 8.8817 - val_accuracy: @.9958
Epoch 5/1@
1e1/1e1 [ === ====== ] - 237s 3s/step - loss: 2.1156 - accuracy: ©.9462 - val_loss: 8.8792 - val_accuracy: 2.9808
Epoch 6/1@
1e1/1e1 [ === ====== ] - 301s 3s/step - loss: 2.7@19 - accuracy: ©.9499 - val loss: 8.5274 - val_accuracy: 8.9875
Epoch 7/1@
le1/1e1 [ === ====== ] - 3365 3s/step - loss: 2.2939 - accuracy: @.9573 - val_loss: 8.1635 - val_accuracy: @.9958
Epoch 8/1@
1e1/1e1 [ === ====== ] - 2345 3s/step - loss: 2.8827 - accuracy: ©.9623 - val_loss: 8.2448 - val_accuracy: @.9925
Epoch 9/1@
ie1/1el [ === ====== ] - 336s 3s/step - loss: 2.8599 - accuracy: ©.9635 - val_loss: 8.479@ - val_accuracy: @.9875
Epoch 18/18
1e1/1e1 [ === ====== ] - 334s 3s/step - loss: 1.5068 - accuracy: @.9678 - val_loss: 8.4493 - val_accuracy: @.9858

Fig.4.2.1.1 Epoch run to get the highest accuracy of InceptionVV3

The above figure is about the training process of InceptionVV3 model across 10 cycles,
known as epochs. Each epoch involves processing the entire training dataset once, and
the figure shows the model's performance in terms of accuracy and loss for both the
training and validation datasets. In the first epoch, the model starts with a high error rate
(loss) and lower accuracy. As the training progresses through each epoch, the model
adjusts its internal parameters to better understand the patterns in the data. This results in
a decrease in the error rate and an increase in accuracy. By the second epoch, there is a
noticeable improvement as the loss decreases significantly and the accuracy increases.
This trend continues with each epoch, showing steady progress. The model's training loss
decreases from 6.4821 in the first epoch to 1.5969 by the tenth epoch. Similarly, the
training accuracy improves from 74.81% to 96.78%.

The validation data, which is used to check the performance of the model on unseen data,
also shows a decrease in loss and an increase in accuracy, though there are slight
fluctuations. Initially, the validation loss is 1.4039 and accuracy is 94.50%, which

improves to 0.4493 loss and 98.50% accuracy by the tenth epoch.
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4.2.2 Confusion Matrix:

Confusion Matrix
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Figure 4.2.2.1 Confusion Matrix of InceptionV3.

In the above confusion matrix of InceptionVV3 model, we can see that, for fresh cabbage out of 39
images, 39 images are predicted correct. In case of fresh cucumber out of 40 images, 40 images
are also predicted correct. For fresh green capsicum out of 42 images, 41 images are predicted
correct whereas 1 image is predicted wrong. For fresh pointed gourd, out of 42 images, 42 images
are predicted correct. In case of fresh tomato, out of 40 images, 40 images are predicted correct.
Now for rotten cabbage, out of 40 images, no picture is predicted wrong and so all pictures are
predicted correct. For rotten cucumber, total 41 images are predicted correct and no wrong
picture is found after prediction. Similarly, for rotten green capsicum, out of 32 images, 30
images are predicted correct and 2 images are predicted wrong. For rotten pointed gourd, out of
39 images, 38 images are predicted correct and 1 image is predicted wrong. For rotten tomato, all

40 images are predicted correct. The accuracy is at the rate of 98.5%.
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4.2.3 Classification Performance metrics

The table shows the classification performance metrics for different categories of
vegetables, both fresh and rotten. Precision, recall, and F1-score are listed for each
category along with their support values, which indicate the number of instances in each
class. The overall accuracy of the model is 0.9850, with macro and weighted averages for
precision, recall, and F1-score being around 0.9852 to 0.9854. Fresh Cucumber and Fresh
Pointed Gourd have perfect precision, recall, and F1-scores of 1.000, indicating the
model perfectly classified all instances in these categories. Fresh Green Capsicum and
Rotten Green Capsicum have slightly lower precision and recall compared to other

categories but still maintain high F1-scores, indicating good overall performance.

precision recall fl-scors support

Fresh Cabbage 1.e600 8.9512 8.975e 41

Fresh Cucumber 1.a888 1.2868 1.e608 48

Fresh Green Capsicum 28,9545 8.9767 8.9655 43
Fresh Pointed Gourd 1.a888 1.2868 1.e608 42
Fresh Tomato 1.02608 1.ea8a@ 1.e088 48

Rotten Cabbage 8.9524 1.ea88 8.9756 48
Rotten Cucumber 1.02608 1.ea8a@ 1.e088 41
Rotten Green Capsicum 8.9697 g.9412 B.9552 34
Rotten Pointed Gourd 1.ea8e 8.975@ 8.9873 48
Rotten Tomato 8.9756 1.a80a B.9877 48
accuracy B.985a 481

macra avg 8.93852 6.9344 B6.9846 481

weighted avg 8.9854 B6.9858 B6.9858 481

Figure 4.2.3.1 Classification Performance metrics of InceptionV3

Between the vegetables classes, precision, recall, fl-scrore, and accuracy are shown.

