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Abstract

This study investigates the application of Convolutional Neural Networks (CNNs) for food
identification, categorization, and nutritional prediction, responding to the increasing need
for automated dietary evaluation tools in healthcare and consumer sectors. The study
employs extensive datasets, including Food-101 for food classification and a tailored
nutrition dataset for estimating nutritional values, to establish a comprehensive system for
food image analysis. The study utilizes four advanced CNN architectures—InceptionV3,
VGG, ResNet, and EfficientNet—for feature extraction and model training, each selected
for its distinctive capacity to grasp intricate visual patterns and nuances seen in food photos.
The experimental framework entails a thorough assessment of different architectures
utilizing standard performance criteria. In food classification, accuracy, precision, and
recall are calculated to evaluate the models' effectiveness in identifying and categorizing a
variety of food products. The study evaluates nutrition prediction performance using
regression-based metrics, including mean absolute error (MAE) and root mean squared
error (RMSE). Comprehensive testing and cross-validation reveal that, although all models
exhibit effective performance, ResNet regularly surpasses its competitors in categorization
and nutrition prediction tasks. In addition to the quantitative findings, the study offers
insights into the practical ramifications of implementing deep learning models in real-world
dietary monitoring systems. CNNs' capacity to autonomously extract pertinent elements
from intricate food images presents a promising opportunity for creating intelligent, user-
friendly applications that aid users in monitoring their nutritional intake and making
informed dietary decisions. The findings highlight the capacity of deep learning to reconcile
old manual dietary assessments with contemporary data-driven methodologies, thereby
enhancing public health outcomes.
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Preface

This thesis includes 7 chapters which are briefed as follows:

Chapter 1: Introduction: Provides an overview of the research context,
objectives, and significance of applying deep learning to food detection, classification, and
nutrition prediction. It sets the stage by outlining the study’s aims, scope, and methodology.

Chapter 2: Related Work: Reviews existing literature on deep learning models,
feature extraction, and food recognition techniques. It highlights current methodologies,
compares different approaches, and identifies research gaps.

Chapter 3: Literature Review: Explores the evolution of food classification
systems and examines key datasets and techniques used in previous studies. It
contextualizes the current research within the broader academic discourse.

Chapter 4: Methodology: Details the research design, including dataset selection,
preprocessing, and the structure of CNN models. It explains the experimental setup,
training processes, and evaluation metrics.

Chapter 5: Implementation: Describes the practical execution of the proposed
system, covering environment setup, model integration, and the training and validation
processes. It bridges the gap between theoretical design and real-world application.

Chapter 6: Result and Analysis: Presents and analyzes the experimental
outcomes, comparing model performance using various metrics. It discusses both the
successes and limitations, providing insights into computational efficiency and accuracy.

Chapter 7: Conclusion and Future Work: Summarizes the research findings,
contributions, and identified limitations. It offers recommendations for future research and
reflects on the potential impact of Al-driven nutritional assessment systems.
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Chapter 1

Introduction

1.1 Introduction

The primary objective of this thesis is to develop advanced computer vision systems for the
analysis of food images. This study examines the use of Convolutional Neural Networks
(CNNis) for the precise identification of food items in photographs and their categorization
into established classifications, including fruits, vegetables, and meats, as well as the
assessment of their nutritional content, including calories, protein, and fat. The thesis
involves the development of sophisticated systems using deep learning algorithms to
extract pertinent information from food photos for dietary monitoring, individualized
nutrition guidance, and food safety evaluations. This study will examine approaches that
enable the precise detection of food items in photographs, their categorization into
predefined categories—such as fruits, vegetables, and meats—and the calculation of their
nutritional value, including calories, proteins, and fats. This research aims to develop
intelligent systems capable of extracting comprehensive information from food
photographs using convolutional neural networks (CNNs) for dietary tracking, tailored
nutrition planning, and food safety monitoring.

The rapid advancement of deep learning, particularly in computer vision, has catalyzed
significant advancements and improvements across several applications, especially those
pertaining to food (Zhou et al., 2019). The precise identification, categorization, and
forecasting of the nutritional components of food items might significantly impact sectors
such as healthcare, retail, and agriculture.

Utilizing the capabilities of CNNs, which are very effective in object identification and
picture classification, to address a significant contemporary issue: comprehending the
nature of our food consumption. This facilitates the development of a novel system
proficient in accurately identifying, classifying, and predicting the nutritional content of
food products from user-uploaded images, thereby empowering individuals to make
superior dietary choices and enhance their overall well-being. Significant advancements in
computer vision and artificial intelligence have fundamentally transformed several facets
of human existence in the contemporary digital age. Food analysis is a critical domain. The
precise identification, categorization, and prediction of food's nutritional composition are
essential for providing tailored dietary guidance, monitoring nutritional consumption,
enforcing food safety standards, and minimizing food waste.

This thesis investigates the application of deep feature extraction via convolutional neural
networks for efficient food recognition, classification, and subsequent nutritional value
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prediction. We will examine the development and evaluation of an advanced deep-learning
model that can effectively analyze food images and provide accurate and informative
insights on their nutritional composition. The proposed system will utilize CNNs to extract
unique features from food images and employ them to classify food items and predict their
nutritional content, including calories, protein, carbohydrates, and fat. Personalized
Nutrition: Assisting consumers in seamlessly tracking their dietary consumption and
making informed choices regarding their food intake. Public Health: Promoting the
surveillance and improvement of public health by providing accurate and accessible
nutritional information. Food Industry: Enhancing quality assurance, optimizing
production processes, and developing innovative food items.

Mitigating Food Waste: Bettering the Recognition and Classification of Food Products for
Enhanced Inventory Management and a Reduction in Food Wastage. Technological strides
in areas such as artificial intelligence, especially machine learning, have opened new
horizons in the tackling of real-life problems. Recognition of food and an analysis of its
nutritional constituents have come to the forefront as challenges of immense relevance in
the fields of health, physiology, dietary management, and safety. With the increasing
prevalence of diet-related diseases, such as obesity, diabetes, and cardiovascular diseases,
there is an increasing call for automated systems that could accurately identify, categorize,
and analyze food to aid consumers in making informed dietary choices.

The thesis, "Detection, Classification, and Nutrition Prediction Utilizing Deep Feature
Extraction with Convolutional Neural Networks (CNNs)," attempts to address this
challenge by unlocking the capabilities of deep learning and computer vision. On the other
hand, deep learning approaches, particularly CNN-based architectures, have successfully
extracted vital information from visual information, allowing for accurate and speedy food
analysis.

This thesis addresses the design and implementation of a complete system for identifying
and classifying different food items from photos and predicting their nutritional value. This
is achieved with CNNs, as it exploits their ability to obtain hierarchical representations
from complex visual information. The proposed model achieves high accuracy and
generalization on various food categories through advanced transfer learning and data
augmentation techniques.

1.2 Aim of Research

The purpose of the paper "Food Detection, Classification, and Nutrition Prediction Using
Deep Feature Extraction with Convolutional Neural Networks" is to devise a complex
system capable of detecting and classifying food items in images and also of predicting
their nutritional makeup accurately. This project aims at using deep learning techniques, in
this case, Convolutional Neural Networks (CNNs), to bridge the nutritional evaluation with
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the identification of food products. Its main objective is health and nutrition monitoring
improvement. Consequently, we are developing an automated system to assist users in
monitoring their intake. We propose to develop a framework that can autonomously
recognize, classify, and predict the nutritional characteristics of food products using deep
learning. The goal is to evaluate the effectiveness of deep feature extraction by
convolutional neural networks in the context of precise and fast-food recognition,
classification, and nutritional prediction. Main Aim: To enhance beneficial dietary habits
through the creation of a mobile application that employs deep learning techniques to
precisely recognize food items within images, classify them, and provide evaluations of
their nutritional values. Choose the objective that most precisely represents the essence of
your study and your intended results. A more defined goal aids in clarifying the trajectory
of your endeavors.

1.3 Scope of Research

Dataset Scope: Clearly indicate the type of food images that your study will focus on. Will
it include all types of food categories or a specific subset (e.g., fruits, vegetables, fast food)?
Will it contain images of cooked meals or just ingredients? Clearly defining the dataset
scope helps to control the complexity of the thesis and ensures a focused approach. Mengist
et al. (2019) emphasize the need to determine the scope of the study.

Model Scope: State the exact CNN architecture you will be working with. Are you going
to analyze one architecture or compare the efficiency of several? Are you going to build
your custom architecture or use transfer learning with a pre-trained model? Defining the
scope of your model will make it easier to tune your experimental design and keep the
workload feasible.

Task Scope: It should be made clear what tasks your study will involve. Will you focus
solely on food detection and classification, or will the study also include nutrition
prediction? If nutrition prediction is included, state the exact entities to be predicted, such
as calories, macronutrients, and micronutrients. Defining the scope of work helps maintain
focus and prevents scope creep.

Evaluation Framework: State the criteria that you will use to evaluate the effectiveness
of your system. Will you focus on accuracy, precision, recall, or other measures? Will you
compare your results to the current state-of-the-art methods? Defining the evaluation
criteria ensures that your assessment of your research is thorough and objective.

Scope of Application: If your study pertains to a specific application (e.g., a mobile
application or a nutritional tracking tool), clearly describe the intended use case and target
audience. This puts your study into context and shows its practical value. Mackay (1995)
examines the importance of scope and feasibility in research.

©Daffodil International University 3



Food Image Detection and Classification: The problem that is addressed here is the
identification of food products from different image datasets. State-of-the-art CNN
architectures like InceptionV3, VGG, ResNet, and EfficientNet are analyzed to classify
food products into their respective categories. This is done by training the models on
benchmark datasets such as Food-101 and fine-tuning them to achieve high accuracy on
various food categories.

Nutritional Value Prediction: The study covers the prediction of the nutritional value,
including calories and macronutrients, corresponding to the recognized food items, in
addition to classification. A custom nutrition dataset is created to map visual food
information with exact nutritional values. The study concentrates on making accurate
regression-based prediction possible using CNNs and other deep-learning approaches.

Deep Feature Extraction and Model Optimization: The research discusses extracting
deep features from pre-trained CNN models and fine-tuning the networks for food-related
applications. Model optimization strategies, including transfer learning, hyperparameter
tuning, and feature fusion, are investigated to enhance system efficiency and performance.

Practical Applications and Deployment: The study discusses the practical applications
of mobile or web-based platforms that offer users immediate access to food identification
and diet information. These applications are designed to help users, dieticians, and
healthcare professionals make healthy choices regarding nutrition and health.
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Figure 1.1: Illustrates a deep learning model designed to classify food items based on their images
and associated textual descriptions. The model utilizes a multi-modal approach, leveraging both
visual and textual information to enhance classification accuracy.
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Figure 1.1 Model utilizes a multi-modal approach, leveraging both visual and
textual information to enhance classification accuracy. The model is trained on the UPMC
Dataset, which presumably contains a collection of food images paired with corresponding
textual descriptions. Both the images and text undergo pre-processing steps. The images
are likely resized, normalized, and possibly augmented to improve robustness and
generalization. The text is likely cleaned, tokenized, and converted into numerical
representations suitable for input to the model. Visual features are extracted from the pre-
processed images using Inception V4, a deep convolutional neural network known for its
strong performance in image classification tasks. Textual features are extracted from the
pre-processed text using ROBERTa, a powerful language model capable of capturing rich
semantic information from text. The extracted visual and textual features are concatenated,
combining the information from both modalities into a single representation. The
concatenated features are then fed into a series of fully connected layers (FCL) followed
by a ReLU activation function. Finally, a softmax layer is used to generate probability
distribution over the different food classes. The class with the highest probability is
predicted as the label for the input image and text pair. the model combines the strengths
of deep learning for image and text analysis to achieve robust food classification. By
integrating both visual and textual cues, the model can potentially overcome limitations
that might arise from relying on either modality alone.

Addressing Challenges in Food Recognition

e Variability in food presentation, lighting, and occlusions in images.
e Complexities in predicting nutritional values for mixed or processed foods.
¢ Generalizing the model across diverse cuisines and dietary preferences.

1.4 Problem Statement

Existing methods for food analysis often rely on manual processes or traditional image
processing techniques, which can be time-consuming, labor-intensive, and less accurate.
The increasing availability of large food image datasets and advancements in deep learning,
particularly CNNs, present an opportunity to develop automated, efficient, and accurate
systems for food detection, classification, and nutrition prediction. However, challenges
remain in addressing variations in food appearance, handling complex food scenes, and
accurately predicting nutritional values from images.

1.5 Difficulties

o Data variability: Food images can exhibit significant variations in appearance due
to factors like lighting, presentation, and occlusion.

e Limited labeled data: Creating large, labeled datasets for food images and their
nutritional content can be expensive and time-consuming.

©Daffodil International University 5



e Computational complexity: Training deep CNNs can be computationally
intensive, requiring significant resources.

e Generalization: Ensuring that models generalize well to diverse food types and
real-world scenarios can be challenging.

e Accuracy of nutrition prediction: Predicting nutritional values from images
alone can be complex and may require additional information or sensor data.

1.6 Application

e Dietary monitoring and personalized nutrition: Automated food logging and
analysis can help individuals track their food intake and make informed dietary
choices.

e Automated checkout systems: Food detection and classification can streamline
the checkout process in grocery stores and restaurants.

e Food quality control: Deep learning can be used to assess the quality and
freshness of food products.

e Recipe and ingredient recognition: Identifying food items in images can enable
automatic recipe generation and ingredient substitution.

e Caloric and Nutritional Content Estimation: Automatic calculation of calories,
macronutrients, and micronutrients for meal tracking and health management.

e Smart Kitchen Assistants: Integration with IoT-enabled devices for real-time
cooking guidance, such as detecting ingredients and suggesting recipes.

e Food Allergy Detection: Identifying food items in a meal that may trigger allergic
reactions, enhancing safety for individuals with allergies.

¢ Fitness and Health Apps: Integration with wearable devices to provide tailored
nutritional advice based on physical activity levels and dietary habits.

e Dietary Recommendations for Medical Conditions: Assisting individuals with
conditions like diabetes, hypertension, or celiac disease by suggesting foods that
align with dietary restrictions.

e Waste Management and Recycling: Classifying spoiled or leftover food for
composting, recycling, or redistribution to reduce food waste.

e Food Packaging and Labeling: Automating the identification and labeling of
packaged foods for allergen warnings and nutritional facts.

1.7 Motivation

The motivation for this research stems from the need for automated, efficient, and accurate
methods for food analysis. Deep learning-based approaches have the potential to
revolutionize how we interact with food, enabling applications that promote healthier
eating habits, improve food safety, and enhance efficiency in the food industry. By
addressing the current challenges and limitations, this research aims to contribute to the
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development of robust and reliable systems for food detection, classification, and nutrition
prediction. To begin with, the implementation of deep learning techniques in food analysis
presents an opportunity to automate the process of food identification, which can be
beneficial for various stakeholders including consumers, healthcare providers, and food
manufacturers. Automated food detection systems can provide real-time insights into the
nutritional content of meals, thereby aiding individuals in making healthier dietary choices.
Moreover, such systems can be integrated into mobile applications to assist users with
dietary management, weight control, and the tracking of macro and micronutrient intake.

1.8 Significance of the Study

The increasing prevalence of health-related issues caused by poor dietary habits
underscores the need for innovative solutions to monitor and improve nutrition. This study
focuses on leveraging the power of deep learning, specifically Convolutional Neural
Networks (CNNs), to enhance food detection, classification, and nutritional prediction. By
automating these tasks, the research aims to simplify dietary monitoring, aid in personalized
nutrition planning, and promote informed food choices. The proposed approach can also
benefit industries such as healthcare, fitness, food quality control, and retail by providing
an efficient and accurate system for analyzing food images. Furthermore, this study
addresses the growing demand for intelligent systems that integrate technology into daily
life, bridging the gap between data-driven insights and practical applications in nutrition
and health management.

1.9 Research Methodology Overview

The research employs a systematic methodology that combines data-driven deep learning
techniques with advanced image processing methods. Initially, a comprehensive dataset of
food images is collected and preprocessed to ensure consistency and quality. CNN-based
architectures such as Inception, VGG16, ResNet50, and EfficientNet are utilized to extract
deep features for accurate food classification and detection. Transfer learning is integrated
to enhance model performance and efficiency, particularly when dealing with limited data.
The study also includes a regression-based approach to predict nutritional values based on
classified food categories. Rigorous training and evaluation processes are conducted, using
metrics like accuracy, F1-score, mean Average Precision (mAP), and regression errors to
validate the performance of the models. The methodology ensures scalability and
robustness, allowing the system to adapt to diverse food types and real-world scenarios.

1.10 Thesis Organization

This thesis has seven chapters to provide a systematic examination of the subject issue. The
initial chapter, Introduction, delineates the study's aims, scope, issue description, and the
importance of automated food detection and analysis in health and nutrition. It delineates
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the rationale for utilizing convolutional neural network (CNN) models and emphasizes the
difficulties in attaining high precision in food categorization and nutritional assessment.
The second chapter, Background and Related Work, explores fundamental principles and
examines previous research in deep learning and food detection systems. It encompasses
conventional machine learning methodologies, like support vector machines (SVMs) and
artificial neural networks (ANNSs), alongside sophisticated methods such as YOLO and
Faster-RCNN. This chapter presents advanced CNN architectures, such as Inception,
VGG16, VGG19, EfficientNet (B0, B3, B7), ResNet50, and ResNet101, and examines
their applications in feature extraction, object identification, and classification problems.
The third part, Literature Review, offers a comprehensive examination of current research
on food image categorization and nutritional analysis. The paper highlights the
performance evaluation of several CNN models, progress in transfer learning
methodologies, and the use of domain-specific datasets. It also underscores research
deficiencies, especially in domains such as multi-ingredient food categorization and
practical implementation obstacles. The fourth chapter, Research Methodology, delineates
the study's strategy, encompassing dataset gathering, preprocessing, augmentation, and
annotation procedures. This chapter elucidates the architectures of the chosen CNN models,
specifying their parameter setups, training pipelines, and optimization techniques.
Evaluation measures including accuracy, precision, recall, F1-score, and inference speed
are examined to define the criteria for model evaluation. Chapter five, System
Implementation, delineates the technical facets of the research. It outlines the incorporation
of pre-trained models, the creation of a comprehensive food recognition and nutritional
analysis pipeline, and the implementation of optimization techniques. This chapter
addresses the deployment process, encompassing system scalability, real-time processing
capabilities, and interaction with mobile or cloud-based systems. Chapter six, Experimental
Results and Analysis, examines the results of tests performed with the chosen CNN models.
It offers a thorough assessment of the models' efficacy via visual representations and
comparative analysis, emphasizing their advantages and drawbacks in food categorization
and nutritional estimate. Special emphasis is placed on the trade-offs between lightweight
models, such as EfficientNetB0, and high-performance ones, such ResNet101. The last
chapter, titled Conclusion and Future Work, encapsulates the principal findings of the
research, emphasizing the contributions of CNN-based methodologies in enhancing
automated food identification and analysis systems. The text addresses the limits
encountered in the study, including dataset biases and computing restrictions, and provides
recommendations for future research, such as the investigation of innovative CNN
architectures, the incorporation of multimodal data, and the consideration of ethical
implications in Al applications.

1.11 Conclusion

The research on "Food Detection, Classification, and Nutrition Prediction Using Deep
Feature Extraction with Convolutional Neural Networks" demonstrates the potential of
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deep learning technologies to transform food recognition and dietary analysis. By
leveraging advanced Convolutional Neural Networks (CNNs) such as InceptionV3, VGG,
ResNet, and EfficientNet, this study successfully integrates food detection and
classification with precise nutritional value prediction. The use of large-scale datasets like
Food-101, along with a custom nutrition dataset, ensures that the system is both
comprehensive and practical. Through meticulous data preprocessing, model training, and
optimization, the developed system achieves high accuracy and robustness in identifying
diverse food items and estimating their nutritional content. The combination of transfer
learning and feature fusion further enhances the system's performance, making it adaptable
to real-world scenarios.

This research highlights several key contributions, including the development of an
automated pipeline for food recognition and nutrition prediction, the application of deep
feature extraction for accurate results, and the exploration of deployment possibilities for
mobile or web-based platforms. These advancements pave the way for practical
applications in health and nutrition monitoring, offering individuals and professionals an
efficient tool for dietary assessment.
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Chapter 2

Related Work

2.1 Introduction

The objective of the related works section is to synthesize, examine, and critically evaluate
all prior research pertinent to the issue of this thesis study. This section meticulously
examines, reviews, and analyzes the contemporary works of numerous writers pertaining
to data augmentation, segmentation, transfer learning, object identification, and feature
extraction, with associated criticism provided. The research's strengths, advantages,
limitations, pitfalls, unexplored areas, and future directions have been examined, and
during the development of this deep learning model, meticulous attention has been devoted
to avoiding previous errors while preserving the merits of earlier studies. This prior study
in image processing, computer vision recognition, and food recommendation systems
examines the hurdles encountered by researchers and investigates potential solutions to
these problems. An analysis of several picture segmentation algorithms and their associated
research activities has been conducted to assess their efficacy and constraints. This study is
grounded in transfer learning, necessitating a comprehensive comparison of several models
and their efficacy to identify the optimal technique. A review of prior research on calorie
estimating methods has been conducted to pinpoint significant improvements and
limitations. The construction of food recommender systems, the final part of this thesis, has
been rigorously analyzed to utilize lessons from prior research. A comparative review of
the strategies and methodologies utilized by other researchers in this field has been
conducted to synthesize results and inform the current research. The objective of the related
works section is to synthesize and critically evaluate prior studies pertinent to the issue of
this thesis. Cutting-edge contributions by several authors in fields like data augmentation,
segmentation, transfer learning, object identification, and feature extraction have been
meticulously analyzed and assessed. This analysis delineates the strengths, benefits, limits,
and deficiencies in prior research, while also identifying unexplored regions and
prospective avenues for future investigation. In the development of the present deep
learning model, particular emphasis has been placed on circumventing previous errors
while integrating successful tactics and insights derived from earlier research.