With this model, we were able to achieve 98.50% accuracy rate.
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4.2.4 Training Loss and Validation Loss:

Model Loss

—— Training Loss
6 - —— Validation Loss

Loss

0 2 a 6 8
Epoch

Figure 4.2.3.1: Training Loss and Validation Loss of InceptionV3.

The graph shows the model's training and validation loss over ten epochs. The training
loss (red line) decreases steadily at the beginning, indicating that the model is learning
and fitting the training data better. The validation loss (blue line) also decreases initially
but shows some fluctuations. By the end of the ten epochs, both losses have decreased,
but the validation loss has stabilized, suggesting the model is not overfitting significantly.
Overall, the model is improving in performance, with both training and validation losses
reducing, though the fluctuations in validation loss suggest room for further improvement

or tuning.
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4.2.5 Training Accuracy and Validation Accuracy:

Model Accuracy

1.00 -
- /\_/\/\
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Figure 4.2.5.1: Training Accuracy and Validation Accuracy for InceptionV3.

The graph shows the model's training and validation accuracy over ten epochs. The
training accuracy (red line) increases steadily, indicating the model is learning and
improving its performance on the training data. The validation accuracy (blue line) starts
high and shows minor fluctuations but remains relatively stable above 0.95. This suggests
that the model is generalizing well to unseen data and not overfitting significantly.
Overall, both training and validation accuracies improve, indicating a successful training

process.
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4.3 MobileNetV2 Model Experimental Results and Discussion:

4.3.1 Parameter:

Total params: 34755914

Trainable params: 32372490

Non-trainable params: 2383424

The total number of parameters of the model MobileNetV2 is 34,755,914. This number
represents all the parameters in the model that contribute to its behavior and performance.
Parameters are the values that the model learns during training to make accurate

predictions.

Out of the total parameters, 32,372,490 are trainable. Trainable parameters are the ones
that the model adjusts and updates during training. These parameters are essential for
learning the patterns in the data and improving the model's accuracy.The remaining
2,383,424 parameters are non-trainable. Non-trainable parameters are usually part of pre-
trained layers or fixed during the training process. These parameters do not get updated

during training but still play a crucial role in the model's functionality.

4.3.2 Accuracy:
From accuracy we come to know about how much the model is effective to identify fresh

and rotten vegetables separately. The precision is mentioned for each epoch. Accuracy in

the scenario increases with the increase of the number of epochs.
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Fig.4.3.2.1 Epoch run to get the highest accuracy of MobileNet\V2

This figure shows how deep learning model MobileNetV2 improves over 10 training

cycles, called epochs. Each epoch processes the entire training data, and we see the time

it takes, how well the model learns from the training data, and how well it performs on

separate validation data. Initially, the model has a high error rate, but as training

progresses, it makes fewer mistakes and becomes more accurate, eventually performing

almost perfectly.

4.3.3 Classification Performance metrics

precision

Fresh Cabbage 1.0008

Fresh Cucumber 1.008808

Fresh Green Capsicum 0.9773

Fresh Pointed Gourd 1.0008

Fresh Tomatc 1.e000

Rotten Cabbage 1.0008

Rotten Cucumber 1.008808

Rotten Green Capsicum 1.0080

Rotten Pointed Gourd 1.0008

Rotten Tomato 2.9756
accuracy

macro avg ©.9953

weighted avg ©.9951

recall
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Figure 4.3.3.1 Classification Performance metrics of MobileNetV2

The table is about the classification performance metrics of MobileNetV2 that shows

performance of a classification model on different types of vegetables, both fresh and

rotten.
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The performance of model is evaluated using precision, recall, and F1-score, along with
the number of samples for each category (support). Precision measures the accuracy of
the positive predictions. Recall measures the ability of the model to identify all positive
instances. F1-score is the harmonic mean of precision and recall, providing a balance
between the precision and recall. The model perfectly identified fresh cabbage, fresh
cucumber, fresh pointed gourd, and fresh tomato, achieving a precision, recall, and F1-
score of 1.000 each. The model also performed very well on the other categories, with
slightly lower but still high scores for fresh green capsicum and rotten green capsicum.
The overall accuracy of the model is 99.5%, with the macro and weighted averages of the
metrics being very close to this value, indicating a consistently high performance across

all categories.