2.2 Overview of Deep Learning Models (CNN, SVM, ANN)

There is an increasing demand for physicians, dietitians, and nutritionists to monitor their
patients' daily intake and caloric consumption, and Rajayogi et al. (2019) offers a solution
for real-time patient monitoring. The visual interface is intended as a mobile application,
accessible to end-users, specifically patients, who are required to input daily photographs
of their meals consumed each day. The deep learning approach utilizes a Convolutional
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Neural Network (CNN) to recognize food elements, quantify the caloric content of each
meal, and relay this information to health professionals. The dataset comprises 10,000 high-
definition photos, and the trained model achieves an accuracy of 83%. The implementation
procedure entails applying segmentation to the dataset based on graph cuts, texture, size,
and color. This study's weakness is its efficacy in identifying photos containing a single
food variety, but images with various food items and mixed quantities performed
inadequately in this model. The test accuracy was significantly lower than the training
accuracy, indicating model overfitting.

Sengur et al. (2019) parallels Rajayogi et al. (2019) in addressing the needs of individuals
with obesity seeking to monitor their food and maintain a balanced dietary regimen. The
solution consists of a smartphone application that utilizes the built-in camera to capture
images of the user's daily meals before to eating. The images are captured, and distortion
is eliminated using a data purification method, followed by calibration based on a distinct
geometric computation that necessitates precise image acquisition. The Support Vector
Machine (SVM) was employed to create this data model, accurately detecting individual
food item portions in the classification process. However, this model exhibited subpar
performance when attempting to categorize several items including mixed food amounts
and failed to identify liquid food items. The data augmentation approaches utilized in this
paper facilitated a notable accuracy of 86%.

M. and C. (2019) offer a comprehensive critical evaluation of prior studies conducted in
the areas of food detection, calorie estimation, and nutrient composition analysis. Artificial
Neural Networks (ANN) and Convolutional Neural Networks (CNN) are Deep Learning
methodologies that have been juxtaposed with traditional image processing techniques such
as spectral imaging and machine learning. Previous research findings indicate that the CNN
model outperforms all traditional methods in food segregation and quality identification.
Consequently, it can be concluded that further research is essential in the field of food
identification utilizing advanced deep learning methodologies.

Peddi et al. (2017) proposed a smartphone application that facilitates the collecting of food-
related photographs, categorizes these images, and calculates the caloric content of each
component in a meal. The author presents a method grounded in a cloud environment that
facilitates auto scaling and dynamic load balancing, ensuring optimal resource allocation
and termination. The use of parallel processing for cluster-based pictures has resulted in a
45 percent reduction in processing time. The proposed naive technique compromises
classification accuracy while markedly enhancing process speed and response time.

Convolutional Neural Networks (CNNs): CNNs are specialized deep learning models
designed primarily for image processing and computer vision tasks. They use convolutional
layers to automatically extract spatial and hierarchical features from data, making them
highly effective for image classification, object detection, and pattern recognition. Support
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Vector Machines (SVMs): SVMs are supervised machine learning models used for
classification and regression tasks. They work by finding the optimal hyperplane that
separates data points from different classes with the maximum margin. While not a deep
learning model, SVMs are often used in conjunction with deep learning for feature-based
classification. Artificial Neural Networks (ANNs): ANNs are fundamental deep learning
models that consist of layers of interconnected nodes (neurons). They can learn complex
relationships between input and output data, making them versatile for a variety of tasks
such as regression, classification, and function approximation.

2.3 Feature Extraction and Object Detection in Food Recognition

Feature extraction and object detection are essential elements in food recognition, crucial
for detecting, classifying, and evaluating food items from photos. Feature extraction entails
the identification and representation of the unique attributes of food photographs, including
texture, color, form, and spatial patterns, which are crucial for precise categorization.
Advanced deep learning models, especially Convolutional Neural Networks (CNNs), can
extract hierarchical features from raw photos autonomously. These traits are resilient and
consistent over differences in illumination, direction, and scale, rendering them optimal for
food recognition tasks. Object detection, conversely, emphasizes the localization and
identification of several food items inside a singular picture. Techniques such as Faster-
RCNN and YOLO (You Only Look Once) have transformed this procedure by providing
high precision and real-time efficiency. Faster-RCNN utilizes a region proposal network to
detect probable object areas prior to classification, whereas YOLO employs a unified
network to concurrently predict bounding boxes and class probabilities, resulting in
enhanced speed and efficiency. In food identification, object detection recognizes food
items and delineates their borders, facilitating accurate categorization in complicated,
multi-object situations like mixed plates or buffet presentations. The amalgamation of
feature extraction and object detection facilitates a comprehensive method for food
recognition, guaranteeing precise analysis of both distinct food items and their specific
characteristics. This combination is especially beneficial for downstream applications like
dietary monitoring, nutritional prediction, and food quality evaluation, where the precision
and dependability of recognition directly influence total system performance. Modern food
identification systems attain exceptional efficiency and scalability by utilizing these
sophisticated methodologies, hence fulfilling the requirements of real-world applications.

Notably, identifying food elements and object detection, the key factors in food detection,
are the primary methods which are required for the accurate investigation and could be the
parts of the training to the recognized network. Featured exaction, for instance, is the
method that aims at recognizing and removing the most important segments of an image in
order for its categorization to be easier. The property/color, the shape, the texture, and the
spatial ties among the pixels are typically employed in the identification of food objects.
The individual color hues of loads are concrete and can be used to describe them in a
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particular way. In detail, tomatoes are red and the orange ones are fried. In a similar vein,
texture makes them very different, as the smoothness of yogurt, the coarseness of cereals,
or the roughness on bread causes a certain effect on us when the types and kinds of foods
differ. Shape provides additional assistance in identification, such as the rectangular shape
of a sandwich or the circular shape of a pizza. Spatial connections capture the layout of the
food in the image, providing additional information in intricate recipes with numerous
ingredients. In contrast, object detection is concerned with the identification and labeling
of individual food items in a photograph. It is imperative to identify and locate specific
foods, even in situations where there is a high volume of activity or overlap, such as buffets
or meal platters. For instance, an object identification algorithm may be capable of
distinguishing between a salad, burger, and pizza. Methods that facilitate real-time analysis
and recognition, including YOLO (You Only Look Once) and Faster-RCNN, are suitable
for these tasks due to their exceptional accuracy and efficiency. The automated systems for
food recognition encompass the features of detection and extraction that work together to
form a sound framework capable of analyzing the contents and context of an image to
pinpoint its particular food item. This collaboration is crucial for, for instance, an
assessment of food quality, automated checkouts, nutritional examinations and diet control.

Figure 2.1: The image presents a series of food images with bounding boxes drawn around individual
food items. This suggests that the images have been processed by an object detection algorithm.

Figure 2.1 The image showcases food items enclosed within bounding
boxes, processed by an object detection algorithm designed to identify and localize
individual food items. The bounding boxes highlight a variety of food shapes and sizes,
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such as small round objects (e.g., dumplings), rectangular items (e.g., bread), and elongated
objects (e.g., vegetables). This demonstrates the algorithm’s ability to detect a diverse range
of foods. While the bounding boxes are generally accurate, occasional misalignments or
grouped items within a single box suggest room for refinement. Overall, the image
illustrates the effectiveness of object detection in isolating food items, a crucial step for
applications like food classification, nutritional analysis, and dietary monitoring.

The image presents a collection of photographs showcasing various culinary dishes. Each
image features a rectangular plate laden with an assortment of food items. Overlaid on these
images are red bounding boxes, strategically placed to encase and isolate individual
components within each dish. These bounding boxes serve as visual markers, highlighting
specific elements for the viewer's attention. The variety of food depicted is quite extensive,
ranging from savory to sweet, and encompassing both Western and Eastern culinary
traditions. Some examples include dishes with leafy greens, meat-based preparations, and
what appear to be baked or steamed treats. The presence of these diverse culinary offerings
underscores the image's potential as a visual representation of global gastronomy. The use
of red bounding boxes adds a layer of visual interest and aids in the understanding of the
image. By isolating individual food items, the boxes guide the viewer's eye and facilitate
the identification and appreciation of the diverse components within each dish. This
technique enhances the visual impact and encourages a closer examination of the culinary
details presented. Overall, the image provides a captivating visual narrative of culinary
diversity. The combination of vibrant food presentations and strategically placed bounding
boxes creates a visually engaging composition that invites viewers to explore the intricacies
of each dish.

An important aspect discussed in this paper is feature extraction, which focuses on the
detection of distinct shapes and patterns associated with different foods. Deep learning
plays a crucial role in image processing, especially in handling complex detection tasks
within images. Sun et al. (2014) explored the detection of hidden facial features for face
recognition by analyzing three scales and ten regions, integrating the data into grayscale
for clearer analysis. Their model achieved an impressive accuracy of 97.45%. Converting
color images to grayscales during training not only reduces the image size but also increases
the clarity for model building. Inspired by this approach, we adopted the same approach for
food detection in our model. A convolutional neural network (CNN) was implemented
using techniques such as max pooling and 2D convolution to extract complex features from
images. To reduce overfitting, the model was trained on a larger dataset with an optimal
number of epochs to ensure robustness. Additionally, a 3D CNN was used to improve
optical evaluation. Object detection is another important component of this study, which is
used for various types of food detection. Lin et al. (2017) improved feature extraction by
integrating a fast R-CNN model, which demonstrated its ability to improve image feature
analysis. Despite using a relatively small dataset of 2048 images, the study highlighted the
importance of large datasets for effectively training object detection models. Object
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detection techniques such as YOLO, SSD, and Faster R-CNN were explored to extract
high-level image features. Zhao et al. (2019) emphasized regression and classification-
based CNN models to improve detection accuracy. These results provide valuable insights
for implementing food detection systems, especially in situations involving mixed food
parts, which are integrated into the proposed model design. This approach ensures precise
and efficient food recognition, advancing the application of deep learning in this field.

2.4 Investigation of Calorie Estimation Techniques

Building an accurate dietary management system requires estimating total calorie intake,
which often involves determining the portion size of food from an image input. This is a
challenging and complex task, and as such, alternative methods for calorie estimation must
be explored to provide a simpler, more user-friendly solution. Lo et al. (2020) presented a
comprehensive review of various techniques proposed by researchers between 2009 and
2019 for estimating food portion sizes. They discussed five primary approaches: Stereo-
based, Model-based, Depth Camera-based, and Perspective Transformation methods, each
with its own set of advantages and limitations. However, the effectiveness of these methods
is highly dependent on the type of dataset they are applied to, highlighting that there is no
one-size-fits-all solution. For instance, the Stereo-based approach requires capturing at
least two images from a moving camera to reconstruct a 3D model of the food, often using
a binocular camera for depth perception. Similarly, the Depth Camera-based approach
employs 3D sensors to capture an aerial view of the food, allowing for volume estimation.
While both approaches provide valuable spatial information, they necessitate specialized
hardware, which may not be readily available to everyday users. To address this, Model-
based approaches use pre-trained models or templates to estimate food volume, but their
accuracy can be compromised when unfamiliar images are encountered, leading to
substantial estimation errors. The Perspective Transformation approach relies on integrated
systems, such as wearable devices or mobile phones, to estimate volume from RGB images.
Although practical, this method can be costly and power-intensive, making it less suitable
for consumers. In light of these challenges, researchers have turned to simpler, more
scalable solutions for end-users. One promising direction is the use of Monocular Depth-
Prediction Networks, which estimate food volume from images to calculate calorie content.
Graikos et al. (2020) proposed a monocular depth-prediction network trained on the EPIC-
KITCHENS dataset, generating a 3D point cloud representation to estimate volume.
However, this method is limited to food placed on a plate and requires images captured
from an aerial viewpoint. Other studies, such as those by Yue et al. (2020) and Aladem et
al. (2019), have further refined this approach by creating point cloud representations to
determine food volume. Hassannejad et al. (2017) suggested that users capture short videos
of their meals, from which key frames are extracted and used to build a 3D point cloud.
While this method is promising, it requires constant calibration and multiple angles,
creating an inconvenience for users.
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To simplify the process, Meyers et al. (2015) proposed the use of DCN networks, where
each pixel of a captured image is mapped to 3D space to generate a rough estimation of
food volume. Although innovative, this method also suffers from the requirement for
specific image capture techniques, making it cumbersome for users. Given the aim of this
research to provide a straightforward and accessible solution, a more simplified approach
to calorie estimation was necessary. A viable solution was presented by Ayon et al. (2021),
who developed a web-based application that allows users to upload food images and receive
an estimated calorie count. Their system utilized a CNN-based model for food detection,
with feature extraction performed by the Inception V3 model. The food item was then
cross-referenced with a calorie database, and the corresponding calorie count was provided
based on portion size. This method is simple, effective, and user-friendly. However, the
major drawback lies in the reliance on an external calorie dataset, which must be regularly
updated and maintained to ensure accuracy. Any inaccuracies in the dataset could lead to
misleading results for users.
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Figure 2.2: illustrates a deep learning-based pipeline for estimating the calorie content of food items
from images.

Figure 2.2 Process begins with selecting datasets like Food-101 and Fruit-
360, which likely contain images of various food items. The images are then preprocessed
using techniques such as CNN-based preprocessing, image normalization, grayscale
conversion, and histogram feature extraction. These steps aim to enhance the quality of the
images and extract relevant features for the subsequent analysis. Preprocessed images
undergo data augmentation techniques to increase the diversity of the training data and
improve the model's ability to generalize. These techniques include random transformations
like width and height shifts, zooming, sharing, and rotation. Core of the pipeline is a
Convolutional Neural Network (CNN) model. CNN is likely designed to classify food
items into different categories. The model architecture includes an input layer, hidden
layers with ReLU activation functions, and an output layer with softmax activation for
classification. The model is trained using the Adam optimizer with a specified number of
epochs (80 in this case). CNN model is trained, it is used to classify the input food images.
Based on the predicted category, the calorie estimation is obtained from a predefined calorie
table. The table contains information about the weight and energy (calories) content of
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different food items. Pipeline demonstrates a systematic approach to estimating food
calorie content using deep learning. By combining image analysis, data augmentation, and
machine learning techniques, the system can potentially provide a fast and accurate method
for assessing the nutritional value of food.

2.5 Investigation of the Food Recommendation System

This research also includes the development of a food recommendation system, designed
to provide users with alternative food options that have similar or comparable calorie
content to the detected food items. Several algorithms can be utilized to achieve this, and
some of the key approaches are discussed below. The food recommendation system has
gained significant attention as an area of research due to its ability to offer personalized
alternatives based on individual health profiles. For people with health conditions such as
thyroid disorders or diabetes, tailored dietary recommendations are often essential to
managing their condition effectively. To automate calorie tracking and ensure appropriate
food choices, researchers are designing systems that can inform users whether a particular
food is suitable for consumption based on their health profile. In their research, Vairale and
Shukla (2021) proposed a Content-based KNN (k-nearest neighbors) algorithm for
recommending food items to thyroid patients. The proposed framework identifies food
items by analyzing content-based features, utilizing a custom-built model to study unique
food characteristics. The KNN algorithm generates food recommendations by calculating
food ratings and similarity scores, and the model achieved an impressive 93% accuracy,
outperforming traditional KNN methods. Similarly, Sowah et al. (2020) developed a
diabetes management system using KNN and TensorFlow for image recognition. In this
study, cognitive sciences were incorporated to build a chatbot that provided personalized
responses for diabetes-related queries. The system demonstrated high accuracy in
answering questions in a human-like manner. The common takeaway from these studies is
the use of the KNN algorithm to design food recommendation systems, which could be
implemented in this research to suggest food alternatives based on detected food items.
Other techniques employed in food recommendation systems include Self-Organizing
Maps (SOMs), K-means clustering, and Association Rule Mining (ARM). In a study by
Premasundari and Yamini (2019), K-means clustering and ARM were combined to create
a food and therapy recommendation system for autistic patients.

Aspect Details
Lo Develop a system to recommend food based on user preferences and
Objective .
dietary needs.
Approaches Collaborative filtering, content-based filtering, hybrid methods.
Data Sources User preferences, dietary requirements, food database, nutritional
information.
Key Machine learning algorithms, deep learning, natural language
Techniques processing (NLP).
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User Input Dietary restrictions, food preferences, health goals, past food choices.
Recommendat Analyzing user data to suggest suitable food items, personalized
ion Process recipes.
Challenges Data sparsity, user privacy, accuracy of recommendations, food data
completeness.
v Personalized diet plans, restaurant recommendations, meal planning
Applications
apps.
Benefits Promotes healthier eating habits, saves time on food selection,
enhances user experience.
T Requires large-scale data, potential bias in recommendations, dataset
Limitations o
limitations.
Future Integration with wearable devices, real-time food tracking, expanding
Directions food database.

Table 2.1: The development of a food recommendation system, emphasizing objectives, approaches,
data sources, techniques, and challenges. It highlights benefits like personalized diets and user
experience while addressing limitations and future opportunities like wearable integration and
expanded databases.

2.6 Comparison of Reviewed Techniques Used in Food Image
Classification

The outcomes of several methodologies utilized by previous studies were compared and
presented in tabular form in Table 2. Rajayogi et al. (2019) attained the best accuracy of
87.9% with the implementation of the Inception-V3 model. Comparable techniques
employed by Memi, s et al. (2020) attained virtually same accuracy with the ResNext-50
model. Despite both models being equivalent, this research will utilize transfer learning
based on the InceptionV3 model due to its shown accuracy on the Food-101 dataset. Other
studies, such as that of Fahira et al. (2019), demonstrate that classical classification methods
may achieve high accuracy in picture classification when supported with superior feature
extraction. Kernel learning conducted by Joutou and Yanai (2009) attains an accuracy of
61.34%, establishing a novel approach for food image categorization. Upon reviewing prior
research in this domain and identifying gaps within existing studies, it is obvious that there
is a necessity to design a system that not only detects food labels from photos but also
assesses their calorie count and suggests alternative goods to the user. Consequently,
addressing the study question in section 1.2 and the research goals in section 1.3. This part
also fulfills the research purpose of critically evaluating prior work conducted in this topic.

CLASSIFIERS
AUTHORS AND ADVANTAGES DISADVANTAGES
TECHNIQUES
RAJAYOGI Inception V3, Achieved high Data processing to be
ET AL. VGGle, accuracy of 87.9% done to remove image
(2019) VGG19, ResNet with relatively noise. Can be trained
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smaller dataset. Less on larger dataset to
computational time. reduce loss rate.
No overfitting of
data.
Combination of g\}/l;lsurizgeéris
SENGUR Pre-trained ﬁileﬁ\ll: tatlélrdf;;(t}u(r}el 6 relatively smaller
ET AL. AlexNet and . . datasets and there is
(2019) VGGl6 extraction leang to no proof that it can be
accuracy as high as .
79.86%. equally effective on
larger datasets as well.
OZSERT Higher. accuracy of The research does not
VIGIT Combination of pre-trained models explore the
AND OZY- AlexNet and when compared to performance of the
ILDIRIM CaffeNet other methods model deYeloped from
(2018) developed from scratch with higher
scratch. number of images.
Traditional
LDA, Logistic classi.ﬁcation .
FAHIRA Reg,ression, algolr 1j[hm especially .
ET AL Decision Tree D§01s19n Tree backed Suitable only for
(2019) and Random with histogram small dataset
Forest feature and Gabor
filters produced
accuracy of 98.85%.
Inception V3 and
ResNext-50
ResNet-18, outperformed other
MEMIS ET Inception-V3, models with over Suitable for very
AL. (2020) Resnet-50, 80% accuracy. Less small dataset
Densenet-121 computational
efficiency and limited
hardware required
Has better
performance than
(HE ET exisj[ing singlc? model Involves gxpensive
AL 2017) R-Mask CNN entries on various computational
” tasks. It is easy to alignment procedures.
train and also reduces
test time.

Table 2.2: Research on food recognition classifiers and techniques, highlighting models like
Inception V3, AlexNet, and R-Mask CNN. It details their advantages, such as high accuracy, and
limitations like dataset size dependency and computational requirements.

2.7 Faster-RCNN, YOLO and Transfer Learning Algorithms

Conventional region-based proposal methods, such as RCNN, are effective yet
computationally demanding due to their requirement for extensive convolution across

©Daffodil International University 19



regions of interest. To mitigate this constraint, Region Proposal Networks (RPNs) were
implemented, utilizing predetermined areas to expedite and improve detection precision.
Faster-RCNN was developed as an innovation that integrates Region Proposal Networks
(RPNs) with Fast-RCNN models, as proposed by S. Ren et al. (2017). The amalgamation
of region proposal methodologies with regression and classification approaches yielded
remarkable outcomes, processing the COCO dataset including 80,000 pictures at an
amazing rate of 200 ms per image. Fisheye cameras have been employed in restaurant
environments to observe people movement, assess line sizes, quantify interarrival intervals,
and determine order wait times (Oner et al., 2019). Models such as Faster-RCNN and
YOLO were utilized to analyze these parameters, with YOLO surpassing its counterpart by
attaining a 15% greater detection success rate. This research included both advanced
models to assess food detection. To achieve best outcomes, pre-trained models, particularly
those developed on ImageNet, are refined to address difficult conditions, such as inadequate
illumination, inconsistent resolutions, and distorted visuals. These pre-trained models
exhibit exceptional flexibility when utilized in particular fields. In the medical domain, 2D-
DenseNet transfer learning has been employed to identify liver tumor patterns from CT
images (Li et al., 2018), whilst 3D-ResNet has automated the billing process for fruits and
vegetables in retail markets, hence removing the need for manual intervention (Ragesh et
al., 2019). These models had accuracy rates of 98.7% and 70%, respectively, underscoring
their promise across several applications. As transfer learning methodologies progress, they
facilitate more breakthroughs. The versatility and accuracy of models such as DenseNet
and ResNet highlight their potential for wider use; nevertheless, further study is required to
realize their complete possibilities.

2.8. Feature

Feature extraction is the process of identifying and extracting the most important
information from an image. Think of it as highlighting the key characteristics that make a
particular food item unique.

2.8.1 Feature Information

Utilization of Dataset A detailed dataset of 101,000 food photos over 101 categories was
utilized. Images underwent preprocessing, including ZCA whitening, scaling, and
grayscale conversion, to enhance model performance. Advanced Modeling The
InceptionNet V3 model was optimized using dropout layers, batch normalization, and
stochastic gradient descent (SGD) with a learning rate scheduler to get enhanced
performance. Immediate Usability A web-based user interface was created to facilitate real-
time food image submissions, delivering immediate calorie predictions. Assessment
Criteria Models were evaluated according to accuracy, validation loss, and their capacity
to process intricate pictures including several food components.

©Daffodil International University 20



Food Image Dataset: The research used an extensive dataset of 101 food categories, each
containing 1000 photos. This extensive dataset encompasses a variety of food products and
is intended to test the model with varied food types, dimensions, and textures. Pre-
processing: Images undergo standardization of size and the use of methods such as zca-
whitening to diminish noise and enhance model training. Furthermore, photos are
transformed into grayscale to enhance the model's computational efficiency, as transfer
learning techniques often exhibit superior performance with these image representations.
One-Hot Encoding: This approach represents food categories as binary vectors, enabling
the model to differentiate between numerous food items and enhancing classification
accuracy. Calorie Database: The calorie estimating procedure relies on a reference database
that encompasses caloric information for various food types. The algorithm utilizes this
information to calculate the total calories ingested based on the portions specified in the
image.

2.8.2 Feature Analysis of Research

This part examines the rigorous assessment of the study methodology and results. The
research seeks to tackle the escalating issue of obesity by implementing a deep learning
system for food identification and caloric assessment. The analyzed key features comprise:

Algorithm Performance Various object detection algorithms (InceptionNet V3, VGG, and
ResNet) were evaluated for their ability to identify food items with high precision.
InceptionNet V3 emerged as the best-performing model with an accuracy of 87%,
outperforming other models in recognizing multiple food items on a single plate. Object
Detection Algorithms: The research explores various deep learning models, such as
InceptionNet V3, VGG, and ResNet, to detect and classify food items in images. These
models are tested for their ability to detect multiple food items on a single plate and provide
calorie estimations for each.

Ensemble Techniques The study employs advanced techniques such as data augmentation,
feature extraction, and transfer learning, improving the model’s ability to generalize.
Unique augmentation steps like multi-angle rotations and cropping improved prediction
accuracy for complex food compositions. Data Augmentation: To enhance the accuracy of
the models, the study employs data augmentation techniques such as rotation, scaling, and
flipping. These techniques artificially increase the size and variety of the dataset, ensuring
that the models generalize better to different food images. Transfer Learning: Pre-trained
models like InceptionNet V3 are utilized for feature extraction. Transfer learning allows
these models, which have already been trained on large datasets, to be fine-tuned for
specific tasks related to food recognition, improving both the speed and accuracy of
training. Calorie Estimation By using bounding boxes, the system calculates food portion
sizes and their respective calorie counts, offering a practical tool for dietary monitoring.
Calorie Estimation via Portion Detection: The research focuses on accurate portion
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detection through the bounding box technique, where each food item is segmented, and the
calorie count is calculated based on its proportion in the image.

2.8.3 Feature Analysis Techniques

Techniques for feature analysis in food identification studies have advanced considerably
due to the emergence of deep learning algorithms. Conventional feature extraction
techniques, including Scale-Invariant Feature Transform (SIFT) and Histogram of Oriented
Gradients (HOG), were first employed to detect essential elements such as edges, textures,
and critical spots in food imagery (Yang et al., 2010). These strategies were essential for
initial food recognition but were constrained in their capacity to manage intricate and highly
changeable food pictures. The advent of Convolutional Neural Networks (CNNs) has
shifted feature extraction to end-to-end learning, enabling CNNs to autonomously acquire
hierarchical features from unprocessed picture data. This transition has markedly
diminished dependence on human feature engineering and facilitated more precise and
resilient categorization (Min et al., 2021). Convolutional Neural Networks (CNNs) are
proficient at identifying intricate spatial hierarchies in food photographs, including
textures, forms, and colors, which are crucial for differentiating visually like food products.
Attention techniques have been included to augment feature analysis by enabling the
network to concentrate on significant areas of the picture, hence enhancing accuracy,
especially in crowded or obstructed environments (Zhang et al., 2020). Hybrid models
integrating CNN features with handmade techniques or other deep learning architectures,
such as recurrent neural networks (RNNs), have been suggested to enhance categorization,
particularly for food products exhibiting intricate textures or irregular forms (Chen et al.,
2015). These hybrid approaches enable the utilization of both conventional and
contemporary deep learning techniques, providing a more comprehensive feature analysis
procedure for food identification applications.

2.8.4 Datasets Used in Food Detection Research

Datasets are the foundation of food detection research, supplying essential data for the
training and assessment of machine learning models. Numerous extensive datasets have
been created throughout the years to facilitate food recognition, each addressing distinct
requirements according to cuisine type or application. The Food-101 dataset, extensively
utilized in food identification, has approximately 101,000 photos distributed over 101
categories, rendering it extremely appropriate for assessing deep learning models in large-
scale food categorization endeavors (Bossard et al., 2014). Another significant dataset is
UEC-FOOD100, which concentrates on Japanese cuisine and has 100 categories, rendering
it suitable for research pertaining to region-specific food categorization (Kawano & Yanai,
2014). Although these databases offer comprehensive coverage of food categories, they
exhibit limits regarding cultural diversity and cuisine representation. The VireoFood-172
dataset, with 172 categories, enhances the diversity of food products, facilitating more
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precise classification tasks (Chen et al., 2015). Nonetheless, these datasets frequently
exhibit problems such as uneven class distribution and restricted sample numbers for
certain categories. Datasets such as ChefNet focus on professional kitchen settings and
facilitate ingredient and recipe identification, whereas DeepFood, encompassing both
photos and verbal descriptions, is advantageous for detailed classification tasks (Beijbom
et al., 2015; Salvador et al., 2019). Datasets like M2Food and Open Food Facts concentrate
on mobile food detection and nutritional analysis, offering researchers a variety of food
photographs taken in typical settings (Zhu et al., 2020). These datasets are essential for real-
time applications but frequently encounter problems such as fluctuations in illumination,
variations in food appearance, and occlusion. Consequently, although databases have
considerably progressed food identification research, there is still a necessity for more
diversified, large-scale datasets that encompass a wider array of worldwide cuisines and
real-world intricacies.

2.8.5 Comparison of Existing Systems

Evaluating current food detection systems entails examining the efficacy of various
algorithms and architectures employed for the classification and recognition of food items.
Initial systems predominantly utilized conventional machine learning methodologies, such
support vector machines (SVM) and k-nearest neighbors (KNN), which utilized manually
extracted characteristics from food photos (Yang et al., 2010). These algorithms exhibited
restricted scalability and were unable to discern the complicated patterns inherent in
complex food photos. The transition to deep learning, especially Convolutional Neural
Networks (CNNs), transformed food identification by automating feature extraction and
facilitating end-to-end learning. Architectures such as VGGNet and ResNet are commonly
utilized for food classification due to their proficiency in managing extensive datasets and
extracting highly discriminative features (Simonyan & Zisserman, 2014; Kaiming et al.,
2016). Inception networks offer a more intricate and adaptable architecture, adeptly
managing multi-scale features more efficiently than conventional models like as VGG
(Szegedy et al., 2015). MobileNet, tailored for mobile applications, provides a
computationally efficient option, sacrificing some accuracy for enhanced speed and
resource economy (Howard et al., 2017). Although these designs excel alone, hybrid
systems integrating CNNs with other models, such as recurrent neural networks (RNNs) or
attention processes, have arisen to tackle particular issues in food recognition. The
integration of attention processes with CNNs enables the model to concentrate on pertinent
food areas, hence enhancing performance in scenarios including occlusion or overlapping
food items (Zhang et al., 2020). Additionally, Region Proposal Networks (RPNs), when
integrated with Faster R-CNN, have emerged as the preferred method for identifying food
items in pictures containing numerous objects by suggesting regions of interest for
classification (Ren et al., 2015). Notwithstanding these developments, issues like as real-
time processing, management of numerous food kinds, and adaptation to varying climatic
circumstances persist in modern systems.
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2.8.6 Strengths and Weaknesses of Current Methods

Contemporary techniques in food detection have demonstrated considerable advancement,
although they possess both advantages and disadvantages. Convolutional Neural Networks
(CNNs) are very adept in extracting discriminative characteristics from raw photos,
facilitating precise food categorization across varied datasets. These techniques have
transformed food recognition by obviating manual feature extraction and enhancing
scalability (Min et al., 2021). Nonetheless, CNNs often need substantial quantities of
labeled data for training, which can be a considerable constraint when datasets are limited
or unbalanced. Moreover, CNNs are resource-intensive, which may hinder their use in real-
time applications, particularly on mobile devices with constrained processing capabilities.
Transfer learning, which utilizes pre-trained models on extensive datasets such as
ImageNet, has alleviated this problem by harnessing existing knowledge and modifying it
for food recognition tasks. Although transfer learning can enhance model performance with
limited datasets, it may still encounter difficulties in generalizing across extremely
diversified or underrepresented food categories (Howard et al., 2017). Attention techniques
have mitigated certain challenges by concentrating computing resources on significant
areas of the picture; nonetheless, they can be computationally demanding, rendering them
impractical for real-time applications in resource-constrained settings (Zhang et al., 2020).
Hybrid systems that amalgamate several methodologies, such as the integration of CNNs
with SVMs or RNNs, have demonstrated potential in enhancing performance; nevertheless,
they also elevate the system's complexity and computing burden. Moreover, these
approaches frequently encounter challenges related to data scarcity and exhibit sensitivity
to fluctuations in ambient conditions, like illumination and occlusion. Although existing
approaches demonstrate remarkable efficacy, issues of scalability, real-time processing,
and dataset variety persist as critical areas for enhancement.

2.8.7 Feature Analysis

Comparison Across Models Model 1: A straightforward approach with single predictions
achieved 81.57% accuracy but suffered from higher validation loss. Model 2: Enhanced
with multi-angle rotations, this model achieved 86.97% accuracy with reduced validation
loss, showing its robustness.

Challenges and Solutions Challenges such as overfitting, difficulty in detecting mixed food
portions, and computational overhead were addressed through data augmentation, feature
extraction, and hyperparameter tuning.

Future Potential Features like bounding box calibration and real-time calorie tracking
highlight the research’s applicability for health management. Potential to extend this
system for meal planning or integrating Al-based food recommendations.
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Accuracy and Model Performance: The research compares the performance of
InceptionNet V3, VGG, and ResNet models. The InceptionNet V3 model showed the best
performance, achieving an accuracy of 87% in detecting food items and estimating calories.
This is higher than other models that performed around 81-84% accuracy.

Validation and Training Loss: Along with accuracy, the study also evaluates the validation
loss (how well the model generalizes to unseen data) and training loss (how well the model
fits the training data). For example, InceptionNet V3 achieved a training loss of 1.321 and
validation loss of 1.477 in the first iteration, which improved significantly in the second
iteration with validation loss dropping to 0.907.

Multi-Image Prediction Approach: The second iteration of the InceptionNet V3 model
applied a strategy of rotating each image and generating 10 predictions per image. This
approach significantly boosted performance, as it accounted for different angles of food
presentation, leading to a more robust and accurate final prediction.

Model Efficiency and Scalability: The research also analyzed the computational cost and
scalability of the models. The use of transfer learning made the models efficient in terms
of both time and computational resources, while data augmentation ensured that the models
performed well on a wide variety of food images, even those taken under different
conditions (e.g., lighting, angles, or occlusions).

Real-World Application: The research concludes that, while the models perform well in a
controlled environment, further work is needed to enhance real-time processing speed and
calibration techniques for more precise calorie estimation. Future work will aim at
improving the model's ability to estimate calories based on portion size and making the
system more efficient for daily use by individuals or dieticians.

2.9 Research Highlight:

Utilized deep learning to create a system for the detection, classification, and prediction of
dietary nutrition. Utilized CNN architectures such as InceptionV3, VGG, ResNet, and
EfficientNet to extract features. Utilized a custom nutrition dataset and Food-101 for the
purpose of training and prediction. Accurate classification and regression tasks were
achieved by the integration of deep feature extraction and transfer learning. Demonstrated
exceptional proficiency in identifying diverse food items and evaluating their nutritional
worth. Analyzed realistic implementations, encompassing mobile and web-based systems
for nutritional monitoring. increases the accuracy and accessibility of dietary evaluations
by facilitating the development of Al-driven solutions for nutrition and health management.
Because the system was designed for practical uses, it was easier to deploy on online and
mobile platforms. These platforms serve as effective tools that let users keep an eye on their
food consumption and make wise dietary choices. The accessibility of nutritional
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evaluation tools is greatly improved by the incorporation of such technology into everyday
living, especially when it comes to controlling diseases like diabetes and obesity. The broad
ramifications of Al-driven solutions for nutrition and health management are further
highlighted by this research. By automating the analysis of eating patterns and nutritional
composition, the study makes it possible to provide more accurate and customized health
recommendations. The system's agility and scalability mark a major advancement in the
creation of user-centered, data-driven solutions to improve global health outcomes.

Deep Learning

Authors Model Advantages Limitations
Rajayogi et CNN Accuracy - Feature selection not
al. (2019) 99% performed
Sengur et SVM Sensitivity - Hyperparameter tuning not
al. (2019) 86% considered
Sun et al. 3D-RCNN and Precision - Relatively less data and no
(2014) Segmentation 97.45% augmentation
Evaluation parameters such
S.Ren et Faster-RCNN Accuroacy ) as sensitivity, specificity not
al. (2017) 93%
accounted for
Data pre-processing not
Oner et al, YOLO B.etter. stated, causing imbalance in
(2019) classification
dataset
Lietal. DenseNet and Sensitivity - Unrealistic accuracy rates,
(2018) Faster-RCNN 98.7% indicating model overfit
Ragesh et ResNet and Accuracy - ;:cﬁf;csenl:;viﬁy ?(I)ld
al. (2019) YOLO 70% Y &

classification failures

Table 2.3: Deep learning models used by different authors for food recognition and classification. It
outlines the advantages, such as high accuracy and sensitivity, along with the limitations, including
issues like lack of feature selection, hyperparameter tuning, data imbalance, and overfitting.

2.10 Algorithm Analysis of the Research

CNN Architecture Analysis: Provide a detailed description of the chosen CNN
architecture (e.g., ResNet, Inception, EfficientNet). Explain the rationale behind selecting
this specific architecture, highlighting its strengths for food-related tasks. Discuss the
layers, filters, activation functions, and other relevant components of the architecture.
Analyze the computational complexity of the architecture, considering factors like the
number of parameters, floating-point operations, and memory requirements. If you're using
amodified or custom architecture, clearly explain the changes made and their justifications.

Feature Extraction Analysis: Describe the feature extraction process. Specify which
layer(s) of the CNN are used to extract features and why. Analyze the dimensionality of
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the extracted features and discuss any dimensionality reduction techniques employed.
Explain how the extracted features capture relevant information for food detection,
classification, and nutrition prediction.

Training Algorithm Analysis: Detail the optimization algorithm used for training the
CNN (e.g., Stochastic Gradient Descent, Adam, RMSprop). Explain the hyperparameters
involved and their impact on training. Discuss the learning rate schedule, batch size, and
other training strategies employed. Analyze the convergence behavior of the algorithm and
any techniques used to prevent overfitting, such as regularization or dropout.

Nutrition Prediction Algorithm Analysis: If you're using a separate algorithm for
nutrition prediction (e.g., regression, support vector machines), provide a detailed
description of that algorithm as well. Explain the rationale behind choosing this algorithm
and its suitability for the task. Analyze its computational complexity and any specific
hyperparameters used.

2.11 Performance Analysis of the Research

Metrics: Define the metrics used to evaluate performance. For food detection and
classification, common metrics include accuracy, precision, recall, F1-score, and mean
average precision (mAP). For nutrition prediction, metrics like mean squared error, root
mean squared error, R-squared, and mean absolute error are relevant. Clearly explain the
meaning and interpretation of each metric.

Benchmarking: Compare your system's performance against existing state-of-the-art
methods. This provides context and demonstrates the relative effectiveness of your
approach. Use tables and figures to present the comparative results clearly. If possible,
perform statistical significance tests to validate the comparisons.

Ablation Study: Conduct an ablation study to analyze the contribution of different
components of your system. This involves systematically removing or modifying parts of
the system (e.g., different CNN architectures, feature extraction methods, data
augmentation techniques) and evaluating the impact on performance. This helps understand
the importance of each component and identify areas for improvement.

Robustness Analysis: Evaluate the robustness of your system under different conditions.
This might include variations in lighting, image quality, food presentation, and dataset
characteristics. Analyze how the performance changes when tested on different subsets of
the data or under challenging scenarios.

Limitations: Discuss the limitations of your system and potential sources of error. This
demonstrates a critical understanding of the research and identifies areas for future work.
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2.12 Research Questions:

RQI.

RQ2.

RQ3.

RQ4.

RQ5.

RQ6.

RQ7.

How can deep learning models, such as CNNs and pre-trained models, be
optimized for accurate food detection and classification?

What are the most effective features of extraction techniques for improving the
accuracy of food recognition systems?

How can food volume and calorie content be accurately estimated from images
using deep learning algorithms?

What are the key challenges in building a reliable food recommendation system
based on detected food items?

How can existing food detection and classification models be adapted to real-time
applications for dietary tracking and personalized nutrition?

How do we integrate food images in the food recommendation pipeline? To answer
this research question, a new deep learning model that clusters food images
integrated with time-aware user similarity (to account or user's rating) and the
user's community is suggested?

How can the recommendation of the developed recommender system be justified
to the user? To answer this research question, has a rule-based approach using an
associative rule-mining method been suggested?

2.13 Research Objectives:

ROL.

RO2.

RO3.

RO4.

ROS.

To investigate and compare the effectiveness of different deep learning models
(e.g., CNN, Faster-RCNN, YOLO) for food detection and classification.

To explore the impact of various feature extraction techniques (e.g., texture, color,
shape) on the performance of food recognition models.

To develop a system for estimating the calorie content and portion size of food
items based on images.

To design and implement a food recommendation system that provides
personalized dietary suggestions based on detected food items.

To evaluate the feasibility of integrating deep learning-based food detection
systems into real-world applications such as mobile apps and wearable devices for
dietary management.
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Chapter 3

Literature Review

3.1 Information

A large body of research shows that CNNs work well for analyzing food images. In their
presentation of a new convolutional neural network (CNN) architecture for multi-class food
classification, Liu, Wei, Wang, and Li (2021) demonstrated improved accuracy in
differentiating between various food categories. In a follow-up work, Fang, Y., Liu, Y., and
Zhang, D. (2020) attempted to estimate caloric intake using food photos by training a deep-
learning model, which showed encouraging outcomes. In order to identify potentially
dangerous compounds in food goods, Zhang, Y., Li, B., and Liu, J. (2019) looked at the
use of CNNs for the detection of food adulteration. Convolutional Neural Networks
(CNNs) have been shown to be effective in several studies for interpreting food photos.
Notable accuracy in discriminating among varied food categories was achieved by Liu et
al. (2021) using a unique CNN architecture for multi-class food categorization. In an effort
to better predict caloric intake, Fang et al. (2020) trained a deep-learning network to analyze
food photos for calorie content. The findings were promising. In their study, Zhang et al.
(2019) looked at the use of convolutional neural networks (CNNs) to identify potentially
harmful substances in food and to detect food adulteration.

Traditional techniques used to determine food quality, such as gas chromatography, high-
performance liquid chromatography, and gas chromatography-mass spectrometry, are
mostly harmful. In addition, these processes and methods need a great deal of chemical
reagents and are complex, time-consuming, and labor-intensive (Cheng et al., 2017). As a
result, cutting-edge nondestructive techniques for food quality inspection and assessment
that are accurate, quick, and sophisticated are desperately needed (Qu et al., 2015; Elmasry
etal., 2012).

Many industries, including food analysis, have been influenced by the profound change in
computer vision brought about by deep learning, and more specifically by Convolutional
Neural Networks. Applications like dietary monitoring, personalized nutrition, automated
checkout systems, and food quality assurance might greatly benefit from automated food
identification, categorization, and nutritional prediction. The progress made in using
convolutional neural networks for deep feature extraction in certain tasks is examined in
this literature review. We examine a range of

Convolutional neural network (CNN) designs, feature extraction methods, and performance
evaluation measures are used in current research. While outlining possible future research
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topics and applications, the article examines the shortcomings of existing methods,
including biases in datasets, inconsistent food presentation, and the precision of nutritional
predictions. In order to give a thorough outline of the topic and to propose areas for future
study and improvement, this review compiles the present state-of-the-art.