4.3.4 Confusion Matrix:

Confusion Matrix
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Predicted label
accuracy=0.9950; misclass=0.0050

Figure 4.3.4.1 Confusion Matrix of MobileNetV2

In the above confusion matrix of MobileNetVV2 model, we can see that, for fresh cabbage out of

41 images, 41 images are predicted correct.
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In case of fresh cucumber out of 40 images, 40 images are also predicted correct. For fresh green
capsicum out of 43 images, 43 images are predicted correct. For fresh pointed gourd, out of 42
images, 42 images are predicted correct. In case of fresh tomato, out of 40 images, 40 images are
predicted correct. Now for rotten cabbage, out of 40 images, no picture is predicted wrong and so
all pictures are predicted correct. For rotten cucumber, total 41 images are predicted correct and
no wrong picture is found after prediction. Similarly, for rotten green capsicum, out of 32 images,
31 images are predicted correct and 1 image is predicted wrong. For rotten pointed gourd, out of
40 images, all 40 images are predicted correct. For rotten tomato, all 40 images are predicted
correct. The accuracy is at the rate of 99.5%.

4.3.5 Training Loss and Validation Loss:

Model Loss

—— Training Loss
—— Validation Loss

Loss

0.0 -
0 2 4 6 8
Epoch

Figure 4.3.5.1: Training Loss and Validation Loss for MobileNetV2.
This graph shows how much error or "loss" the model has as it learns from data over 10
rounds, called epochs. The x-axis at the bottom shows the number of epochs, and the y-
axis on the left shows the amount of loss. The red line represents training loss, which
shows the error when the model is learning from its own data. It starts high and decreases
quickly, but fluctuates a bit after a few epochs, ending around 1.0. The blue line
represents validation loss, which shows the error on new, unseen data. It starts lower and
quickly drops to almost zero, staying very low with a slight increase at the end. This

means the model quickly improves and makes fewer mistakes on new data as it learns.
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4.3.6 Training Accuracy and Validation Accuracy:

Model Accuracy

1.000 -
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Epoch

Figure 4.3.6.1: Training Accuracy and Validation Accuracy for MobileNetV2.

This graph shows how well a model MobileNetV2 is performing as it learns from data
over 10 rounds, called epochs. The x-axis at the bottom shows the number of epochs, and
the y-axis on the left shows accuracy, or how often the model gets the right answer. The
red line is for training accuracy, showing how well the model is doing on the data it
learns from directly. It starts lower but gets better quickly, leveling off around 95%. The
blue line is for validation accuracy, showing how well the model does on new, unseen
data. This line starts high and stays very close to perfect, around 100%, with only slight
changes. This means the model is doing a great job on new data right from the start.
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4.4 VGG-16 Model Experimental Results and Discussion:

4.4.1 Parameter:

Total params: 27794506

Trainable params: 13029642

Non-trainable params: 14764864

The model has a total of 27,794,506 parameters, which are the components that the

model adjusts during training to make accurate predictions. Out of these, 13,029,642

parameters can be trained by the model during the learning process. The remaining

14,764,864 parameters are fixed and cannot be changed during training; they might be

pre-set values or part of layers that do not update during the training phase. This mix of

trainable and non-trainable parameters helps the model balance flexibility and stability.

4.4.2 Accuracy:

From accuracy it can be understood about how much the model is appropriate to give

properly the feedback about which vegetables are fresh and rotten vegetables separately.

The precision is illustrated for each epoch. Accuracy in the scenario increases with the

increase of the number of epochs.
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Fig.4.5.2.1: Epoch run to get the highest accuracy of VGG-16
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This above figure shows the training process of the model VGG-16 over 10 epochs. Each
line represents one epoch and includes information about how long the epoch took, the

loss, and accuracy on both the training and validation data.

At the start during Epoch 1, the training loss is high (3.3456) and accuracy is low
(0.5662), but the validation loss is low (0.4893) and accuracy is high (0.8550). As
training progresses, the training loss decreases significantly, and accuracy improves,

showing the model is learning from the training data.

The validation loss stays consistently low, and validation accuracy remains high,
indicating the model is performing well on unseen data. By the last epoch (Epoch 10), the
training loss is much lower (0.4591) and accuracy is higher (0.8923), while the validation
metrics show that the model is still generalizing well to new data (low loss of 0.0868 and
high accuracy of 0.9700).