Consider searching academic databases like IEEE Xplore, ACM Digital Library,
ScienceDirect, and PubMed with terms like "food detection," "food classification,"
"nutrition prediction," "deep learning," "convolutional neural networks," and "feature
extraction" to find relevant publications. Use the publication year as a filter to zero in on
works published during the last several years (e.g., 2020—present). Before you even
consider evaluating a study, make sure you fully understand its methodology, datasets,
conclusions, and limitations. With this software, you may add PDFs of important papers
to your library, which will make it easier for me to access them and provide you more
personalized assistance. According to my research, the following sources may be useful:
(Zhou et al., 2019), (Ukwuoma et al., 2022), and (Liu et al., 2021). They might serve as a
solid foundation for your investigation.

Mass spectrometry, gas chromatography, and high-performance liquid chromatography are
some of the traditional methods for determining food quality, but they may be tedious,
expensive, and even harmful to the food. According to Cheng et al. (2017), these methods
call for skilled workers and a wide range of chemical compounds. As a result, quick and
nondestructive ways to assess food quality are desperately needed (Qu et al., 2015; Elmasry
et al., 2012). Spectroscopic methods like fluorescence spectroscopy, near-infrared (NIR)
spectroscopy, and Raman spectroscopy have recently emerged as a result of developments
in optics and photonics; these methods are presently being studied for quantitative and
qualitative food analysis (Ma et al., 2018; Wang et al., 2017). According to Teng et al.
(2019), the quality of the input data directly impacts the quality of the derived food
characteristics, making data collection the initial critical element in food identification and
analysis. A plethora of advanced nondestructive data acquisition methods are at our
disposal, including computer vision, hyperspectral imaging (HSI), computer vision (Sun &
Brosnan, 2003; Wang & Sun, 2003; Zheng et al., 2006), terahertz imaging (Zhou et al.,
2019), and Liu et al.,, 2018b. In addition, there are more datasets available for the
identification and analysis of food aspects, such as Food-5K, UECFoo0d-100, and Food-101
(Ciocca et al., 2018; McAllister et al., 2018). The difficulty of developing fair, efficient,
and accurate algorithms for the rapid extraction of dietary traits remains.

Convolutional neural networks (CNNs) and other deep learning techniques have been
successful in solving these problems. Feature and representation learning algorithms like
these have demonstrated promising results in food recognition and analysis (LeCun et al.,
2015). Gu et al. (2020) achieved better performance by using a dual-channel network to
extract substantial visual information. In addition, Gu et al. (2021) enhanced feature
extraction and deep neural network optimization using ensemble meta-learning. A number
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of fields have seen great success with deep learning because to its ability to automatically
extract hierarchical characteristics; they include medicine, agriculture, and the evaluation
of food quality (Pouladzadeh et al., 2017).

Many deep learning models are used for visual applications; some examples are stacked
autoencoders (SAEs), convolutional neural networks (CNNs), and extended short-term
memory networks (LSTMs). The majority of food-related problems, including image
classification, object recognition, and semantic segmentation, are solved by Convolutional
Neural Networks (CNNs), and specifically by CNN variants (Teng et al., 2019).
Parallelized procedures based on forward and backward propagation techniques allow
Convolutional Neural Networks to independently acquire distributed properties from input
data. When compared to features that are manually created, CNN-generated deep features
are more efficient and resilient (Ciocca et al., 2018). Teng et al. (2019) compared CNN-
derived features to traditional Bag-of-Features (BoF) techniques on a Chinese food dataset,
whereas McAllister et al. (2018) used CNNs as deep feature extractors to examine different
food picture datasets. Pan et al. (2020) used multi-feature aggregation to improve
classification performance by integrating convolutional neural networks with parallel
subnets to extract varied dietary properties.

Computer vision and food analysis have been revolutionized by deep learning, particularly
convolutional neural networks (CNNSs). This has allowed for the automatic identification,
categorization, and nutritional prediction of foods. There are a lot of possible uses for this
new technology, such as automated food quality control, personalized nutrition, and
nutritional monitoring. By dissecting several convolutional neural network (CNN)
architectures, performance measures, and feature extraction methods, this research
investigates the state of the art in applying CNNs to the detection and extraction of food
features. It also highlights intriguing research directions and potential applications while
analyzing the problems faced by current models, such as dataset biases, inconsistencies in
food presentation, and the accuracy of nutritional predictions.

I recommend searching academic databases like IEEE Xplore, ACM Digital Library,
ScienceDirect, and PubMed with terms like "food detection," "food classification,"
"nutrition prediction,”" "deep learning," "convolutional neural networks," and "feature
extraction" to find relevant research papers. Current research will be prioritized in the
publication filter for 2020 and subsequent years. Before using any research, make sure you
fully assess its methodology, datasets, results, and limitations. You might want to think
about adding PDFs of relevant papers to your library so you can do more study and analysis.
Important sources that can serve as solid bases for your evaluation are (Zhou et al., 2019),

(Ukwuoma et al., 2022), and (Liu et al., 2021).

A brief introduction to recommended systems is provided in this part, followed by a
breakdown of the most recent developments in four distinct types of systems: Explainable,
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Image-aware, Time-aware, and User/Food group-aware. Separate subsections provide
further detail on each category. Table 3.1 summarizes the food recommendation systems

that were considered, along with their approaches, goals, and limitations; this information

sheds light on the strengths and weaknesses of our suggested model.

REFERENCE METHOD CONTRIBUTIONS LIMITATIONS
STARKE S ;’f;ﬂlzlt‘:élirslg It is not
AND Multi-list multiole attrib gt explainable. Food
TRATTNER recommendation UHpTe utes images are also
(ingredients, nutrients, .
(2021) ignored
etc)
It is not
explainable and
GE ETAL. Matrix Health facto'rs of Time-aware. Food
o foods taken into .
(2015) factorization images and food
account
groups are also
ignored
It is not
SOOKRAH Recommend healthy .
ET AL. (2019) Comiznbess menus and dishes. ep?plamable e
Time-aware

OHETAL.
(2010)

REHMAN ET
AL. (2017)

MAIA AND
FERREIRA
(2018)

THONGSRI
ET AL. (2022)

NAIK (2020)

Context-aware

Ant colony
optimization-
based

Context-aware

Collaborative
filtering

Collaborative
filtering

Considering user
profile, physiological
signals, and sensed
environmental data.

Recommending foods
that meet the
nutritional needs of
patients

Develop a novel
matrix factorization
and feature
engineering-based
model

Recommend health
food using knapsack-
based algorithm

Recommend favorite
foods using deep
learning and genetic
algorithms
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Time and food
images are not
considered

It is not
explainable. Time
and food images
are not considered

Time and food
images are not
considered

Food content is
not considered.
Transparency and
explanation are
lacking

Lacking of
explainability. Not
considering the
food content
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Due to lack of
Exploiting ingredient- fﬁ:iﬁgi:&iff
GAO ET AL. Hvbrid model ingredient, ingredient- user's dieta ’
(2022) y food, and food-user h Y
connection changes cannot
effectively be
handled
Lacking
GAO ET AL. . Hlerarchlc?al attention explgma@hty, Not
Hybrid model graph for image-aware considering the
(2019) : :
recommendation time factors of
user rates
Developing a dee ML AT
ADITYA ET Collaborative matrix ?ac tgo rizatign images are not
AL. (2021) filtering considered. It is
model :
not explainable

Table 3.1: Various food recommendation systems, outlining their methods, contributions, and
limitations. It highlights the use of different techniques such as matrix factorization, content-based
approaches, and collaborative filtering, while pointing out common limitations like the lack of
explainability, time-awareness, and the neglect of food images or content.

Review: Healthcare, fitness, and personal nutrition have all benefited from the automated
dietary analysis made possible by deep learning's implementation into food identification
systems (Meyers et al., 2015). To tackle the complexities of different meal presentations,
deep feature extraction using convolutional neural networks (CNNs) has significantly
improved food categorization accuracy (Min et al., 2021). The need for accurate food
detection technology to promote better eating habits is underscored by the rising prevalence
of chronic illnesses linked to poor dietary patterns (Anthimopoulos et al., 2017). The
reliance on manually built features in early image-based food identification algorithms
limited their accuracy; thus, data-driven procedures like CNNs emerged (Yang et al., 2010).
A major step forward in individual health monitoring is the ability to automatically
determine nutrient content from food images (Hassannejad et al., 2020). The significance
of food identification in self-monitoring one's diet, particularly in the treatment of diabetes
and obesity, has been highlighted by research (Pouladzadeh et al., 2016). Farinella et al.
(2015) found that scalability and portability made mobile food identification systems more
popular. New developments in classification emphasize the integration of multimodal data,
which combines visual and verbal information, to enhance classification (Zhou et al., 2016).
Thanks to the computing capabilities made available by the cloud, food detection systems
have been much improved (Chen et al., 2020). When implementing Al-based food
identification systems, it is crucial to keep ethical factors like data privacy and cultural
sensitivity in mind (Seah et al., 2019). The utilization of artificial intelligence (Al) in the
field of food identification has catalyzed new advancements in the development of
individualized health treatments. An interesting fact is the recent accomplishment of
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making the edible sensors smaller and more easily digestible without affecting data
measurement accuracy (Kumar et al., 2018). Additional nutrients may be described in terms
of better precision and the hybrid models, not only morphological features but also
chemical structures, can in turn be identified. Conventional CNNs are facing a big
challenge from the popularity of machine learning methods, such as transformers and
ensemble models, which exploit the principles of cross-modal learning to optimize food
classification (Patel et al., 2021). These methods are used to determine the characteristics
of a phased array antenna using data from different distributors and on different topics over
time as well as communication links. The rest of the sentences talk about how this method
effectively improves the recognition of the meal and thus can be applied to such dishes.
Also, the sources of error with data provision and physical dependency on trusts endanger
public safety and trust (Ahmed et al., 2019).Al-driven food identification has a spillover
effect that is beyond individual nutrition, namely it triggers the sustainable circular
economy and the waste management. An idea that new computer systems can propose is
the sorting out of the remaining stock in the house, as well as the stock that approaches
expiry date, as a solution to the waste problem, which is of interest to households and
businesses (Ghosh et al., 2020). With the merger of computer vision and AR (augmented
reality) a user could not only browse and identify calories on a nutritional label but also
virtually try out different meal options in his or her own environment (Tanaka et al., 2021).

3.2 Historical Development of Food Classification Systems
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Figure 3.1: Depicts a timeline of significant moments in the history of food. It highlights various
culinary innovations, trends, and cultural shifts that have shaped our relationship with food over the
centuries.
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Figure 3.1 From its early days, the evolution of food culture has been marked by
significant milestones. In 1763, oyster saloons emerged in the American colonies,
symbolizing early communal dining experiences. A decade later, the Boston Tea Party in
1773 led to the popularization of coffee as an alternative beverage. The 19th century
brought culinary innovation, with the invention of the ice cream cone in 1904, the
emergence of modern pizza in New York City by 1908, and the creation of the Caesar salad
in 1923, each leaving a lasting mark on global cuisine. The 20th century ushered in a
sandwich revolution with the introduction of the submarine sandwich in 1928, followed by
the California Roll in 1966, reflecting the fusion of cultural influences. The 1980s saw the
rise of the slow food movement, promoting sustainable and environmentally conscious
food practices. Historical events such as the Irish Potato Famine (1845—1852) profoundly
influenced food availability and migration patterns, reshaping the global culinary and
demographic landscape. This timeline underscores the dynamic history of food,
highlighting transformative moments that continue to shape modern eating habits and
culinary traditions.

The historical development of food classification systems has evolved significantly, driven
by advances in technology, science, and research.

1. Early Food Classification (Pre-20th Century): Cultural and Traditional Systems: Early
food classification was often based on cultural practices, regional diets, and traditional
knowledge. Food was primarily categorized by its use (e.g., fruits, vegetables, grains) or its
nutritional value. Scientific Beginnings: The first attempts to scientifically classify food
began in the 19th century, focusing on the basic food groups like meat, dairy, grains, and
vegetables. These categories were primarily used to understand the nutritional value and
the relationship between food and health.

2. Early 20th Century — Nutritional Classification: Nutrient-Based Classification: As
nutritional science began to develop, food classification systems became more
sophisticated. Scientists started classifying foods based on their macro and micronutrient
content. Early systems identified food groups such as proteins, carbohydrates, fats,
vitamins, and minerals. Food Pyramid (1940s-1970s): The United States Department of
Agriculture (USDA) introduced the first food pyramid model in 1943, aiming to guide
Americans toward balanced nutrition. The pyramid grouped foods into categories based on
their nutritional benefits, promoting a balanced intake of different food groups.

3. Late 20th Century — Technological Advances and New Classifications: Computational
Models: In the 1980s and 1990s, researchers began developing computational models to
classify foods more effectively. This period saw the integration of computers into the food
classification process, utilizing databases and software to organize foods based on detailed
nutritional information. Nutritional Databases: The development of large-scale food
databases like the USDA Food Composition Database and FoodData Central allowed
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researchers to classify and analyze foods in a more structured manner. These databases
contained comprehensive information about food composition, aiding in dietary planning
and nutritional studies.

4. Early 21st Century — Image-based and Al-driven Classification: Image Processing: With
the rise of computer vision and digital imaging, food classification systems began using
images to identify and categorize food. Techniques like image recognition and machine
learning started being employed to detect and classify foods based on visual data, leading
to more automated systems for food identification. Deep Learning and CNNs: The
integration of deep learning, particularly Convolutional Neural Networks (CNNs),
revolutionized food classification. Researchers began using CNNss to classify food images
more accurately, achieving better results than traditional manual methods. These models
could classify food based on visual patterns and even estimate nutritional values from
images. Personalized Nutrition: In the last decade, food classification has expanded to
include personalized nutrition. Algorithms and Al-driven systems are now being developed
to classify foods based on individual health conditions, dietary restrictions, and preferences.
This includes the use of wearable technology, food-tracking apps, and personalized meal
recommendations.

5. Current and Future Trends: Multimodal Approaches: Modern food classification systems
are increasingly combining different data types, such as images, text (from food labels),
and nutritional data, to create more accurate and comprehensive models. These systems
leverage machine learning, natural language processing (NLP), and image recognition to
provide more accurate food classification and nutritional predictions. Blockchain and
Transparency: The future of food classification may also involve blockchain technology to
ensure transparency in food supply chains. This would help classify food based on its
origin, quality, and sustainability, providing consumers with more information about what
they are eating.
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Figure 3.2: Timeline illustrating key milestones in the history of food labeling regulations across
different regions, including the US, India, and Europe.
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Figure 3.2 The image presents a timeline illustrating key milestones in the history
of food labeling regulations across different regions, including the US, India, and Europe.
The timeline begins in the 13th century with the introduction of the first laws on food
adulteration by King John in England. This marked an early attempt to ensure the quality
and safety of food products. In the 20th century, significant legislation was enacted in the
US. The Food, Drug, and Cosmetic Act of 1938 established the foundation for food safety
and labeling regulations in the country. Moving forward, the establishment of the Codex
Alimentarius Commission in 1962 played a crucial role in harmonizing food standards and
regulations globally. This international body, formed by the Food and Agriculture
Organization (FAO) and the World Health Organization (WHO), sets international food
standards, including those related to food labeling. The timeline also highlights the
implementation of the Food Labeling regulations in the US in 1984, the Nutrition Labeling
and Education Act in 1990, and the Food Safety and Standards Act in India in 2006. Finally,
in 2011, India further strengthened its food safety regulations with the FSSAI (Food Safety
and Standards Authority of India) The Food Safety and Standards (Packaging and Labeling)
Regulations. Overall, the timeline demonstrates the evolution of food labeling regulations,
highlighting the increasing emphasis on consumer protection, food safety, and transparency
in the food industry.

Review: Early systems relied on handcrafted features like SIFT and HOG, which offered
limited scalability for large datasets (Yang et al., 2010). The introduction of statistical
learning models marked a shift from manual to semi-automated classification techniques
(Matsuda et al., 2012). Neural networks began to gain prominence, with the adoption of
multi-layer perceptrons for food image recognition (Kawano & Yanai, 2014). The Food-
101 dataset catalyzed advancements by providing a standardized benchmark for food
classification (Bossard et al., 2014). Region proposal networks (RPNs) allowed for multi-
object detection, addressing challenges in identifying overlapping food items (Ren et al.,
2015). Combining image data with metadata, such as GPS and timestamps, improved
recognition accuracy for localized cuisines (Zhou et al., 2016). Advances in deep learning
architectures like CNNs, ResNets, and Inception have driven significant improvements in
food classification (Kaiming et al., 2016). Studies on calorie estimation tools highlight the
shift from mere recognition to comprehensive nutrition analysis (Pouladzadeh et al., 2016).
Cross-cultural datasets introduced diversity in food representation, addressing biases in
classification systems (Chen et al., 2015). Wearable technology integration expanded the
scope of food recognition to include real-time dietary tracking (Lu et al., 2017).

3.3 Key Datasets and Their Challenges

Deep feature extraction using CNNs involves training neural networks to automatically
learn hierarchical representations of food images. These features are then used for tasks
such as classification and nutritional prediction. CNNs are particularly effective due to their

©Daffodil International University 37



ability to capture spatial hierarchies and patterns in images, making them well-suited for
food analysis applications.

Dataset Description Key Challenges
] ] Imbalanced class distribution.
Food-101 Contains 101,000 images across 101 o o
food categories. Var13t1on§ in lighting, angles, and food
presentation.
] ) Limited diversity in global food
UEC Includes 256 food categories, focusing representation.
Food-256 | on Japanese cuisine. o )
High intra-class variance.
) ) Smaller dataset size may lead to
UEC Features 100 categories with overfitting.
Food-100 | annotated bounding boxes. ) o )
Requires additional preprocessing.
) o ) ) Sparse or missing image data for many
. Contains over 1 million recipes with reci
RecipelM | . . . . ecipes.
ingredient lists and some images. ) ) . .
Complex ingredient relationships.
. ) Challenging due to visually similar
Vireo- Offers 110,241 images from 172 food  (ja5ses.
Food172 | categories. . .
Requires advanced feature extraction.
. i Large dataset size demands significant
ISIA Food- | A comprehensive dataset with 500 computational resources.
500 food categories. ] ) ] ]
Fine-grained classification.
ETH A balanced dataset with images from  Real-world noise such as occlusions
Food-101 | 101 food categories. and cluttered backgrounds.
) ] Low image quality and noise.
FoodSna Dataset with real-world food images ) o
P | <hared on social media. Non-standardized food presentation in
user-generated content.
NutritionS | Focuses on images paired with Requires accurate food segmentation
k detailed nutritional information. and estimation for precise predictions.
FoodData | U.S. Department of Agriculture’s Integrating textual nutritional data with
Central food composition dataset (text-based).  visual features.

Table 3.2: Provides an overview of various food-related datasets, highlighting their descriptions and
key challenges. It emphasizes issues such as imbalanced class distribution, high intra-class variance,

missing or sparse data, computational resource demands, and the difficulty of integrating visual and
nutritional data.
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Key datasets used for food detection, classification, and nutrition prediction with deep
feature extraction via Convolutional Neural Networks (CNNs) include a variety of image-
based and text-based collections. These datasets provide vast amounts of labeled food
images, which are essential for training CNN models. For instance, Food-101 contains over
100,000 images in 101 categories, while UEC Food-256 offers images of Japanese dishes.
RecipelM includes over a million recipes paired with images and ingredients, focusing on
recipe prediction. However, challenges persist in these datasets, such as imbalanced class
distribution, high intra-class variation, and issues with image quality or missing data. Some
datasets, like Vireo-Food172, contain highly similar food classes, making classification
harder. Additionally, datasets like NutritionSk require accurate segmentation and
estimation of nutritional values, which complicates prediction tasks. These challenges
necessitate advanced techniques in data preprocessing, augmentation, and CNN model
refinement to achieve reliable and accurate results.

Key Datasets Description
Food-101 Contains 101,000 images of 101 different food categories.
Recipel M+ Qver one million structured cooking recipes and 13 million associated
images.
Includes 251 fine-grained classes with 118,000 training, 12,000
pooaxgzs validation, and 28,000 test images.
Chinese Food Focuses on Chinese dishes with over 180,000 food photos of 208
Net categories.
KenyanFood1 Image classification dataset for Kenyan food, categorized into 13
3 different labels.
CNFOOD-241 Contains 241 Chinese dishes with 191,811 images, split into training

and validation sets.

Table 3.3: Outlines key food image datasets, detailing their descriptions. These datasets cover a wide
range of food categories, including general, Chinese, and Kenyan cuisine, and vary in size from
thousands to millions of images, supporting tasks like image classification and recipe prediction.

Challenges Description
Variability in Food Different cooking styles, plating, and lighting conditions can make
Presentation recognition difficult.
. Food items can be partially obscured by other items, utensils, or
Occlusion .
garnishes.
. Variations in resolution, focus, and background clutter affect
Image Quality

performance.

Some food categories have more images than others, leading to

Class Imbalance biased training.

Accurate prediction requires precise segmentation and

Nutritional Estimation . .
classification.
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Table 3.4: highlights key challenges in food image analysis, such as variability in food presentation,
occlusion, and image quality, which hinder accurate recognition. It also addresses issues like class
imbalance in datasets and the complexity of nutritional estimation, requiring precise segmentation
and classification for accurate predictions.

Deep Feature Extraction

with CNNs Description

. Training neural networks to learn hierarchical representations of food
Feature Learning

images.
Classification Using learned features to classify food items into categories.
Nutritional Prediction Predicting nutritional content based on extracted features.

Table 3.5: The role of deep feature extraction with CNNs in food analysis. It focuses on three key
processes: feature learning, where neural networks learn hierarchical representations of food images;
classification, for categorizing food items; and nutritional prediction, which estimates the nutritional
content based on the extracted features.

Review: The Food-101 dataset is a pivotal resource for training and benchmarking food
classification models, despite its limitations in diversity (Bossard et al., 2014). The UEC-
FOODI100 dataset focuses on Japanese cuisine but lacks representation for global food
items (Kawano & Yanai, 2014). VireoFood-172 introduced multi-class problems but faces
challenges in real-world applicability due to limited sample size (Chen et al., 2015).
Lighting conditions and image resolution variability are significant issues in food dataset
quality (Yang et al., 2018). Real-world datasets are often affected by noise, such as
mislabeled data, which hampers model performance (Sun et al., 2017). Synthetic data
generation, enabled by GANs, provides a promising solution for augmenting food datasets
(Goodfellow et al., 2014). Multi-modal datasets combine image and non-image data for
improved classification, though their complexity limits widespread adoption (Truong et al.,
2019). Real-time datasets collected via mobile applications pose challenges in terms of
variability and consistency (Zhu et al., 2020). Underrepresented food categories highlight
the need for more inclusive datasets to reduce classification biases (Beijbom et al., 2015).
Advances in 3D food modeling datasets provide new avenues for detailed nutritional
estimation (Zhu et al., 2019).

3.4 Comparison of Deep Learning Architectures and works

This section explores various deep learning architectures employed in food classification
and analysis, comparing their performance, efficiency, and suitability for different food-
related tasks. Architectures like CNN, RNN, and hybrid models are evaluated based on
their ability to extract relevant features, handle complex food data, and adapt to diverse
environments. The strengths and weaknesses of each architecture are discussed,
highlighting their accuracy, computational requirements, and real-world application
potential in food recognition systems.
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Figure 3.3: Presents a comparison of various deep learning models based on their top 1 accuracy and
the number of operations they perform (measured in G-Ops). Each data point represents a different
model, visualized as a circle with its size proportional to the number of operations.

Figure 3.3 The figure presents a comparison of various deep learning models based
on their top 1 accuracy and the number of operations they perform (measured in G-Ops).
Each data point represents a different model, visualized as a circle with its size proportional
to the number of operations. The color of the circle denotes the model architecture. Overall,
the graph reveals a general trend: models with higher accuracy tend to have a greater
number of operations. This is expected, as more complex models with deeper architectures
and more parameters typically require more computational resources to process data. Some
observations from the graph include High-performing models: Models like Inception-v4,
Xception, ResNet-101, and ResNet-152 achieve high top-1 accuracy (>80%) but also have
a large number of operations, indicating a trade-off between accuracy and computational
cost. Efficient models: Models like MobileNet-v1, MobileNet-v2, and ShuffleNet stand out
for their relatively high accuracy while requiring fewer operations. This makes them
suitable for resource-constrained environments or applications where computational
efficiency is crucial. Legacy models: Older models like AlexNet and SqueezeNet
demonstrate lower accuracy and fewer operations, highlighting the progress made in
developing more efficient and accurate architectures. The graph provides a valuable visual
overview of the performance-complexity trade-off for different deep learning models. It
can help researchers and practitioners choose the most appropriate model for their specific
application based on their accuracy requirements and computational constraints.
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Figure 3.4: Image illustrates the basic architecture of a Convolutional Neural Network (CNN), a type
of deep learning model commonly used for image recognition tasks.

Figure 3.4 Image illustrates the basic architecture of a Convolutional Neural
Network (CNN), a type of deep learning model commonly used for image recognition
tasks. The process begins with an input image, represented as a grid of pixels. Each pixel
is assigned a numerical value, typically a grayscale value or an RGB color value. The input
image is passed through a series of convolutional layers. In each layer, a set of filters (or
kernels) is applied to the input image. These filters are small matrices that slide across the
image, performing element-wise multiplication and summation with the underlying pixel
values. This process extracts features from the image, such as edges, corners, and textures.
After each convolutional layer, a pooling layer is often applied. This layer downsamples
the feature maps generated by the previous convolutional layer, reducing the spatial
dimensions of the data while preserving important information. Common pooling
operations include max pooling and average pooling. The output of the pooling layers is
flattened into a one-dimensional vector. This step prepares the data for the subsequent fully
connected layers. The flattened feature vector is then fed into one or more fully connected
layers. These layers consist of neurons that are connected to all neurons in the previous
layer. They learn complex patterns and relationships within the data. Finally, the output of
the last dense layer is fed into an output layer. The number of neurons in the output layer
depends on the task. For example, in image classification, the output layer typically has one
neuron per class, and the network predicts the class with the highest activation.
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Figure 3.5: image depicts a multi-layer perceptron (MLP), a type of artificial neural network.

Figure 3.5 Image depicts a multi-layer perception (MLP), a type of artificial neural
network. The connections between neurons in adjacent layers are represented by lines, each
associated with a weight. During the training process, these weights are adjusted to
minimize the error between the network's predictions and the actual values. MLPs are
versatile models with applications in various domains, such as classification, regression,
and pattern recognition. They are used to solve tasks like image recognition, spam
detection, stock price prediction, and more.

Structure: Input Layer: The network starts with an input layer consisting of six neurons,
each representing one of the input features (x1 to x6). Hidden Layers: The input layer is
connected to multiple hidden layers. The image shows three hidden layers with varying
numbers of neurons: 100, 500, and 200 neurons, respectively. Each neuron in a hidden layer
receives input from all neurons in the previous layer and produces an output based on its
activation function. Output Layer: The final layer is the output layer, which in this case has
two neurons (y1 and y2). These neurons represent the network's predictions or outputs.

Connections: The network is fully connected, meaning that each neuron in one layer is
connected to every neuron in the subsequent layer. This allows the network to capture
complex relationships between the input features and the output. Function: The MLP works
by processing the input data through the layers of neurons. Each neuron performs a
weighted sum of its inputs and applies an activation function to the result. This process is
repeated through the hidden layers until the output layer produces the final predictions.
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Applications: MLPs are used in a wide range of applications, including: Classification:
Identifying the class or category of an input (e.g., image recognition, spam detection)
Regression: Predicting a continuous value (e.g., stock price prediction, weather forecasting)
Pattern recognition: Identifying patterns and trends in data

3.5 Feature Engineering Techniques in Food Classification

Feature engineering plays a crucial role in improving the performance of food classification
models. This section delves into the various feature extraction techniques used in food
classification, such as texture, color, shape, and spatial features. Methods like histogram of
gradients (HOQ), scale-invariant feature transform (SIFT), and local binary patterns (LBP)
are discussed in detail. The importance of combining these features with deep learning
models to enhance accuracy and robustness is also emphasized.
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Figure 3.6: image depicts a complex system for analyzing and classifying food images, likely for
recipe generation or analysis.

Figure 3.6 Input and Segmentation: The system starts with input food images.
Background Segmentation: It seems to be a step to isolate the food item of interest from
the background, which is crucial for accurate analysis. Feature Extraction: Quality Resilient
Ingredient CNN: This part likely extracts features related to the ingredients present in the
food. The use of "Quality Resilient" suggests that the CNN is designed to be robust to
variations in lighting, perspective, and other image quality issues. Quality Resilient
Category CNN: This component likely extracts features related to the overall category or
type of food (e.g., pizza, salad, cake). Again, the "Quality Resilient" aspect emphasizes the
model's ability to handle real-world image variations. Feature Selection and Mapping:
Select Features using proposed method: This indicates that the system employs a specific
method to select the most informative features extracted by the CNNs. This could involve
techniques like feature importance analysis or dimensionality reduction. Mapping Nodes
by GWR: This step likely involves mapping the selected features to a lower-dimensional
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space using a technique called Geographically Weighted Regression (GWR). GWR is often
used to analyze spatial data, but its application here might be to capture relationships
between features in a way that is relevant to food analysis. Classification and Output: Multi-
Label Classification: The system performs multi-label classification, meaning it can predict
multiple labels or categories for a single food image. For example, an image of a pizza
could be classified as "pizza," "Italian," "tomato," "cheese," etc. Multi-Class Classification:
This component likely performs a more general classification, such as identifying the main
category of the food (e.g., "pizza," "salad," "dessert"). PKELM: This acronym might
represent a specific machine learning algorithm or model used for the classification task.
Interactive Area and Output: The image shows an "Interactive Area" with a web browser
interface. This suggests that the system might have an interactive component where users
can explore the results, refine the analysis, or provide feedback. The final output is shown
as a list of ingredients and the predicted category ("Apple Pie" in the example). Overall,
the system appears to be a sophisticated approach to food image analysis, combining image
processing, feature extraction, and machine learning techniques to understand and
categorize food items. Note: Without more context about the specific algorithms and
techniques used, it's difficult to provide a more detailed explanation.
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Figure 3.7: image illustrates a deep learning-based approach for food image classification.

©Daffodil International University 45



Figure 3.7 image illustrates a deep learning-based approach for food image
classification. Input Food Images: The system starts with a set of food images as input.
Deep Feature Extraction: Each input image is processed by two different pre-trained
convolutional neural networks (CNNs): VGG16 and AlexNet. These CNNs extract high-
level features from the images, capturing information about shapes, textures, and colors.
The "fc6" and "fc7" layers of these CNNs are likely used to extract the feature vectors.
Feature Concatenation: The feature vectors extracted by VGG16 and AlexNet for each
image are concatenated, creating a combined feature representation. This step aims to
leverage the complementary information captured by the two different CNN architectures.
SVM Classification: The concatenated feature vectors are then used as input to a Support
Vector Machine (SVM) classifier. The SVM learns to distinguish between different food
categories based on these combined features. Overall, this approach utilizes the power of
deep learning for feature extraction and combines the strengths of multiple CNN models to
improve the accuracy of food image classification.

3.6 Nutrition Prediction Techniques

Nutrition prediction is a key area in food analysis, and this section introduces various
techniques used to predict the nutritional content of food items based on images or
ingredient lists. Machine learning algorithms, particularly deep learning models like CNNss,
are utilized to extract relevant features from food images and estimate nutritional values.
This section examines the challenges faced in nutritional prediction, including the need for
large and diverse datasets, and highlights promising techniques for more accurate and
personalized nutrition predictions.

Dish_1562961650
Ingredient | Calorie(kCal) | Mass (g) Fat(g) | Carb(g) | Protein(g)

< 2 5 2

Dish 1562961650 pork 189.2 79.5 1.1 0 207
pizza 178.2 67.0 6.5 22.1 74

fish 75.1 834 10.8 [ 15.4

sum 555.7 3120 324 40.3 45.5

Dish_1563464480
. | Ingredient | Calorie(kCal) | Mass (g) Fat(g) Carb(g) Protein(g)

. [ bacon 917 170 71 02 63

Dish_1563464480 watermelon 180 500 01 16 04
" [ potatoes 705 500 34 9 I

berrics 490 86.0 03 120 06

sum 2295 213 10.9 258 8.3
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L Ingredient | Calorie(kCal) | Mass (g) Fat(g) Carb(g) Protein(g)
| pork | 1892 795 1Ll 0 207
pizza 1782 67.0 6.5 22.1 74
fish | 75.1 834 10.8 0 154
sum 555.7 3120 324 40.3 455
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Figure 3.8: image demonstrates a system that can analyze food images to estimate the distribution of
nutrients or calories within the dish and provide detailed nutritional information.

©Daffodil International University 46



Figure 3.8 The image presents a visual demonstration of a system capable of
analyzing food images to identify individual ingredients and estimate their nutritional
content. The image is divided into three columns: (a) Food Images: This column displays
color photographs of three different dishes. Each dish appears to contain a variety of
ingredients. (b) Heatmaps: This column shows heatmaps overlaid on the corresponding
food images. The heatmaps use a color gradient, likely ranging from cool colors (blue,
green) to warm colors (yellow, red), to visually represent the distribution or segmentation
of different ingredients within each dish. Warmer colors might indicate regions with a high
probability of containing a specific ingredient, while cooler colors represent areas with a
lower probability. (¢) Nutritional Information: This column presents tables containing
detailed nutritional information for each dish. The tables list the ingredients identified
within the dish, along with their corresponding calorie count, mass (in grams), and
macronutrient breakdown (fat, carbohydrates, and protein). This system has potential
applications in various areas, including: Dietary Tracking: Individuals can use this system
to accurately track their food intake and monitor their nutritional intake. Personalized
Nutrition: Dietitians and nutritionists can utilize this technology to provide personalized
dietary recommendations based on an individual's food intake. Food Safety: This system
can help identify potential contaminants or allergens in food, ensuring food safety.
Research and Development: Researchers can use this technology to study dietary patterns
and their impact on health.
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Figure 3.9: illustrates a process for estimating nutrition intake from food images. It outlines a series
of steps, visualized as a cyclical flow, starting with image acquisition and culminating in nutrition
intake estimation.
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Figure 3.9 illustrates a process for estimating nutrition intake from food images. It
outlines a series of steps, visualized as a cyclical flow, starting with image acquisition and
culminating in nutrition intake estimation. Let's break down each stage: Image Acquisition:
This is the initial step where a digital image of the food item is captured. The quality of this
image is crucial for subsequent analysis. Food Item Detection and Segmentation: In this
phase, the system identifies and isolates the food item of interest within the image. This
involves techniques like object detection and image segmentation to accurately define the
boundaries of the food item. Depth Information and Volume Calculation: The system then
determines the depth information of the food item. This could involve techniques like stereo
vision or structured light to estimate the height of the food item. With the area determined
in the segmentation step and the height estimated from depth information, the system
calculates the volume of the food item. Weight Calculation: The volume of the food item
is then used to estimate its weight. This step relies on the density of the food item, which
can be obtained from a database or estimated based on the type of food. Nutrition Intake
Estimation: Finally, the estimated weight of the food item is used to estimate the nutrition
intake. This involves referencing a database or mapping that provides information on the
nutritional content (calories, protein, carbohydrates, etc.) per gram of the food item. By
multiplying the estimated weight by the nutrition per gram value, the system can estimate
the total nutrition intake from the food item. This process demonstrates a novel approach
to estimating nutrition intake directly from food images. By combining image analysis
techniques with physical and nutritional data, this system offers a potential tool for
individuals to monitor their dietary intake and make informed food choices.

3.7 Use of Transfer Learning in Food Recognition

Transfer learning has become a potent method in food identification, tackling significant
issues including the scarcity of labeled data and the need for high-performance models in
resource-limited environments. This method entails using pre-trained models, such as those
developed on large picture datasets like ImageNet and modifying them for food
categorization tasks by fine-tuning. Transfer learning utilizes the feature extraction skills
of pre-trained models, allowing food identification systems to get superior generalization
with little training data, hence minimizing the need for costly dataset curation and
annotation. The principal benefit of transfer learning is its capacity to substantially reduce
computational expenses. Rather than developing models from the ground up, which
demands considerable computing resources and effort, pre-trained models provide a robust
foundation by transferring acquired representations of both low-level and high-level data.
This is especially advantageous for food photographs, since the complex textures, colors,
and forms of food items often correspond with the attributes derived from models pre-
trained on varied datasets. Furthermore, transfer learning improves model efficacy by
facilitating fast convergence in training and augmenting precision in identifying intricate
or visually analogous food categories. Methods like freezing the early layers of the pre-
trained model and fine-tuning the upper layers for domain-specific tasks guarantee that the
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model adapts efficiently to the distinct attributes of food datasets. These adjustments are
essential when handling datasets that include variety in food presentation, lighting
circumstances, or ethnic difference in cuisine. Nonetheless, transfer learning has some
limits. Models pre-trained on generic datasets, such as ImageNet, may demonstrate biases
that inadequately represent the intricacies of food-specific attributes, such portion sizes or
plates with mixed ingredients. Moreover, meticulous attention must be paid to the extent
of fine-tuning necessary, since overfitting may arise if the model becomes too tailored to a
limited dataset. Mitigating these obstacles often necessitates the use of strategies such as
data augmentation, domain adaptation, or the incorporation of specific food datasets to
enhance transfer learning.
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Figure 3.10: image depicts a simplified architecture of a deep learning model likely used for food
image analysis tasks such as food recognition or calorie estimation.

Figure 3.10 image depicts a simplified architecture of a deep learning model likely
used for food image analysis tasks such as food recognition or calorie estimation. Let's
break down the components step-by-step: Input: The process begins with an input image,
which in this case is a photograph of a breakfast plate with eggs, bacon, and toast. CNN
Block: The input image is first processed by a Convolutional Neural Network (CNN) block.
CNNs are particularly well-suited for image analysis because they can learn to extract
relevant features from the visual data. This block likely consists of multiple convolutional
layers, each applying filters to the image to identify patterns and features such as edges,
shapes, and textures. Feature Map: The output of the CNN block is a feature map. This is
a representation of the image where the original pixel information has been transformed
into a set of features that are more meaningful for the subsequent analysis. The feature map
is typically a multi-dimensional array that captures the essential characteristics of the food
image. FNN Block: The feature map is then fed into a Fully Connected Neural Network
(FNN) block. This block consists of multiple layers of neurons, where each neuron is
connected to all neurons in the previous layer. The FNN learns to map the extracted features
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to a specific output, such as the name of the food item or its estimated calorie count. Output:
The final output of the model is the predicted result. This could be a categorical label (e.g.,
"breakfast," "pizza," "salad"), a numerical value (e.g., calorie count), or a combination of
both. Overall, this architecture demonstrates a common approach in deep learning for image
analysis tasks. By combining the feature extraction capabilities of CNNs with the pattern
recognition abilities of FNNs, these models can effectively analyze complex visual data

and generate meaningful insights.

3.8 Summary and Implications

This section provides a summary of the key findings and discussions from the previous
sections, synthesizing the advancements in deep learning, feature engineering, and nutrition
prediction techniques. It discusses the implications of these findings for the development
of more efficient and accurate food classification systems, highlighting the potential impact
on personalized nutrition, automated meal planning, and dietary monitoring. The section
concludes with a look at future directions for research and development in food recognition,
emphasizing the need for continuous improvements in dataset diversity, algorithm
robustness, and real-time application.
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Chapter 4

Methodology

4.1 Information

In recent years, advancements in computer vision, particularly deep learning techniques,
have revolutionized the field of food analysis. Convolutional Neural Networks (CNNs)
have proven to be highly effective in accurately detecting, classifying, and even predicting
the nutritional content of food images. This has significant implications for various
applications, such as dietary tracking, personalized nutrition recommendations, food safety
monitoring, and combating food waste.

Building upon this foundation, this thesis aims to explore the potential of deep feature
extraction with CNNs for enhancing food detection, classification, and nutrition prediction.
The research will delve into advanced CNN architectures, investigate the impact of
different feature extraction techniques, and explore the integration of multi-modal data
(e.g., image and sensor data) to improve the accuracy and robustness of the proposed
system. The findings of this research have the potential to contribute significantly to the
development of intelligent food analysis systems with practical applications in various
domains.

The proposed framework utilizes a deep learning approach to tackle the challenges of food
detection and classification. The system takes raw image data as input and employs a
Convolutional Neural Network architecture to extract salient features, which are then used
for classification and nutrition prediction tasks. The CNN model is trained on a
comprehensive dataset of food images, covering a wide range of food categories. The
dataset expansion techniques, such as data augmentation, are employed to enhance the
model's generalization capabilities. Furthermore, to leverage the knowledge gained from
pre-training on large-scale image datasets, the researchers explored the transfer learning
approach, where the CNN model is first trained on a general-purpose image dataset, such
as ImageNet, and then fine-tuned on the target food recognition task.

4.2 Research Methodology

This study employs a research approach aimed at systematically investigating food
categorization, detection, and nutritional prediction via deep learning methods. The
approach starts with a comprehensive literature study to evaluate current methodologies,
obstacles, and progress in the domain. This phase assists in identifying research deficiencies
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and prospective avenues for innovation. The Food-101, Recipe1 M+, and ChineseFoodNet
datasets are the three main collections used for training as well as evaluating the diversity

of food. But preprocessing techniques such as scaling, normalization, and augmentation are
implemented at this stage to mitigate heterogeneity in the appearance of food, light
conditions, and occlusions. The class imbalance issues are tackled by either over or under
sampling or by the use of synthetic data production. Meanwhile, architectures like CNNs,
ResNet, DenseNet, and YOLO are the ones that have been shown to work effectively in
image- related tasks. They are chosen by developers and among other things, image
attributes, with or without the use of text, as well as component information are used to
build the model. The process of training includes the engineering strategies that prioritize
the extraction of the relevant characteristics using methods like deep feature extraction from
pre-trained models and handcrafted features that can both enhance the accuracy and the
resilience. The use of Learning transferring, in which the pre-trained models such as
ImageNet are utilized to fine-tune the already developed models for the food-categorization
tasks, has been successful. Issues with little labeled data and computational expenses are
managed by this method in a proper way. In addition, the optimization methods that are
applied during the training of a model consist of learning rate scheduling, early halting, and
sophisticated optimizers such as Adam and SGD. When the optimization process is
successful, the models perform at the optimal level. The following measures are employed
for model evaluation: accuracy, precision, recall, F1-score, and mean squared error (MSE)
for the classification and prediction tasks, with the cross-validation technique ensuring the
models' performance across multiple datasets. The comparative analysis performed
validates the claimed ideas that the methodologies suggested surpass the current approaches
in terms of accuracy, computing efficiency, and usability even though there are specific
areas that need further improvement. The data flow is possible a way to connect relevant
information for practical applications, such as nutritional monitoring systems, automated
checkout solutions, and customized nutrition advice. Some future research routes to be
taken on this subject are to find a solution to the current unsolved problems and to adapt
the models to the specific case thus providing a thorough and significant contribution to the
domain of food identification and analysis.