4.4 .3 Classification Performance metrics

precision recall fl-score support

Fresh Cabbage 1.0000 1.0008 1.0000 41

Fresh Cucumber 1.00080 1.0088 1.60080 40

Fresh Green Capsicum 1.0000 1.0000 1.0000 43
Fresh Pointed Gourd 8.9333 1.eee8 8.9655 42
Fresh Tomato 1.00080 1.0008 1.0000 40

Rotten Cabbage 1.0000 1.0008 1.0000 40
Rotten Cucumber 1.0000 1.0000 1.0000 41
Rotten Green Capsicum 1.0000 ©.7353 9.8475 34
Rotten Pointed Gourd ©.9250 9.9250 ©.9250 40
Rotten Tomato 0.8696 1.0088 ©.9302 40
accuracy 8.9701 401

macro avg 8.9728 0.96660 8.9668 491

weighted avg 0.9725 e8.9701 8.9690 401

Figure 4.4.3.1: Classification Performance metrics of VGG-16

The table shows how well VGG-16 model performs in identifying different types of
vegetables as either fresh or rotten. The performance metrics include precision (accuracy
of positive predictions), recall (ability to identify all relevant cases), and F1-score
(balance between precision and recall). The number of instances for each category is

shown under support.
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The model perfectly identifies fresh cabbage, fresh cucumber, fresh green capsicum,
fresh tomato, rotten cabbage, and rotten cucumber and achieved scores of 1.000 for
precision, recall, and F1-score. The model performs slightly less well on fresh pointed
gourd, rotten green capsicum, rotten pointed gourd, and rotten tomato, with varying but

generally high scores.

The model has an accuracy of 97.01%. So, it correctly predicts the type of vegetable most
of the time. The macro and weighted averages for precision, recall, and F1-score are all

around 97%, reflecting the model's consistent performance across different categories.

4.4.4 Confusion Matrix:

Confusion Matrix
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Figure 4.4.4.1: Confusion Matrix of VGG-16

In the above confusion matrix of VGG-16 model, we can see that, for fresh cabbage out of 41
images, 41 images are predicted correct. In case of fresh cucumber out of 40 images, 40 images
are also predicted correct. For fresh green capsicum out of 43 images, 43 images are predicted
correct. For fresh pointed gourd, out of 42 images, 42 images are predicted correct. In case of
fresh tomato, out of 40 images, 40 images are predicted correct. Now for rotten cabbage, out of
40 images all pictures are predicted correct. For rotten cucumber, total 41 images are predicted

correct and no incorrect picture is found after prediction.
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Similarly, for rotten green capsicum, out of 25 images, 16 images are predicted correct and 9
images are predicted wrong. For rotten pointed gourd, out of 37 images, all 37 images are
predicted correct. For rotten tomato, all 40 images are predicted correct. The accuracy is at the
rate of 97.01%.

4.4.5 Training Loss and Validation Loss:

Model Loss

—— Training Loss

—— Validation Loss
3.0 -

2.0-

Loss

15-

1.0 -

0.0 -

Epoch

Figure 4.4.5.1: Training Loss and Validation Loss of VGG-16.

The graph shows how the error in the model's predictions changes over 10 training
periods (epochs). The red line represents the error during training, while the blue line

represents the error when the model is tested on new, unseen data.

At the beginning, the training error is high but quickly decreases, meaning the model is
learning and improving. The error for the new data also decreases at first, showing the
model is getting better at making accurate predictions. After a few training periods, both
lines level off, indicating that the model's performance has stabilized and is not

improving much further.
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4.4.6 Training Accuracy and Validation Accuracy:

Model Accuracy
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Figure 4.4.6.1: Training Accuracy and Validation Accuracy of VGG-16.

The graph shows how the accuracy of VGG-16 model changes over 10 training periods
(epochs). The red line represents the accuracy during training, while the blue line

represents the accuracy when the model is tested on new, unseen data.

At the start, the training accuracy is low but quickly improves i.e. the model is learning
and making more correct predictions. The accuracy for the new data is higher from the
beginning and also improves, showing that the model is good at predicting correctly on
unseen data. After a few epochs, both lines level off, indicating that the model's

performance has stabilized and is consistently accurate.
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4.5 Xception Model Experimental Results and Discussion:

4.5.1 Parameter:

Total params: 72777522

Trainable params: 51715338

Non-trainable params: 21062184

The Xception model has a total of 72,777,522 parameters, which are the elements the
model uses to make predictions. Out of these, 51,715,338 parameters can be adjusted
during the training process, meaning the model can learn and improve by changing these
values. The remaining 21,062,184 parameters are fixed and cannot be changed during
training; these might include pre-set values or parameters that are part of layers that
remain constant during the training. This combination of trainable and non-trainable

parameters helps the model balance learning flexibility and stability.

4.5.2 Accuracy:
Accuracy is helpful to let us understand about how much the model can be useful to

classify fresh and rotten vegetables separately. The precision is found out for each epoch.

Accuracy increases along with the increase of the number of epochs.