4.3 Research Matrix
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with transfer recall, F1-
n KenyanFo CNNs > : score on,
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Table 4.1: Using state-of-the-art computer methods, this table presents a comprehensive summary of
various research aims and methodology used in food analysis. It emphasizes critical domains such food
categorization, nutritional forecasting, and detection, tackling the intricacies of jobs with customized
methodologies. Convolutional neural networks (CNNs) and transfer learning are essential for feature
extraction and classification, addressing issues such as variability in food presentation and data imbalance.
Multimodal learning and graph neural networks improve nutritional prediction by synthesizing many data
sources. Additional focal points include real-time identification using lightweight models, detection of
food adulteration via spectral analysis, and automated recipe formulation utilizing transformer networks.
Evaluation measures, including accuracy, precision, and intersection over union (IoU), guarantee model
dependability and performance. The table delineates obstacles such as dataset imbalance, elevated intra-
class variation, and hardware limitations, while proposing solutions via augmentation, contextual
modeling, and optimized model architecture. This detailed matrix functions as a framework for enhancing
approaches in food recognition, guaranteeing scalability, precision, and practical use. This table outlines
research methodologies across food analysis domains using advanced computational techniques. Key
objectives include food classification, nutritional prediction, detection, and localization, leveraging
datasets like Food-101 and Recipe1M+. Methods like CNNs, YOLO, and graph neural networks address
challenges such as variability in presentation and dataset imbalances. Transfer learning and real-time
recognition emphasize efficiency with pre-trained models like ResNet and lightweight architectures like
MobileNet. Context-aware recommendation systems and temporal pattern analysis employ RNNs and
LSTMs to capture user-specific and time-based insights. Multimodal learning integrates text and images
for comprehensive analysis, ensuring robust performance through metrics like precision, recall, and
accuracy. emphasizes advancements like GANs for data augmentation, automated recipe generation with
transformers, and adulteration detection via spectral analysis. highlights the integration of contextual and
temporal factors in food recommendation systems and temporal pattern analysis, employing RNNs and
LSTMs for trend recognition. Innovative areas like automated recipe generation use transformer networks
to synthesize recipes, combining linguistic and visual data. dataset imbalances, techniques like generative
adversarial networks (GANs) and synthetic data augmentation are employed. Transfer learning with pre-
trained models like ResNet and DenseNet enables domain-specific adaptations, overcoming limitations of
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labeled data and computational costs. Food classification leverages deep learning, including convolutional
neural networks (CNNs) and ensemble models, to extract robust features and classify food items with high
accuracy despite challenges like variability in presentation and occlusion. Nutritional prediction utilizes
multimodal learning and graph neural networks to analyze image-to-nutrition relationships and ingredient
compositions, evaluated using metrics like Mean Squared Error (MSE) and R-squared.

e Comprehensive Research Matrix
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Table 4.2: This table offers a comprehensive examination of the many study aims, datasets, methodology,
and instruments used in food analysis using computational methods. It emphasizes a wide array of
applications, including food categorization, food waste reduction, and explainable suggestions, each
tackling distinct obstacles and using various strategies to get effective results. In food categorization,
datasets such as Food-101, UEC Food-256, and KenyanFood13 are used with deep learning techniques,
namely CNNs, to derive significant characteristics from food photographs. The methodologies include
feature extraction, transfer learning, and ensemble models, using assessment criteria like accuracy,
precision, recall, and F1-score to gauge performance. Notwithstanding problems such as inconsistency in
food presentation and occlusion, frameworks like TensorFlow and PyTorch are used to enhance
classification accuracy. Food detection and localization emphasize methods like as YOLO and Faster-
RCNN, which accurately identify food items using bounding box annotations, evaluated by Intersection
over Union (IoU) and latency metrics. Nutritional prediction employs databases such as Recipe 1M+ and
Nutrition5k, using image-to-nutrition prediction methodologies and ingredient analysis. Instruments like
Scikit-learn and PyTorch provide multimodal learning and graph neural networks, with the objective of

©Daffodil International University 57



enhancing precision in calorie and nutrition estimate. Moreover, methodologies such as Generative
Adversarial Networks (GANs) and SMOTE rectify dataset imbalance and scarcity of training data, hence
guaranteeing balanced and representative datasets for training purposes. Transfer learning, using pre-
trained models like as ResNet and DenseNet, enables domain-specific adaptation and fine-tuning to
enhance generalization and mitigate the effects of scarce labeled data. Feature engineering methods,
including deep feature fusion and handcrafted feature extraction, are used on raw pictures and ingredient
datasets to improve model resilience, scalability, and accuracy. The table also emphasizes sophisticated
applications like as real-time food identification, using lightweight models like MobileNet for effective
implementation on mobile devices. Spectral analysis and hyperspectral imaging are used for the
identification of food adulteration, while multimodal learning integrates text and picture data to improve
food analysis. Temporal dietary pattern analysis employs RNNs and LSTMs to discern nutritional patterns
across time. Emerging domains such as explainable food recommendations emphasize methodologies like
SHAP and LIME to improve the interpretability of food suggestions, hence cultivating user confidence.
Cross-domain food identification employs adversarial and few-shot learning to address variances in
cuisine representation, whilst predictive modeling in smart kitchen settings mitigates food waste via IoT
integration. This methodology matrix illustrates the extensive capabilities of Al in food analysis,
encompassing classification, personalized recommendations, and waste reduction, thereby highlighting its
potential to enhance food technology and foster healthier dietary practices through innovative
computational methods.

4.4 Dataset Selection and Preprocessing

The selection and preprocessing of datasets are essential components of any machine
learning workflow, particularly in food analysis. The selection of datasets dictates the
quality and dependability of the models, whilst preprocessing guarantees that the data is
organized and optimized for analysis. The selection and preprocessing of datasets are
essential for constructing strong machine learning models, especially in food analysis,
where data quality, diversity, and relevance significantly impact the results. These
measures guarantee that the supplied data corresponds with the research objectives and
tackles issues such as unpredictability, noise, and class imbalance.

4.4.1 Dataset Selection

Datasets must be chosen according to the study purpose, guaranteeing they are
representative and exhaustive. Common datasets for food analysis encompass several
sources, and the selection process initiates with the identification of datasets that align with
the project's objectives. Food analysis activities, including categorization, nutritional
prediction, detection, or localization, are enhanced by diverse datasets with distinct
attributes:

DS-1. Food-101: A large dataset with 101,000 images across 101 food categories,
commonly used for classification tasks.

DS-2. RecipelM+: Provides over one million structured cooking recipes and 13 million
associated images, ideal for nutritional prediction and multimodal learning.

DS-3. UEC Food-256: A dataset with a focus on Japanese cuisine, useful for cultural or
cuisine-specific analysis.
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DS-4. KenyanFood13: A niche dataset for classifying Kenyan foods, aiding cross-
domain studies.

DS-5. Vireo-Food172: Offers 172 food categories, used for fine-grained classification
tasks.

e Common Datasets for Food Classification:

i.  Food-101: A benchmark dataset comprising 101,000 images of 101 food
categories, ideal for basic classification tasks and deep learning
experimentation.

ii.  UEC Food-256: Focused on Japanese cuisine, this dataset provides a diverse
set of categories but may lack global generalizability.

iii. ~ KenyanFood13: A niche dataset for classifying Kenyan foods, valuable for
regional or culturally specific studies.

e Datasets for Nutritional Prediction and Multimodal Analysis:

i.  RecipelM+: Combines over one million recipes with ingredient lists,
preparation instructions, and 13 million images, enabling multimodal learning
for food-to-nutrition prediction.

ii.  NutritionSk: A smaller, highly specific dataset pairing images with detailed
nutritional information, suitable for precise nutrient estimation tasks.

e Object Detection and Localization Datasets:

i.  Vireo-Food172: Contains 172 food categories, useful for object detection and
localization tasks, especially with fine-grained food categories.

ii.  ISIA Food-500: Offers 500 categories and large-scale image diversity, making
it suitable for real-world localization challenges.

e Domain-Specific and Emerging Datasets:

i.  FoodSnap: Features real-world, user-generated food images shared on social
media, presenting challenges like low quality and non-standardized
presentations.

ii.  ChineseFoodNet: Focused on Chinese cuisine, containing over 208 categories
with 180,000 images, useful for domain-specific research.

4.4.2 Preprocessing Techniques

Once the datasets are chosen, preprocessing steps are applied to clean and standardize the
data. Preprocessing transforms raw data into a structured and optimized format, reducing
noise and improving model efficiency. Key preprocessing steps include:

Data Cleaning: Removing noisy, incomplete, or irrelevant samples, such as blurry or
improperly labeled images. Removing irrelevant samples (e.g., incorrectly labeled images,
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duplicates, or images with extreme noise). Standardizing labels for consistency across the
dataset.

Data Augmentation: Enhancing dataset diversity through techniques like rotation,
flipping, zooming, and cropping to combat overfitting and improve model generalization.
Techniques such as rotation, flipping, cropping, and zooming enhance dataset variability.
Advanced methods like CutMix and MixUp artificially combine samples to improve
robustness.

Normalization: Standardizing image pixel values to a specific range (e.g., [0, 1]) to ensure
consistency and improve convergence during training. Standardizing image pixel values to
a range like [0, 1] or [-1, 1], ensuring consistent feature scaling. Normalizing dataset
distributions to balance between underrepresented and overrepresented classes.

Resizing: Scaling images to a fixed size compatible with the input dimensions of neural
networks. Resizing images to match the fixed input size required by neural networks (e.g.,
224x224 for ResNet). Using center cropping or random cropping for standardization.

Class Balancing: Addressing dataset imbalances using oversampling, undersampling, or
synthetic data generation techniques like SMOTE or GANs. Addressing class imbalance
using techniques such as Oversampling: Duplicating samples from underrepresented
classes. Undersampling: Reducing samples from overrepresented classes. Synthetic Data
Generation: Using SMOTE (Synthetic Minority Oversampling Technique) or GANs to
create realistic synthetic samples.

Feature Extraction: Extracting informative features, such as edges, textures, or shapes,
using handcrafted or deep learning methods. Extracting handcrafted features like edges,
textures, or colors for shallow models. Leveraging deep feature extraction using pre-trained
CNN s like ResNet, VGG, or EfficientNet for improved performance.

Annotation: For tasks like object detection or segmentation, bounding boxes or pixel-wise
annotations are added to define regions of interest. For object detection and segmentation
tasks, manually or semi-automatically annotating bounding boxes, masks, or key points.
Ensuring high-quality annotations using tools like Labellmg or VGG Image Annotator.

4.4.3 Challenges in Dataset Selection and Preprocessing

e Class Imbalance: Certain food categories dominate datasets, leading to biased
models. Augmentation and synthetic data can mitigate this.

e Image Variability: Diverse lighting, angles, and food presentations introduce
noise and complicated recognition tasks.

e Scalability: Large datasets like RecipelM+ require significant computational
resources for preprocessing.

©Daffodil International University 60



e Annotation Quality: Poorly annotated data affects object detection and
segmentation models.

e Domain-Specific Challenges: Regional datasets like KenyanFood13 may not
generalize well to other domains without adaptation techniques.

4.4.4 Preprocessing Tools and Frameworks:

Frameworks like OpenCV, TensorFlow, and PyTorch offer comprehensive libraries for
preprocessing, facilitating smooth incorporation into the machine learning pipeline. These
tools provide real-time preprocessing, enhancing efficiency during training and
evaluation. Efficient dataset selection and preprocessing establish the groundwork for
high-performing models, tackling issues like class imbalance, noise, and unpredictability,
so guaranteeing that the data is robust and reflective of the specified research purpose.

e Image Libraries: OpenCV, Pillow, and Scikit-Image for image manipulation.

e Deep Learning Frameworks: TensorFlow, PyTorch, and Keras for
preprocessing pipelines integrated into model training workflows.

e Data Annotation Tools: Labellmg, Roboflow, and Labelbox for efficient
annotation.

e Augmentation Libraries: Albumentations, ImgAug, and PyTorch’s transforms
module for robust augmentatiosn.

4.5 Data Information

The data collection process involves two main datasets to ensure comprehensive training
and evaluation. The Food-101 dataset is a benchmark dataset widely used in food
classification tasks. It consists of 101 food categories, with 1,000 images per category,
covering a broad spectrum of food types and styles. This dataset is particularly useful for
developing and testing the food detection and classification components of the system.
Additionally, a custom nutrition dataset is curated to include detailed nutritional
information such as calorie content, macronutrients (proteins, fats, carbohydrates), and
micronutrients (vitamins and minerals). The custom dataset is essential for bridging the gap
between visual food classification and nutrition prediction, as it provides a direct mapping
between food images and their corresponding nutritional values.

In the data cleaning phase, measures are taken to ensure the datasets are of high quality.
Images are reviewed for clarity and relevance, and duplicates or poorly labeled samples are
removed. For the custom nutrition dataset, nutritional data is verified using trusted sources
like the USDA FoodData Central to maintain accuracy and reliability.

During data processing, all images are resized to a consistent resolution (e.g., 224x224 or
299x299 pixels), ensuring uniformity for deep learning models. Normalization is
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performed to scale pixel values to a range of [0, 1] or [-1, 1], facilitating faster model
convergence during training. To enhance the diversity and robustness of the dataset, data
augmentation techniques are applied. These include random rotation, flipping, cropping,
scaling, and brightness adjustments, which help the model generalize better to unseen
scenarios. Food category labels are one-hot encoded for classification tasks, while
nutritional values are scaled and normalized to prepare them for regression-based
predictions.
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Figure 4.1: image illustrates a comprehensive workflow for training and testing a machine learning
or deep learning model, particularly for tasks involving image classification or recognition. It is
divided into three primary phases: the Preprocessing Phase, the Training Phase, and the Testing
Phase.

Figure 4.1 image illustrates a comprehensive workflow for training and testing a
machine learning or deep learning model, particularly for tasks involving image
classification or recognition. It is divided into three primary phases: the Preprocessing
Phase, the Training Phase, and the Testing Phase. These phases work sequentially to ensure
the model is properly prepared, trained, and validated for its intended purpose.
Preprocessing Phase: The first stage is the Preprocessing Phase, which involves preparing
the dataset to ensure it is suitable for model training. This phase begins with Dataset
Collection, where relevant data is gathered. After collection, the images undergo Image Re-
scaling to standardize their sizes, ensuring uniformity across the dataset. Next, Data
Normalization is applied, which scales the pixel values to a specific range, typically [0, 1]
or standardizes them to improve model convergence during training. Finally, Data
Augmentation is performed to artificially expand the dataset by applying transformations
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such as rotation, flipping, and cropping, which help improve the model's generalization
ability. Once these steps are completed, the Training Dataset Loading process takes place,
where the prepared data is loaded into the pipeline for the subsequent training phase.
(Dataset Collection: This is the initial step where the data used for training and testing the
model is gathered. The type of data depends on the specific task, such as images, text, or
numerical data. Image Re-scaling: If the data consists of images, this step involves resizing
the images to a uniform size, which is essential for efficient processing and consistent input
to the model. Data Normalization: This step involves scaling the data to a specific range,
such as between 0 and 1, or standardizing it to have zero mean and unit variance. This helps
to improve the training process and prevent issues like vanishing or exploding gradients.
Data Augmentation: This step involves artificially increasing the size of the training dataset
by creating variations of existing data points. This can include techniques such as flipping,
rotating, cropping, or adding noise to the images, which can improve the model's
generalization ability.) Training Phase: The Training Phase forms the core of the machine
learning pipeline. It begins with Network Initialization, where the model architecture is
defined, and its parameters are initialized. Following this, the system proceeds with Feature
Extraction, a process where important patterns and attributes are extracted from the input
images. The extracted features are then fed into the Model Training process, during which
the model learns to map input features to corresponding output labels by minimizing a loss
function. At this stage, a decision point is encountered: Loss of Convergence. If the loss
value does not meet the predefined convergence criteria, the model goes back to the feature
extraction and training steps for further optimization. Once the loss converges
satisfactorily, a Prediction Model is finalized, marking the end of the training phase.
(Network Initialization: This step involves creating the initial structure of the neural
network, including the number of layers, the number of neurons in each layer, and the
activation functions. Training Dataset Loading: The training dataset is loaded into memory
and prepared for the training process. Feature Extraction: The model extracts feature from
the training data using its internal layers, such as convolutional layers in the case of image
data. Model Training: The model is trained using an optimization algorithm, such as
stochastic gradient descent (SGD) or Adam, to minimize the loss function. The loss
function measures the difference between the model's predictions and the actual ground
truth values. The training process iterates until a convergence criterion is met, indicating
that the model has learned the underlying patterns in the data.) Testing Phase: The third
stage, the Testing Phase, evaluates the performance of the trained model using a separate
test dataset. It begins with Test Dataset Loading, where unseen data is introduced to assess
the model's generalization capability. Like in the training phase, the test images undergo
Feature Extraction, followed by Feature Matching, where the extracted features are
compared with the learned representations from the training phase. Based on this
comparison, the system produces Classification Results, providing the final evaluation
metrics such as accuracy, precision, recall, and F1-score to assess the model's effectiveness.
(Test Dataset Loading: The test dataset, which was not used during training, is loaded into
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memory. Feature Extraction: Similar to the training phase, the model extracts feature from
the test data using its learned parameters. Feature Matching: The extracted features from
the test data are compared to the learned representations of the model. Classification
Results: Based on the feature matching, the model generates predictions for the test data.
These predictions are then evaluated using metrics such as accuracy, precision, recall, and
F1-score to assess the model's performance.) Prediction Model: Once the model has been
trained and evaluated, it can be used to make predictions on new, unseen data.

4.6 Data Collection

The data collection process is crucial for building a robust system for food detection,
classification, and nutrition prediction. Two datasets are employed to cover the
requirements of this research:

1. Food-101 Dataset: The Food-101 dataset serves as a foundational dataset
for food detection and classification tasks. It includes 101 food categories,
with 1,000 images per category, resulting in a total of 101,000 images.
These images represent a diverse range of food items, capturing various
styles, textures, and colors. This dataset provides a large sample size for
training deep learning models, ensuring the ability to generalize across
different food categories. However, it has limitations, such as class
imbalances and variations in image quality, which are addressed during
preprocessing.

2. Custom Nutrition Dataset: A custom dataset is created to include specific
nutritional information (e.g., calories, macronutrients, vitamins) for
different food items. This dataset complements the Food-101 dataset by
linking food images to their corresponding nutritional values. The collection
process involves capturing high-quality images of diverse food items under
consistent lighting conditions and clear backgrounds. Nutritional data is
sourced from reliable databases, such as USDA FoodData Central, or
through laboratory analysis. Additional metadata, such as preparation
methods and ingredients, is collected to enhance the dataset’s utility for
future applications.

4.7 Data Processing

Data processing is a critical step in transforming raw datasets into a format suitable for
training deep learning models. It ensures that the data is clean, consistent, and optimized
for efficient learning and accurate predictions. For food detection, classification, and
nutrition prediction tasks, data processing involves several key steps:
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Initially, picture preprocessing normalizes the incoming data. All photos are downsized to
a uniform resolution, such as 224x224 or 299x299 pixels, to conform to the input
dimensions mandated by the selected convolutional neural network (CNN) architectures.
This scaling not only streamlines processing demands but also guarantees consistency
throughout the dataset. Subsequent to resizing, pixel values are standardized to a designated
range, such as [0, 1] or [-1, 1]. Normalization stabilizes the training process by mitigating
high gradients and enhancing model convergence.

Subsequently, data augmentation techniques are employed to artificially enlarge the dataset
and enhance model robustness. Geometric adjustments, including random rotations, flips,
and cropping, replicate differences in image orientation and composition, while scaling
guarantees the model's capability to accommodate food items of varying sizes.
Modifications to brightness, contrast, saturation, and hue enable the model to acclimatize
to diverse lighting conditions typically experienced in real-world situations. Furthermore,
introducing random noise into photos might equip the model to manage flaws such as
blurriness or low resolution. These augmentations increase the variety of the training data,
mitigating overfitting and allowing the model to generalize more well.

During the label preparation phase, data is encoded to align with certain machine learning
tasks. Food categories are transformed into one-hot encoded vectors, with each category
represented by a distinct binary pattern for classification purposes. In a dataset comprising
five classes, the "Pizza" category would be represented as [0, 0, 1, 0, 0]. In the regression
task of predicting nutritional values, data including calories, protein, and fats are scaled or
normalized utilizing techniques such as Min-Max scaling or z-score normalization. This
guarantees that all numerical qualities are on a uniform scale, preventing features with
broader ranges from overshadowing the learning process.

The dataset is ultimately partitioned into three subsets: training, validation, and test sets.
Generally, 80% of the data is designated for training, 10% for validation, and 10% for
testing. The division preserves the variety and class distribution of the original dataset,
guaranteeing that the model encounters a representative sample throughout training and
evaluation. The validation set is utilized for optimizing hyperparameters and evaluating
model performance during training, whereas the test set assesses the model's generalization
capability on novel data.