Epoch 1/10

le1/1e1 [ ] - 1209s 12s/step - loss: 14.6176 - accuracy: ©.7104 - val_loss: ©.3996 - val_accuracy: ©.9800
Epoch 2/18

le1/1e1 [ ] - 548s 5s/step - loss: 7.8072 - accuracy: ©.8886 - val_loss: ©.5789 - val_accuracy: ©.9800
Epoch 3/18

le1/1e1 [ ] - 6@8s 6s/step - loss: 7.1736 - accuracy: ©.9158 - val_loss: ©.4954 - val_accuracy: ©.9850
Epoch 4/10

le1/1e1 [ ] - 605s 6s/step - loss: 5.3002 - accuracy: ©.9288 - val_loss: ©.5504 - val_accuracy: 0.9900
Epoch 5/1@

1e1/1e1 [ ] - 542s 5s/step - loss: 4.7343 - accuracy: ©.9375 - val_loss: 1.2798 - val_accuracy: ©.9775
Epoch 6/10

le1/1e1 [ ] - 598s 6s/step - loss: 4.5041 - accuracy: ©.9493 - val_loss: ©.6646 - val_accuracy: 0.9775
Epoch 7/18

le1/1e1 [ ] - 541s 5s/step - loss: 3.1861 - accuracy: 0.9505 - val_loss: ©.0485 - val_accuracy: 0.9925
Epoch 8/10

lei/1e1 [ ] - 598s 6s/step - loss: 3.6934 - accuracy: ©.9592 - val_loss: ©.5480 - val_accuracy: ©.9875
Epoch 9/1@

1e1/1e1 [ ] - 540s 5s/step - loss: 2.7686 - accuracy: ©.9585 - val_loss: ©.0826 - val_accuracy: ©.9975
Epoch 10/10

1e1/1e1 [ ] - 596s 6s/step - loss: 2.5184 - accuracy: ©.9678 - val_loss: ©.1049 - val_accuracy: ©.9975

Fig.4.5.2.1: Epoch run to get the highest accuracy of Xception
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The figure shows the training progress of the model Xception over 10 epochs. Each line
represents one epoch, displaying the time taken per step, the loss (error) during training,

the accuracy during training, the validation loss, and the validation accuracy.

At the beginning which is Epoch 1, the training accuracy is 71.04% with a high loss,
while the validation accuracy is 98%. As training progresses, both training accuracy and
validation accuracy generally improve. By the last epoch (Epoch 10), the training
accuracy reaches 96.78%, and the validation accuracy is very high at 99.75%. This

indicates that the model is learning well and performing accurately on unseen data.

4.5.3 Classification Performance metrics

precision recall fl-score support

Fresh Cabbage 1.00080 1.0000 1.0000 41

Fresh Cucumber 1.00080 1.0000 1.00080 40

Fresh Green Capsicum 1.0000 0.9767 ©.9882 43
Fresh Pointed Gourd 1.0000 1.0000 1.0000 42
Fresh Tomato 1.00080 1.0008 1.0000 40

Rotten Cabbage 1.00080 1.e00e0 1.0000 40
Rotten Cucumber 1.0000 1.0000 1.06000 41
Rotten Green Capsicum ©.9714 1.0000 @.9855 34
Rotten Pointed Gourd 1.0000 1.0000 1.0000 40
Rotten Tomato 1.0000 1.0000 1.0000 40
accuracy 8.9975 401

macro avg ©.9971 8.9977 8.9974 401

weighted avg 0.9976 08.9975 8.9975 401

Figure 4.5.3.1: Classification Performance metrics of Xception

The table of Classification Performance metrics shows how well the Xception model can
identify different vegetables as fresh or rotten. The model is evaluated using precision
(how accurate the predictions are), recall (how well the model identifies all relevant

cases), and F1-score (a balance between precision and recall).

For most vegetables, the model has perfect scores of 1.000, meaning it correctly
identifies them every time. However, for rotten green capsicum, the scores are slightly
lower, but still very high. Overall, the model's accuracy is 99.75%, showing it performs
very well in classifying the vegetables correctly.
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4.5.4 Confusion Matrix:

Confusion Matrix
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-25

= Fresh Tomato- 0 0 0 O 0 0 00O
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= Rotten Cucumber- 0 0 0 0 0 0 R&4 0 0 0 _15
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Fig.4.5.4.1: Confusion Matrix of Xception

In the above confusion matrix of Xception model, we can see that, for fresh cabbage out of 41
images, 41 images are predicted correct. In case of fresh cucumber out of 40 images, 40 images
are also predicted correct. For fresh green capsicum out of 42 images, all the 42 images are
predicted correct. For fresh pointed gourd, out of 42 images, all those 42 images are predicted
correct. In case of fresh tomato, out of 40 images, 40 images are predicted correct. Now for rotten
cabbage, out of 40 images all pictures are predicted correct. For rotten cucumber, total 41 images
are predicted correct. Similarly, for rotten green capsicum, out of 34 images, all 34 images are
predicted correct. For rotten pointed gourd, out of 40 images, all 40 images are predicted correct.
For rotten tomato, all 40 images are predicted correct. Here it is found that no matter how many
number of image data are shown, all image data are predicted correct. No image dataset were
found which is predicted incorrect. The accuracy is at the rate of 97.01%.
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4.5.5 Training Loss and Validation Loss:

Model Loss

—— Training Loss

14 - —— Validation Loss
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Fig 4.5.5.1: Training Loss and Validation loss of Xception

The graph shows how the training loss (Red) and validation loss (Blue) of Xception model
changed over 10 epochs. Training loss represents how well the model is learning from the
training data, while validation loss indicates how well the model is performing on unseen data.
Initially, the training loss is very high but decreases rapidly, indicating the model is learning
quickly. However, the validation loss remains low and relatively stable, showing that the model's
performance on new data doesn't improve much and stays consistent. This suggests the model is

likely overfitting the training data, as the gap between training and validation loss remains large.

©Daffodil International University 60



4.5.6 Training Accuracy and Validation Accuracy:

Model Accuracy
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Fig 4.5.6.1 Training Accuracy and Validation Accuracy of Xception
This graph shows the accuracy of the model on both the training data and the validation

data over 10 epochs. Accuracy measures how many predictions the model got right. At
the beginning, the training accuracy is low, but it quickly improves, indicating the model
is learning from the training data. The validation accuracy starts high and remains fairly
consistent, slightly fluctuating but staying close to 100% accuracy. This suggests that
while the model is getting better at predicting the training data correctly, its performance
on new, unseen data remains consistently high. This means the model is likely

performing well overall and not overfitting.
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4.6 Discussion points:
Both the training and validation accuracy and loss of the Inception\VV3 model are shown.

Here it is found that the training accuracy was 74.81% in the first epoch, while the
validation accuracy was 94.50%. In this way upto ten epochs, the validation accuracy
was 98.50% and the training accuracy was 96.78%. The Confusion Matrix graphic shows
that the InceptionVV3 Model wrongly proved the predictions for six out of the 401 photos
in the test set. For example, when it came to fresh cabbage, only two out of 41

photographs had wrong predictions, while 39 of the images had good predictions.

The study also shows the Xception Model's training accuracy and loss as well as its
validation accuracy and loss. Here the training accuracy was 71% and the validation
accuracy was 98% in the first epoch. The training accuracy was 96.78% and the
validation accuracy was 99.75% after ten epochs. One of the 401 photos in the test set
was inaccurately predicted by the Xception Model, as can be seen in the Confusion
Matrix graphic. For instance, 42 of the 43 images of fresh green capsicum that were

submitted had accurate forecasts, while only one had an incorrect one.

The diagram shows the training accuracy and loss of the VGG16 Model as well as the
validation accuracy and loss. The training accuracy was 56.62% and the validation
accuracy was 85.50% in the first period. After 10 epochs, the validation accuracy was
97% and the training accuracy was 89.23%. As can be seen in the Confusion Matrix
picture, the VGG16 Model made inaccurate predictions for nine out of the forty-one
photos in the test set. For instance, 25 of the 32 images of rotting green capsicum that

were used for the prediction were accurate, whereas 9 were not.

The diagram displays the MobileNetVV2 Model's training accuracy and loss as well as its
validation accuracy and loss. The training accuracy was 80.51 percent and the validation
accuracy was 94.75 percent in the first period. The training accuracy was 96.75% and the
validation accuracy was 99.50% after ten epochs. One of the 401 photos in the test set

that the MobileNetVV2 Model erroneously predicted may be seen in the Confusion Matrix.
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For instance, out of 33 pictures of rotting green capsicum, 32 were predicted correctly

and 1 was predicted wrong.

The final results of the four models are shown below:

Model Accuracy Precision Recall F1 Score
InceptionV3 98.50% 0.9852 0.9844 0.9846
Xception 99.75% 0.9971 0.9977 0.9974
VGG-16 97.01% 0.9728 0.9960 0.9968
MobileNetV2 99.50% 0.9953 0.9941 0.9946

Table: 4.6.1 Final result

The final results of the four models in bar chart are shown below:

100.00%

99.50% -

99.00% -

98.50%

98.00% - M InceptionV3
M Xception

97.50% - mVGG-16

® MobileNetV2
97.00% -

96.50%

96.00% -

95.50% -

Accuracy Precision Recall F1 Score

Figure: 4.6.1 Final result in bar chart
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CHAPTER 5

SOCIETY'S IMPACT, SUSTAINABILITY AND THE
ENVIRONMENT

5.1 Impact of society:

The impact of using deep learning to automatically detect fresh and rotten vegetables in
society is immense. The architecture of CNN is being used in autonomous crop collection
robots. Farmers can also use this method to cultivation of vegetables. This could result in
consistent crop growth and additional harvests throughout the year. The problems of
cultivating vegetable and the symptoms of vegetables getting rotten can be detected
easily due to deep learning methods. As a result of this, the monotonous feelings of
farmers will be removed and there will be no problems in sorting the fresh and decaying
vegetables separately. The automated technology using the deep learning helps to find
out the rotten free vegetables easily and correctly which reduces time. This will be
helpful for farmers as they will be interested in increasing productions. The economy of
the country will also be improved due to increasing productions of fresh vegetables
correctly in less time and exporting in foreign countries.