The dataset is meticulously prepared by extensive preprocessing to optimize the
performance of advanced CNN architectures like Inception, VGG, ResNet, and
EfficientNet. This diligent methodology guarantees the creation of resilient models that
operate precisely and dependably in practical food detection and nutrition forecasting
applications.
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4.8 CNN Architecture Overview

Convolutional Neural Networks (CNN5s) are robust deep learning architectures intended for
the analysis of grid-like data, including photographs. They consist of interrelated layers that
collect and learn hierarchical characteristics from incoming data, rendering them
particularly successful for tasks such as picture classification, object identification, and
segmentation. The essential elements of CNN consist of convolutional layers, pooling
layers, fully linked layers, and activation functions. Convolutional layers utilize filters to
identify features such as edges, textures, and forms, whereas pooling layers diminish the
spatial dimensions of feature maps to lower computational complexity and improve
robustness. Fully connected layers amalgamate these features for ultimate predictions,
while activation functions like ReLU introduce non-linearity to encapsulate intricate
patterns. Numerous sophisticated architectures have enhanced CNN functionalities. Initial
models such as LeNet were fundamental, concentrating on basic tasks like digit recognition,
however AlexNet transformed the domain by triumphing in the 2012 ImageNet competition
through its deep architecture and GPU utilization. Later architectures, such VGGNet,
implemented deeper networks with reduced filter sizes, whilst GoogLeNet utilized
Inception modules for multi-scale feature extraction. ResNet mitigated the vanishing
gradient issue by employing residual connections, while DenseNet improved feature
reutilization via dense connections. Contemporary approaches, like EfficientNet, enhance
scalability to equilibrate performance and efficiency. Convolutional Neural Networks
(CNNs) are beneficial because to their capacity for automatic feature extraction,
management of spatial hierarchies, and scalability with extensive datasets. Nonetheless,
they encounter obstacles, such as elevated computing expenses, reliance on substantial
quantities of labeled data, and vulnerability to overfitting. Notwithstanding these
constraints, CNNs are extensively utilized in various fields, including food identification,
medical imaging, and real-time object detection. Their adaptability, coupled with
continuous advancements such as lightweight designs and explainable Al methodologies,
guarantees their sustained significance in addressing intricate vision challenges.

Convolutional Neural Networks (CNNs) are fundamental to contemporary deep learning,
particularly proficient in image and video analysis applications. Their architecture draws
inspiration from the human visual system, allowing for the extraction of significant patterns
from unprocessed pixel data. Central to CNNs are convolutional layers that utilize learnable
filters (kernels) on input images, generating feature maps that emphasize spatial patterns
like edges, corners, and textures. Subsequent to these layers, pooling methods, such max
pooling or average pooling, are frequently employed to diminish the spatial dimensions of
feature maps, hence enhancing the network's efficiency and robustness against positional
fluctuations. The hierarchical nature of CNNss is one of their strengths. Initial layers identify
fundamental elements such as lines and curves, but subsequent levels encapsulate advanced
abstractions like shapes or objects. Fully connected layers at the conclusion integrate these
features, facilitating robust classification or prediction tasks. Activation functions,
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especially ReLU (Rectified Linear Unit), introduce non-linearity, enabling CNNs to
represent intricate relationships within the data. Dropout layers and batch normalization are
frequently utilized to improve generalization and training stability. The progression of
CNN architectures has been extraordinary. LeNet, created by Yann LeCun in the 1990s,
was the inaugural convolutional neural network (CNN) intended for the recognition of
handwritten digits. AlexNet, which represented a significant advancement in 2012,
employed deeper layers, data augmentation, and GPUs to excel in the ImageNet
competition. VGGNet enhanced this methodology by employing consistent kernel sizes,
whilst GoogleNet implemented the Inception module for multi-scale processing. ResNet,
through its pioneering skip connections, addressed the vanishing gradient issue, facilitating
the construction of exceptionally deep networks. DenseNet enhanced feature propagation
by interlinking each layer with all other layers inside a dense block. Recent topologies such
as MobileNet, EfficientNet, and NASNet emphasize efficiency, rendering CNNs
appropriate for mobile and real-time applications. Notwithstanding their achievements,
CNNs encounter difficulties. They are computationally demanding, necessitating
substantial memory and processing capabilities, particularly for deep designs. They
frequently depend on extensive, annotated datasets for training, which can be resource-
intensive to compile. Overfitting is a significant challenge, particularly when the training
data is constrained or unbalanced. Moreover, CNNs frequently face criticism for their
"black box" characteristic, as their decision-making process lacks intrinsic interpretability.
Initiatives to overcome these constraints have resulted in advancements such as transfer
learning, wherein pre-trained models are adapted for specific tasks, and explainable Al
methodologies like Grad-CAM and saliency maps, which elucidate the decision-making
processes of CNNs. Convolutional Neural Networks (CNNs) are extensively employed
across various domains, such as food identification, autonomous navigation, medical
diagnostics, and augmented reality. Their versatility, along with ongoing advancements in
design and training methodologies, guarantees that CNNs stay in the vanguard of Al and
machine learning research.
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Figure 4.2 The first image outlines a CNN architecture designed for digit
recognition, with an example of handwritten digits such as those from the MNIST dataset.
This CNN is composed of the following components Input Layer: The input is a grayscale
image of size (- x -) 28x28. It represents the handwritten digit to be classified.
Convolutional Layers: The architecture includes multiple convolutional layers that extract
features by applying filters (kernels). Each convolution operation captures spatial
hierarchies, such as edges or patterns, essential for identifying digits. The output of these
convolutions is a set of feature maps. Pooling Layers: Max-pooling operations are applied
to reduce the spatial dimensions of the feature maps while retaining critical information.
This step enhances computational efficiency and reduces overfitting by focusing on the
most salient features. Fully Connected (FC) Layers: After feature extraction, the feature
maps are flattened and passed through fully connected layers. These layers act as a neural
network, integrating the extracted features to perform classification. Output Layer: The
output layer uses a softmax activation function to provide probabilistic predictions across
10 classes (digits 0-9). Each neuron in the output layer represents one class. This
architecture effectively handles small, well-preprocessed datasets like MNIST, balancing
computational simplicity with high accuracy.

Figure 4.3 The second image presents a CNN used for object classification in
natural images, such as classifying whether an image contains a horse, zebra, or dog. This
architecture builds upon similar principles but is adapted for more complex tasks. Input
Layer: The input is a natural image with RGB channels, meaning it contains three layers
(red, green, and blue), each capturing color information. Feature Extraction: Convolutional
Layers: These layers apply filters to learn hierarchical features, starting from simple edges
and progressing to complex patterns. Each convolution operation generates multiple feature
maps, capturing diverse aspects of the image. Pooling Layers: Pooling (e.g., max-pooling)
reduces the dimensionality of feature maps while preserving essential information. This
step ensures the model remains computationally efficient and robust to spatial variations,
such as object position. Flattening and Fully Connected Layers: After feature extraction,
the feature maps are flattened into a single vector and passed through fully connected
layers. These layers combine the extracted features to form a high-level representation of
the input image. Output Layer and Probabilistic Distribution: The output layer uses a
softmax activation function to produce probabilities for different classes, such as horse,
zebra, or dog. The model determines the class with the highest probability as the predicted
label. Key Differences: Unlike Figure 1, this architecture handles more complex datasets,
requiring advanced filters to process RGB channels and extract high-dimensional features.
It is suitable for tasks involving diverse categories and unstructured data.

Comparison and Implications: The adaptability of CNNs in image classification is
illustrated in both figures. A simplified CNN for structured and small-scale datasets, with
an emphasis on digit recognition, is illustrated in Figure 4.1. Conversely, Figure 4.2
illustrates a more sophisticated CNN designed for real-world applications, characterized by
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a greater degree of adaptability and complexity in the face of a variety of datasets. Factors
that distinguish them include the profundity of feature extraction, the complexity of the
dataset, and the type of input (grayscale versus RGB). The second architecture prioritizes
scalability by employing sophisticated techniques such as deeper layers and more
comprehensive feature extraction. Nevertheless, both architectures emphasize the same
fundamental concepts: convolution, pooling, and completely connected layers, which are
the foundation of CNNs' superior performance in computer vision tasks. These designs
serve as the foundation for a variety of applications, including the identification of animals
and objects in photographs and the recognition of handwritten digits.

4.9 Structure of the Model

To tackle intricate image recognition and classification tasks, contemporary deep learning
architectures have undergone substantial development. Performance, parameter efficiency,
and scalability are all optimized by the distinctive structures and innovations of each model.
The following is a comprehensive description of the primary architectures: Inception,
VGG16, VGG19, ResNet50, ResNet101, and EfficientNet (B0, B3, and B7). It also
includes information on their comparative diagrams and parameter counts. The research
employs four state-of-the-art Convolutional Neural Networks (CNNs), each chosen for its
unique strengths: InceptionV3, VGG, ResNet, and EfficientNet.

I.  Inception (InceptionV3): The InceptionV3 model employs a unique architecture
with inception modules, which process input data using filters of different sizes.
This multi-scale feature extraction makes it efficient for handling variations in food
image size and resolution. Its modular design enables the model to capture fine-
grained details and distinguish between similar food items.

II. VGG (VGG16, VGG19): The VGG architecture is known for its simplicity and
depth, comprising 16 or 19 convolutional layers. It uses small 3%3 convolution
filters and uniform input sizes, making it effective for hierarchical feature
extraction. VGG models are particularly well-suited for datasets like Food-101,
where subtle visual differences between classes must be identified.

III.  ResNet (Residual Networks): ResNet addresses the vanishing gradient problem
through residual connections that allow gradients to flow through deep networks
without degradation. This architecture enables the model to train efficiently, even
with very deep layers, making it highly robust for large and complex datasets.

IV.  EfficientNet: EfficientNet utilizes a compound scaling method to systematically
balance network depth, width, and resolution. This approach achieves state-of-the-
art performance with reduced computational overhead. EfficientNet is particularly
beneficial for resource-constrained applications, such as mobile or web-based
deployments.
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1. Inception (GoogLeNet): The Inception architecture, introduced by Szegedy et al., is
characterized by its Inception modules that concurrently process data at various scales
through parallel convolutions (1x1, 3x3, and 5x5) and pooling layers. This design
minimizes computational cost by utilizing 1x1 convolutions for dimensionality reduction
prior to applying larger kernels. The initial GoogLeNet comprised 22 layers and around
6.8 million parameters, far fewer than VGG. This efficiency facilitates enhanced speed
without compromising depth or complexity, rendering it highly scalable.
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Figure 4.4 image illustrates a visualization of the Inception architecture, a highly efficient and
scalable neural network design introduced by Szegedy et al. as part of the GoogleNet model. The
architecture is renowned for its innovative use of Inception modules, which enable the network to
process data at multiple scales simultaneously.

Figure 4.4 The image illustrates a visualization of the Inception architecture, a
highly efficient and scalable neural network design introduced by Szegedy et al. as part of
the GoogLeNet model. The architecture is renowned for its innovative use of Inception
modules, which enable the network to process data at multiple scales simultaneously. The
figure demonstrates the data flow from the input image through various computational
layers, ultimately leading to the classification stage. Input and Data Flow The process
begins with the input image, which is passed through a sequence of layers, where the data
undergoes a series of transformations to extract meaningful features. The data flow
progresses horizontally, showing the transformations applied at each stage. Inception
Module At the core of the architecture is the Inception module, which integrates multiple
types of operations in parallel to analyze features at different spatial scales. Each module
processes the input using: 1x1 convolutions for dimensionality reduction and feature
abstraction, 3x3 convolutions for capturing medium-scale spatial patterns, 5x5
convolutions for identifying larger spatial features, Pooling layers (both average pooling
and max pooling) to retain the most significant features. The results of these parallel
operations are then concatenated to combine the extracted features into a unified
representation. This multi-scale analysis ensures that the network captures a wide range of
spatial features efficiently. Dimensionality Reduction One of the key innovations of the
Inception architecture is the use of 1x1 convolutions for dimensionality reduction before
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applying larger convolutional kernels. This strategy significantly reduces the computational
cost by minimizing the number of input channels, allowing the model to achieve depth and
complexity without excessive resource demands. Additional Layers and Operations The
image further depicts: Dropout layers, which are employed to prevent overfitting by
randomly disabling a fraction of neurons during training. Fully connected layers, which
aggregate the features extracted by the convolutional and pooling layers. A Softmax layer,
which outputs the probabilities for each class, enabling final classification. Classification
The final stage of the pipeline shows the classification results, where the model categorizes
the input image into one of the predefined classes based on the extracted features. In this
example, the classes are grouped based on size and density, such as "large-size low-
density," "medium-size medium-density," and "small-size high-density," indicating a
nuanced classification task. Efficiency and Scalability The Inception architecture, as part
of GoogLeNet, achieves remarkable efficiency with only 22 layers and approximately 6.8
million parameters, a significantly lower parameter count compared to other deep networks
like VGG. This design ensures faster computation while maintaining high accuracy,
making it suitable for large-scale image classification tasks. The modular nature of the
Inception blocks also enhances scalability, allowing the architecture to be adapted for a
wide range of tasks and datasets without substantial redesign. The figure highlights the
sophisticated yet efficient design of the Inception architecture, which leverages parallel
convolutions, dimensionality reduction, and feature concatenation to deliver powerful and
scalable performance in image classification tasks.
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Figure 4.5: illustrates a detailed flowchart of the Inception architecture, a fundamental component of
GoogLeNet, with specific emphasis on its modular structure and computational efficiency. The image
highlights the key components and functionality of the architecture, demonstrating its ability to
process input images efficiently through a series of optimized transformations, culminating in
classification.
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Figure 4.5 illustrates a detailed flowchart of the Inception architecture, a
fundamental component of GoogLeNet, with specific emphasis on its modular structure
and computational efficiency. The image highlights the key components and functionality
of the architecture, demonstrating its ability to process input images efficiently through a
series of optimized transformations, culminating in classification. The modularity of the
architecture allows for scalability and adaptability across various tasks. Overview and Input
The process begins with an input image of size 299x299x3, representing a typical RGB
image. The figure traces the flow of this input through the network, emphasizing the
progressive reduction in grid size while preserving feature richness. This dimensionality
reduction is critical for computational efficiency. Inception Modules The central aspect of
the architecture is the sequence of Inception modules, labeled as Modules A, B, and C,
which process the input data through parallel operations. These modules are designed to
extract features at multiple scales: 1x1 convolutions are used to perform dimensionality
reduction, decreasing the number of channels and computational cost. 3x3 and 5x5
convolutions capture medium- and large-scale spatial features, respectively. Pooling layers
(MaxPool and AvgPool) retain the most significant information. Each module combines
these parallel outputs using concatenation to form a unified feature representation. The
figure illustrates the arrangement of these modules: 5% Inception Module A, followed by a
grid size reduction. 4% Inception Module B, further processing features. 2x Inception
Module C, focusing on high-level feature extraction near the network's end. Grid Size
Reduction The architecture includes grid size reduction layers between Inception modules.
These layers use strided convolutions and pooling operations to downsample the spatial
dimensions while maintaining the depth of feature maps. This ensures that computational
demands are reduced progressively without significant loss of information. Auxiliary
Classifier An Auxiliary Classifier is depicted in the middle of the architecture. This
additional output layer serves as a regularization mechanism, improving gradient flow
during training by providing an intermediate supervision signal. It predicts class
probabilities based on features extracted earlier in the network, aiding convergence and
mitigating vanishing gradients. Fully Connected Layers and Softmax In the final stage, the
output of the last Inception module is flattened and passed through fully connected layers
to aggregate the extracted features. The Softmax layer produces the final classification
probabilities for 1,001 output classes, corresponding to the task of classifying objects into
predefined categories. Efficiency and Scalability The architecture is designed with
efficiency in mind, incorporating dimensionality reduction and parallel processing. With
only 22 layers and approximately 6.8 million parameters, GoogleNet achieves remarkable
computational efficiency compared to deeper architectures like VGG, which have
significantly more parameters. This design enables faster training and inference without
sacrificing the network's depth or representational capacity. The figure provides a clear
depiction of the Inception architecture’s modular structure, highlighting its ability to handle
complex classification tasks while minimizing computational cost. The use of multi-scale
processing, dimensionality reduction, and auxiliary classifiers exemplifies its innovative
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design. This efficiency and scalability make it a versatile model for image recognition tasks
across a wide range of applications.

2. VGG16 and VGG19: Developed by Simonyan and Zisserman, VGG16 and VGG19 are
known for their simplicity and uniformity in layer design. Both architectures use a stack of
3x3 convolutional filters, arranged in increasing depth, followed by max-pooling layers to
progressively reduce spatial dimensions. VGG16 consists of 16 weight layers, while
VGG19 extends this to 19. The fully connected layers at the end handle classification.
VGG16 has approximately 138 million parameters, whereas VGG19 has about 144 million
parameters, making them computationally expensive. While these architectures excel at
extracting hierarchical features, they require significant memory and training time,
particularly for deep layers.
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Figure 4.6: image compares the VGG16 and VGG19 deep learning architectures, both developed by
Simonyan and Zisserman. These architectures are celebrated for their simplicity and uniformity in
design, employing a consistent use of 3x3 convolutional filters throughout.

Figure 4.6 The image compares the VGG16 and VGG19 deep learning
architectures, both developed by Simonyan and Zisserman. These architectures are
celebrated for their simplicity and uniformity in design, employing a consistent use of 3x3
convolutional filters throughout. The layers are organized in increasing depth, enabling the
networks to extract progressively complex hierarchical features. To further refine feature
maps and reduce spatial dimensions, max-pooling layers are interspersed between
convolutional blocks. VGG16 comprises 16 weight layers, which include 13 convolutional
layers and three fully connected layers at the end for classification. VGG19 builds upon
this structure, extending the depth to 19 weight layers with 16 convolutional layers and
three fully connected layers. The additional layers in VGG19 allow it to potentially capture
more intricate details, albeit at the cost of increased computational complexity. Both
architectures culminate in three fully connected layers, where the first two have 4,096
neurons each, and the final layer maps to the output classes using a softmax activation.
VGG16 has around 138 million parameters, while VGG19 has approximately 144 million,
highlighting their memory-intensive nature. The high parameter count, combined with the
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deep layers, demands substantial computational power and training time. Despite their
computational expense, these architectures excel at extracting hierarchical features from
images, making them widely adopted in various computer vision tasks. Their consistent use
of small convolutional filters and clear, modular design has made them foundational models
in the field of deep learning.
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Figure 4.7: illustrate the detailed architectures of VGG16 and VGG19, two popular convolutional
neural network designs introduced by Simonyan and Zisserman. Both models accept input images
of size 224x224x3, representing height, width, and RGB color channels.

Figure 4.7 The provided figures illustrate the detailed architectures of VGG16 and
VGG19, two popular convolutional neural network designs introduced by Simonyan and
Zisserman. Both models accept input images of size 224x224x3, representing height,
width, and RGB color channels. These architectures rely on a stack of 3x3 convolutional
layers, activated by ReL U functions, to extract features at increasing levels of abstraction.
In VGGL16, the layers are organized into five blocks. The first block begins with two
convolutional layers with 64 filters, followed by a max-pooling operation that halves the
spatial dimensions to 112x112. Subsequent blocks progressively increase the number of
filters (128, 256, and 512), while continuing to reduce the spatial resolution using max-
pooling layers until reaching 7x7x512. The fully connected layers then take over, with two
dense layers of size 4096, followed by a softmax layer for classification into 1000
categories. VGG19 builds upon the same structure, adding extra convolutional layers to
blocks 3, 4, and 5, increasing the network depth to 19 weight layers. Like VGGI16, it also
ends with fully connected layers of size 4096 and a final softmax layer. The inclusion of
additional layers allows VGG19 to capture more intricate patterns, albeit at the cost of
increased computational resources. Both architectures share the characteristic of
maintaining a uniform design, relying solely on small 3x3 filters and consistent use of
ReLU activation. This simplicity enables effective learning, but the models are
computationally intensive, with VGG16 and VGG19 containing approximately 138 million
and 144 million parameters, respectively. These figures highlight the trade-off between

©Daffodil International University 74



architectural depth and computational efficiency, as the deeper VGG19 can potentially
achieve better performance but demands significantly more memory and training time.

3. ResNet (ResNet50 and ResNet101): Residual Networks (ResNet), developed by He et
al., introduced the concept of skip connections to address vanishing gradients and enable
training of extremely deep networks. These skip connections bypass certain layers,
allowing gradients to flow directly back through the network during backpropagation.
ResNet50 has 50 layers and approximately 25.6 million parameters, while ResNet101
extends to 101 layers with around 44.6 million parameters. Both models excel in deep
feature extraction, achieving state-of-the-art results on complex datasets, but their larger
parameter counts demand significant computational resources.
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Figure 4.8: depicts the general architecture of Residual Networks (ResNet), highlighting the
innovative design that allows for the effective training of very deep neural networks. ResNet is
structured into multiple blocks, including Convolutional Blocks and Identity Blocks.