This technology ensures that fresh vegetables will be consumed by the people in order to
avoid the health risks. There will be less possibility of getting attacked by diseases. It
improves the safety of food. Due to this technology, decision can be taken in a short
period of time about the place where vegetables are to be kept and also how to keep the
fresh vegetables in a safe place in order to avoid decaying. The trust of customers will
also be increased in purchasing fresh vegetables from the market or groceries. For
farmers and suppliers, it reduces waste by sorting vegetables accurately by ensuring that
only the fresh vegetables can be sold, which also maximizes profits and will improve the
standard of living of farmers and suppliers.

In the export market, maintaining high standards of vegetable freshness increases the
reputation of exporters and supports economic growth of the country. Exporting fresh
vegetables in the foreign countries will also help in increasing confidence of the
exporters. So it can be said that this technology promotes better health, stability of
economy, and efficiency in food production and distribution.
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5.2 Impact on Environment

The implementation of detecting fresh and rotten vegetables using deep learning has a
great impact on the environment in several ways. This technology can accurately reduce
wastage of food. At present, a large amount of food including vegetables, is wasted
because of handling improperly, storage, and late detection of getting rotten. By using
deep learning, differences between fresh and rotten vegetables can be known quickly and
accurately, food distributors and retailers can ensure that only fresh vegetables produced
reaches to consumers.

Reducing wastage of food is very important because it has direct environmental benefits.
When food is wasted, all the resources used to produce, process, transport, and store that
food will also be in vain. The resources include water, energy, and labor. Moreover,
decomposing food waste on land generates methane, a greenhouse gas that contributes to
the change of climate. By minimizing wastage of food, the automated detection process
helps in reducing the emission of greenhouse gases and conserves valuable resources.
Farmers and producers can receive real-time feedback about the quality of their vegetable
production which allows them to make informed decisions about harvesting and post-
harvest handling and this can lead to the adoption of better farming techniques that
reduces crop losses and improve quality of yield, ultimately promoting sustainable
agriculture.

The automated detection system helps local and regional food markets by making sure
consumers get fresh, high-quality vegetables. This promotes eating locally grown
produce and reduces the need for importing vegetables from far away, which is better for
the environment due to less long-distance transportation. The exporting of local fresh
vegetables can be ensured by the help of automated detection system. This will help in
improving the economic condition of the country. The farmers of the country will also be
benefitted through the profit and they will be more interested in growing vegetables. The
exporters will not be frustrated at selling the vegetables in the foreign countries.
Exporting more fresh vegetables in the foreign countries will contribute to the
development of the economic condition of the country. The country will automatically

develop in economy due to this.
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5.3 Ethical Aspects

Classification methods can be utilized without doing any damage to the environment, and
environment can be benefitted much. Vegetable classification may lead to increase of
crop yields and less wastage by removing the need for vegetable preservation medicine.
Ensuring that the technology is developed, classifying fresh and rotten vegetables reduces
time wastage and help in increase of vegetable production. There is the issue of data
privacy and security. Deep learning systems rely on large amounts of functional data
effectively. This data might include images and information about vegetables from
various farms and suppliers. If the data is collected, stored, and processed in a manner
that detection of fresh and rotten vegetables will be easier and fresh and decayed portions
will be separated. Unauthorized access or misuse of this data could lead to privacy
violations or disadvantages in competition for suppliers. Besides, there is the possibility
of job replacement. The introduction of automated systems can lead to the reduction of
jobs traditionally done by humans, such as quality control inspectors in food processing
and distribution centers. While automation of vegetable detection create new
opportunities in tech development and maintenance, it is essential to address the potential
job losses and provide training or alternative employment opportunities for those
affected. Additionally, there is the question of fairness and accessibility. The benefits of
this technology should be accessible to all, including small-scale farmers and producers
who might not have the resources to invest in advanced technology. While the system
aims to cut down on food wastage and promote sustainability, it’s important that the
production and disposal of its parts are environmentally friendly. Disposing the rotten
vegetables will also increase the fertility of the soil and more crops and vegetables can be
grown. The accuracy and reliability of the deep learning model are critical. If the system
incorrectly identifies fresh vegetables as rotten or vice versa, it could lead to unnecessary
waste or health risks. Ensuring the technology is thoroughly correctness of detection is
essential to avoid such errors and maintaining trust among consumers and producers.
Users of the system should be informed about how the technology works, what data it
uses, and how decisions are made. This transparency helps build trust and allows users to

make informed decisions about its use.
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5.4 Sustainability Plan

Smart mobile applications can be created to identify the vegetables swiftly in a certain
location or to collect critical information such as nutritional values. These apps can also

be used to maintain track of inventory at supermarkets.

The sustainability plan for an automated process of detecting fresh and rotten vegetables
using deep learning involves several aspects to ensure the technology is both effective
and environmentally friendly. By accurately identifying which vegetables are fresh and
which are rotten, we can make sure that only good quality vegetables are required in
different localities. Throwing fewer vegetables will help in conserving resources like
water, energy, and labor that go into growing and transporting food. Less food wastage
also means less organic wastage in landfills, which can reduce the production of harmful
greenhouse gases like methane. The technology should be accessible to all farmers and
producers. This helps promote equity in the agricultural sector by allowing the farmers to

get benefit from the same efficiencies and sustainability practices as larger operations.

By providing support and training, we can help these farmers habituated in using the
technology to avoid wastage of food, encouraging them to grow more and more
vegetables for the betterment of the society, country and throughout the world. This

technology has to be handed over the farmers in low-cost.
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CHAPTER 6

CONCLUSION, RECOMMENDATION, CONSEQUENCES FOR
FUTURE RESEARCH

6.1 Conclusions:

In our study effort, we analyzed and assessed four suitable deep learning models,
including InceptionVV3, MobileNetV2V2, VGG-16, and Xception, for recognizing
vegetables available in Bangladesh. We also discussed how they work and what
applications they offer. These models are found accurate by us among all other
models. For testing, we developed our own dataset of five distinct types of vegetables.
The vegetables are classified into 10 classes. Preparing the data properly, we trained
and evaluated each of the four models. Our goal was to determine how efficiently and
accurately each of the four models classified fresh and rotten vegetables and it was
performed successfully. Each of the four models InceptionV3, MobileNetV2V2,
VGG-16, and Xception showed proper accuracy exceeding over 95% which is good
for detection. The scope of this study will expand in the future to include more
vegetables varieties for classification by allowing any vegetables farmer to apply the
procedure. The proposed approach is more advantageous for vegetables growers in
terms of distinguishing fresh and rotting vegetables based on yield in order to earn a
higher selling price. The fresh and rotten vegetables detection using deep learning is
useful to find out which vegetables are fresh and which are rotten in a quickest
possible of time where manual labor is eliminated. It will also help in improving the
condition of the economy of the country in shortest possible of time by the increase of
selling price due to exporting in foreign countries. Dependency on importing from the
foreign countries will be reduced. The family condition of farmers will be improved as
they will get profit from the sales of fresh vegetables. There will be less possibility of
getting attacked by diseases and the health will remain safe after consuming. The
application of medicine in preserving the vegetables will be removed due to this. The
corruption will be removed from the countries. Fraud will also be removed. Living in

the society peacefully will be easier.
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6.2 Recommendations:

The output of the deep learning models discussed here is depending on a number of
variables, but all four models can detect vegetables. Xception is better model based on
the accuracy and consistency of our own dataset. Because the Xception give the
highest accuracy of 99.75% among all other models. It showed the fresh and rotten

vegetables very accurately.

The Xception model is a type of deep learning neural network useful for the image
recognition tasks. Xception learns to understand the images by breaking down the
process into smaller, manageable parts. It starts by identifying basic elements like
edges and corners and then it combines these to recognize more complex features such
as shapes and textures. This approach not only improves accuracy but also speeds up
training and inference by making it useful for tasks like object detection, image

classification, and even medical image analysis.

It uses a two-step process to analyze the image pieces. First, it quickly checks the
general details of each piece. Then, it zooms in on those pieces that seem interesting
and analyzes them more carefully. Xception model breaks down the image into tiny
pieces and examining them closely. Then, it puts the pieces back together with a
newfound understanding. Xception represents a significant advancement in deep
learning models, offering both efficiency and effectiveness in handling complex visual
data. Its innovative design has contributed to its widespread adoption across various
fields where image understanding is crucial. So Xception model is much useful among

all other models.
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6.3 Involvement for Future Research:

In future studies, we can include more types of vegetables and focus on classifying
them into specific sub-categories. Using larger datasets has proven effective in deep
convolutional neural networks (DCNNSs), as they consistently achieve high accuracy

rates. These models can be trained to recognize vegetables accurately in any picture.

We should also explore how these models perform under real-world challenges, like
different lighting conditions or crowded settings where vegetables are stored or
displayed. This will require further research into how convolutional neural networks
handle these kinds of situations.

We recommend expanding the types of vegetables in the dataset to include a wider
variety. This can help the deep learning model better recognize different vegetables
and their specific characteristics of freshness or defect.

We also propose incorporating additional types of data, like smell or texture
information, alongside visual data. This could enhance the accuracy of the model's
predictions by providing more comprehensive information about vegetable quality.

Furthermore, the study suggests refining the model's algorithms and testing them
under various real-world conditions. This could involve different lighting conditions or

environments typical of food processing facilities.

Overall, future research aims to build on the current findings to create more suitable
and reliable automated systems for assessing vegetable quality. This can potentially

improve  food safety and reduce waste in the food industry.
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