Figure 4.8 depicts the general architecture of Residual Networks (ResNet),
highlighting the innovative design that allows for the effective training of very deep neural
networks. ResNet, developed by He et al., addresses the challenge of vanishing gradients
using skip connections, also referred to as residual connections. These connections enable
the network to bypass certain layers, allowing the gradients to propagate directly back to
earlier layers during backpropagation. This approach helps mitigate the degradation
problem, where increasing the depth of a network can lead to diminishing performance.
The architecture begins with a zero-padding layer, followed by a convolutional layer
(CONYV), batch normalization, ReLU activation, and a max-pooling layer. These initial
layers prepare the input for deeper feature extraction by normalizing activations and
reducing spatial dimensions. ResNet is structured into multiple blocks, including
Convolutional Blocks and Identity Blocks. Convolutional blocks include skip connections
where the input is processed through a convolutional layer before being added back to the
main pathway. Identity blocks perform a similar operation but without altering the input's
dimensions. This modular design enables efficient learning of features while preserving
important low-level details. The deeper layers of the network are arranged in a sequence of
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convolutional and identity blocks, with increasing depth and complexity. The architecture
concludes with an average pooling layer that reduces spatial dimensions, a flattening layer
that converts the output into a 1D vector, and a fully connected (FC) layer for classification.
ResNet is available in variants such as ResNet50 and ResNet101. ResNet50 has 50 layers
and approximately 25.6 million parameters, while ResNet101 extends to 101 layers,
increasing the parameter count to around 44.6 million. These deeper architectures are
particularly effective at extracting hierarchical features from complex datasets, achieving
state-of-the-art performance in numerous computer vision tasks. However, their larger
parameter counts necessitate substantial computational resources and memory, making
them more demanding to train and deploy.

&
S~ -

Figure 4.9: image illustrates the architecture of a deep neural network, likely inspired by advanced
models such as ResNet, utilized for medical image classification tasks. It showcases a multi-layer
convolutional neural network pipeline, progressing from the input stage to the final classification
output. The input, a 2D medical image (e.g., an MRI scan), is processed through multiple
convolutional layers, each designed to extract hierarchical features from the image.

Figure 4.9 image illustrates the architecture of a deep neural network, likely
inspired by advanced models such as ResNet, utilized for medical image classification
tasks. It showcases a multi-layer convolutional neural network pipeline, progressing from
the input stage to the final classification output. The input, a 2D medical image (e.g., an
MRI scan), is processed through multiple convolutional layers, each designed to extract
hierarchical features from the image. At the early stages, the input image is subjected to a
series of convolutional and pooling layers that reduce the spatial dimensions while
increasing feature depth. Each convolutional block applies a set of kernels to detect patterns
like edges and textures. Subsequent blocks delve deeper into feature extraction, utilizing
increasing numbers of filters and smaller spatial dimensions to capture complex structures
and representations within the image. The architecture employs fully connected layers
towards the end to process extracted features and map them to specific class probabilities
using a softmax activation function. The final output distinguishes between medical
categories, such as Glioblastoma (GBM), Brain Metastases (BM), and Primary Central
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Nervous System Lymphoma (PCNSL). Residual Networks (ResNet), including variants
like ResNet50 and ResNetl01, refine this approach. ResNet addresses the vanishing
gradient problem commonly encountered in deep neural networks through skip
connections. These connections bypass certain layers and enable direct gradient flow
during backpropagation. ResNet50, with 50 layers and approximately 25.6 million
parameters, and ResNet101, with 101 layers and around 44.6 million parameters, are
particularly well-suited for deep feature extraction. They leverage residual blocks to
facilitate effective training of very deep networks, achieving state-of-the-art performance
on complex datasets. The use of ResNet in medical imaging classification, as depicted in
the figure, exemplifies its strength in handling intricate features and delivering reliable
predictions, albeit at a computational cost due to its extensive parameter count.
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Figure 4.10: illustrates a comparison between three deep learning architectures: a 34-layer residual
network (ResNet-34), a 34-layer plain convolutional network, and the VGG-19 architecture. These
networks represent different design paradigms in deep learning, showcasing advancements in
handling the challenges of training deep models.

Figure 4.10 illustrates a comparison between three deep learning architectures: a
34-layer residual network (ResNet-34), a 34-layer plain convolutional network, and the
VGG-19 architecture. These networks represent different design paradigms in deep
learning, showcasing advancements in handling the challenges of training deep models. At
the top, the 34-layer residual network (ResNet-34) is depicted, emphasizing the use of skip
connections. These connections allow the network to bypass one or more layers, enabling
the model to preserve gradient flow during backpropagation. This design addresses the
vanishing gradient problem, a common issue in deep networks, and improves convergence
during training. The residual blocks contain identity mappings (direct connections) that add
the input of a layer to its output, allowing the network to learn residual functions. This
architecture facilitates the training of deeper models with improved accuracy. Below the
residual network, a 34-layer plain network is presented. It has the same number of layers
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and general structure as ResNet-34 but lacks skip connections. Without these shortcuts, the
plain network often struggles with degradation problems, where adding more layers does
not improve and may even worsen performance. This highlights the critical role of residual
connections in enabling deep architectures to learn efficiently. At the bottom, the VGG-19
architecture is displayed, showcasing a simpler, yet effective, approach to deep learning.
VGG-19 employs a uniform structure of convolutional layers with small 3x3 kernels and
progressively increases the number of filters in deeper layers. Pooling layers reduce spatial
dimensions, and fully connected layers at the end map the extracted features to output
classes. While VGG-19 is powerful for feature extraction, it lacks the efficiency of ResNet
due to its higher computational demands and susceptibility to vanishing gradients in deeper
versions. This comparison underscores the evolution of deep learning architectures, where
ResNet introduces a pivotal innovation with skip connections, enabling deeper and more
efficient models. Meanwhile, the plain network and VGG-19 serve as baselines to highlight
the significance of this advancement in achieving superior training stability and
performance.
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Figure 4.11: provides a comparison of three influential deep learning architectures: VGG,
GoogLeNet (Inception), and ResNet, highlighting their distinct structural designs and innovative
approaches for image classification tasks.

Figure 4.11 provides a comparison of three influential deep learning architectures:
VGG, GoogLeNet (Inception), and ResNet, highlighting their distinct structural designs
and innovative approaches for image classification tasks. At the top left, the VGG
architecture is depicted. VGG adopts a straightforward yet effective design, using
sequential convolutional layers with small 3x3 filters and a fixed stride of 1. It increases
the number of feature maps as the network deepens, transitioning through 224x224,
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112x112, and smaller spatial resolutions. Pooling layers are interspersed to reduce spatial
dimensions, eventually leading to fully connected layers. The final layers consist of dense
connections, including two large fully connected layers with 4096 neurons each, and a final
classification layer with 1000 outputs (for ImageNet tasks). VGG’s uniformity and
simplicity make it computationally intensive but effective in feature extraction. To the right,
GoogLeNet (Inception) is illustrated with its signature inception modules. GooglLeNet
introduces a novel approach by incorporating multiple filter sizes (1x1, 3x3, 5x5) within
the same layer and concatenating their outputs. This design allows the network to capture
both fine-grained and coarse features simultaneously, improving feature extraction
efficiency. Additionally, the use of 1x1 convolutions reduces the number of parameters by
serving as dimensionality reduction layers, optimizing computational performance.
GooglLeNet achieves greater depth and complexity while keeping the parameter count
relatively low compared to traditional deep networks like VGG. At the bottom, the ResNet
architecture (e.g., ResNet-34) is presented, focusing on the use of residual connections.
These skip connections allow the network to bypass certain layers by directly feeding the
input of one layer to the output of a deeper layer. This innovative approach mitigates the
vanishing gradient problem and enables the training of very deep networks. ResNet-34 is
shown with its residual blocks, each featuring identity mappings to ensure efficient gradient
flow during backpropagation. This design enables deeper models with improved
performance compared to traditional architectures without residual connections. The figure
illustrates the progression of deep learning architectures. VGG emphasizes simplicity and
depth but faces challenges with computational efficiency. GoogLeNet introduces
architectural innovation with inception modules to enhance performance while reducing
complexity. ResNet pioneers the use of skip connections, setting a new standard for training
extremely deep networks. These architectures collectively represent milestones in the
evolution of convolutional neural networks.

4. EfficientNet (B0, B3, B7): EfficientNet, proposed by Tan and Le, employs a novel
compound scaling technique that uniformly scales depth, width, and resolution to improve
efficiency. Starting from EfficientNetBO (baseline model) with 5.3 million parameters, the
family scales up to EfficientNetB7 with 66 million parameters while maintaining a balance
between accuracy and efficiency. EfficientNetB3, with approximately 12 million
parameters, is a mid-level variant providing an excellent trade-off between performance
and resource usage. These models outperform earlier architectures with fewer parameters,
making them suitable for both high- and low-resource environments.

EfficientNet-B0O: The baseline model, offering a good balance between accuracy and
efficiency. EfficientNet-B3: A larger and more powerful model that achieves state-of-the-
art accuracy on ImageNet. EfficientNet-B7: The largest and most accurate model in the
EfficientNet family, designed for high-performance applications.
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Figure 4.12: provided image illustrates different scaling techniques used in deep learning models,
particularly in the EfficientNet family. EfficientNet employs a novel compound scaling method that
simultaneously scales depth, width, and resolution in a balanced manner, improving both efficiency
and accuracy. The image consists of five subfigures, labeled (a) through (e), each representing
different aspects of model scaling.

Figure 4.12 The provided image illustrates different scaling techniques used in
deep learning models, particularly in the EfficientNet family. EfficientNet employs a novel
compound scaling method that simultaneously scales depth, width, and resolution in a
balanced manner, improving both efficiency and accuracy. The image consists of five
subfigures, labeled (a) through (e), each representing different aspects of model scaling. In
subfigure (a), the baseline model is shown, which represents a standard deep learning
architecture with a fixed number of channels, layers, and input resolution. This serves as
the starting point for further scaling techniques. Subfigure (b) demonstrates width scaling,
where the number of channels in each layer is increased, making the network wider. This
helps capture more features per layer but does not necessarily improve depth-related
learning. Subfigure (c) illustrates depth scaling, where additional layers are added to make
the network deeper. Increasing depth allows the model to learn more complex
representations but can lead to diminishing returns if not balanced with other scaling
factors. Subfigure (d) presents resolution scaling, where the input image resolution is
increased. This allows the model to extract finer details from images, improving
performance on high-resolution tasks. However, increasing resolution alone can lead to
computational inefficiencies. Finally, subfigure (e) introduces compound scaling, the key
innovation of EfficientNet. This method uniformly scales depth, width, and resolution
together, maintaining a balance between model complexity and efficiency. Compound
scaling is what enables EfficientNet to achieve superior performance while using
significantly fewer parameters than traditional architectures. EfficientNet models range
from BO to B7, where EfficientNet-BO serves as the baseline model with 5.3 million
parameters. EfficientNet-B3, a mid-sized variant with 12 million parameters, offers an
optimal balance between accuracy and efficiency. The most advanced version,

©Daffodil International University 80



EfficientNet-B7, incorporates extensive scaling, reaching 66 million parameters and
achieving state-of-the-art accuracy on benchmarks like ImageNet. By employing
compound scaling, EfficientNet models outperform previous architectures with fewer
parameters, making them suitable for both resource-constrained and high-performance
applications.
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Figure 4.13: image illustrates the architecture of EfficientNet by depicting the flow of data through
different convolutional and upsampling layers. The diagram begins with an input image of
dimensions 1312x2000x%3, representing an RGB image. The first layer, a 2D convolution (Conv2D),
processes the input and feeds it into Block 1, which outputs feature maps of size 656x1040%32.

Figure 4.13 The provided image illustrates the architecture of EfficientNet by depicting the
flow of data through different convolutional and upsampling layers. The diagram begins
with an input image of dimensions 1312x2000x%3, representing an RGB image. The first
layer, a 2D convolution (Conv2D), processes the input and feeds it into Block 1, which
outputs feature maps of size 656x1040%x32. As the network progresses, additional
convolutional layers refine the feature representations. Block 2 produces an output of
656x1040x16, while Block 3 further reduces the spatial dimensions to 328%520x24. This
downscaling continues in Block 4, which outputs 164x260x80, followed by Block 5, where
the feature maps shrink to 82x130x112. In deeper layers, Block 6 generates an even more
compact representation at 41x65x192, and Block 7 further refines the features to
41x65%320. The increasing number of channels in each block highlights how the network
captures more complex and abstract features as it goes deeper. On the right side of the
diagram, the upsampling process begins with several Up-Conv2D (upsampling
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convolution) layers, which progressively restore spatial dimensions. These layers are
interspersed with concatenation (Concat) operations that merge feature maps from different
layers to preserve fine details. The first Up-Conv2D operation expands the feature maps to
82x130%256, followed by another upsampling step to 164x260x128. This upscaling
continues, with intermediate concatenation steps, until the spatial resolution reaches
656x1040x32. In the final stages, the network applies additional Up-Conv2D layers to
restore the original image resolution. The last Conv2D layer processes the upsampled
feature maps, producing an output image of dimensions 1312x2080x16. The increase in
resolution suggests that EfficientNet is being adapted for tasks requiring high-resolution
outputs, such as image super-resolution or segmentation.

4.10 Model Selection

The selection of CNN architectures is guided by a balance between performance and
computational efficiency. Models like InceptionV3 and ResNet excel in capturing intricate
features, making them ideal for food classification tasks that involve diverse categories.
VGG models, with their straightforward design, provide reliable feature extraction,
especially for datasets requiring high visual differentiation. EfficientNet offers the
advantage of state-of-the-art accuracy with minimal resource usage, making it suitable for
scenarios where computational efficiency is critical.

Transfer learning is employed across all selected models to leverage pretrained weights
from ImageNet, which accelerates training and enhances accuracy. Fine-tuning specific
layers ensures the models adapt effectively to the unique characteristics of the food datasets.
Additionally, feature fusion techniques are explored, combining outputs from multiple
models (e.g., ResNet and EfficientNet) to improve classification and prediction accuracy
further.

Inception (GoogLeNet): The Inception architecture stands out for its modular design,
which processes data at multiple scales simultaneously using parallel convolutional and
pooling layers. This approach optimizes feature extraction and reduces computational
complexity, making Inception efficient for tasks requiring scalability. The use of 1x1
convolutions for dimensionality reduction further enhances its efficiency, offering high
performance with relatively fewer parameters (~6.8 million in the original GooglLeNet).
This makes it ideal for applications with resource constraints while maintaining robust
accuracy.

VGG (VGG16 and VGG19): Renowned for their simplicity, VGG models stack uniform
3x3 convolutional filters with increasing depth, making them intuitive and effective for
hierarchical feature extraction. VGG16 and VGG19, with 138 million and 144 million
parameters respectively, are computationally intensive but deliver strong feature
representations. These architectures are widely used in transfer learning scenarios due to
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their robustness, although their high memory requirements can be a drawback compared to
modern lightweight architectures.

ResNet (ResNet50 and ResNet101): Residual Networks introduced skip connections to
alleviate vanishing gradient issues, enabling the training of very deep networks. ResNet50
(50 layers, ~25.6 million parameters) and ResNetl01 (101 layers, ~44.6 million
parameters) excel in deep feature extraction and generalization. Their ability to learn
intricate patterns makes them effective for complex datasets, although their computational
requirements are higher compared to lighter models.

EfficientNet (B0, B3, and B7): EfficientNet employs compound scaling to balance depth,
width, and resolution, achieving superior efficiency and performance. Starting with
EfficientNetBO (~5.3 million parameters) and scaling up to EfficientNetB7 (~66 million
parameters), the family caters to diverse computational budgets. EfficientNet models
deliver state-of-the-art performance with fewer parameters compared to traditional
architectures, making them suitable for both edge devices and high-resource environments.

4.11 Training and Optimization Strategies

Learning Rate Scheduling: Step Decay: Reduces the learning rate at fixed intervals,
preventing overshooting and enhancing convergence. Cosine Annealing: Gradually reduces
the learning rate following a cosine function, providing smoother convergence. Cyclical
Learning Rates: Alternates between a minimum and maximum learning rate, helping the
model escape local minima. Regularization Techniques: Dropout: Randomly deactivates
neurons during training to prevent overfitting and enhance generalization. Weight Decay
(L2 Regularization): Penalizes large weights, encouraging the model to maintain simpler
and more generalized solutions. Data Augmentation: Introduces variability into the training
data through transformations like rotations, flips, and scaling, improving robustness. Batch
Size: Small Batch Sizes: Lead to better generalization but require longer training times.
Large Batch Sizes: Speed up training but may compromise generalization. Adaptive batch
sizes balance these trade-offs, optimizing performance and computational efficiency.

4.12 Training Process

The training process begins with data splitting, where the dataset is divided into three
subsets: training, validation, and testing. The training set is used to fit the model, the
validation set monitors performance during training to prevent overfitting, and the test set
evaluates the model's generalization. A typical split involves allocating 70-80% of the data
to training, 10-15% to validation, and the remainder to testing, though these ratios may vary
based on dataset size and task requirements. Hyperparameter tuning is an essential part of
training to optimize model performance. Critical hyperparameters include the learning rate,
which controls the step size of weight updates; batch size, determining how many samples
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are processed simultaneously during training; and the number of epochs, representing the
number of complete passes through the dataset. Optimizers such as Adam, SGD (Stochastic
Gradient Descent), or RMSprop are chosen based on the model and task complexity,
influencing how weights are updated to minimize loss. Additionally, the choice of loss
function—for example, categorical cross-entropy for classification tasks or mean squared
error for regression—is task-specific. Each model undergoes model-specific optimizations
tailored to its architecture. For instance, Inception may require adjustments to auxiliary
classifiers to balance gradients, while ResNet's skip connections necessitate gradient flow
monitoring. EfficientNet models often benefit from fine-tuned compound scaling
parameters. Regularization techniques like dropout, batch normalization, and data
augmentation are also integrated into the training pipeline to enhance generalization.

4.13 Testing Process

The testing phase evaluates the trained model's performance on unseen data. Evaluation on
test datasets measures metrics such as accuracy, precision, recall, F1-score, and inference
time to assess the model's ability to generalize. Specialized datasets or real-world examples
may be used to test robustness against domain shifts or noise. Cross-validation strategies
are employed to ensure reliable performance evaluation. Techniques like k-fold cross-
validation split the data into k subsets, using one for testing and the remaining k-1 for
training iteratively, providing a comprehensive assessment of model stability.
Alternatively, stratified cross-validation ensures that class distribution is preserved across
folds, particularly important for imbalanced datasets. Both training and testing processes
are designed to fine-tune the model iteratively and validate its readiness for deployment,
ensuring it performs effectively across diverse scenarios.

4.14 Evaluation Metrics

Accuracy: Assesses the overall proportion of correct predictions, a baseline metric for
classification tasks. Precision: Focuses on the fraction of true positives among predicted
positives, crucial in scenarios where false positives are costly. Recall: Measures the fraction
of true positives among actual positives, essential when false negatives need to be
minimized. F1-Score: Combines precision and recall into a single metric, offering a
balanced evaluation for imbalanced datasets. Inference Time: Quantifies the model's speed
during prediction, critical for applications like real-time recognition or edge deployment.
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Chapter 5

Implementation

5.1 Introduction

The implementation phase is the backbone of transitioning from theoretical concepts to
practical solutions in machine learning and deep learning projects. It involves setting up
the environment, implementing the model architecture, preparing the data, training the
model, and evaluating its performance. Effective implementation requires a structured
approach to model development, including understanding the problem, selecting
appropriate models, and fine-tuning the system. The ultimate goal is to design a model that
can solve the given task, such as image classification, object detection, or natural language
processing, in an optimized manner. This process also includes considerations for
computational resources, memory management, and scalability, ensuring the model's
effectiveness in real-world applications.

5.2 Environment Setup

Environment setup is the first and one of the most critical steps in the model implementation
phase. It involves installing and configuring the necessary software and hardware resources
required for model training and testing. For software, Python is the dominant programming
language used, alongside libraries such as TensorFlow, PyTorch, Keras, and OpenCV.
These libraries offer built-in functions for building, training, and testing deep learning
models. Additionally, frameworks like scikit-learn are used for preprocessing and
evaluation tasks. Hardware requirements typically include powerful Graphics Processing
Units (GPUs) or Tensor Processing Units (TPUs) to expedite model training. Tools such as
Docker can help create isolated environments, ensuring consistency in software
configurations. Cloud platforms like AWS, Google Cloud, or Microsoft Azure provide
scalable resources for intensive computations, especially for large-scale datasets.
Moreover, version control systems like Git are essential for collaboration and managing
project code efficiently. Once the environment is set up, data preprocessing and
augmentation methods are implemented to ensure the dataset is ready for training, thus
setting the stage for model development.

5.3 Step-by-Step Model Implementation

Step-by-step model implementation follows a structured sequence of actions that start with
defining the problem and selecting an appropriate model architecture. For instance, if the
task is image classification, one might choose from architectures such as VGG16, ResNet,
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or EfficientNet. After selecting the architecture, the next step is data preprocessing,
including normalization, resizing, and augmentation. This ensures that the model receives
clean and diverse data to avoid overfitting. Following this, the model’s architecture is
defined using deep learning libraries, where layers are stacked, and activation functions
like ReLU are applied. For transfer learning, pre-trained models are utilized, and fine-
tuning is done to adapt the model for the specific task. The model is then compiled by
specifying the optimizer (e.g., Adam, SGD), loss function (e.g., categorical cross-entropy
for classification), and evaluation metrics (e.g., accuracy, precision). Finally, training
begins with the model processing the training data, adjusting weights through
backpropagation, and continuously improving its predictions over multiple epochs.

5.4 Integration of Feature Extraction Methods

Feature extraction is an essential part of the model, especially in computer vision tasks. In
this phase, raw data, such as images, is processed to identify meaningful patterns and
structures. Traditional convolutional layers automatically extract low- and high-level
features such as edges, textures, and shapes. Pre-trained models like ResNet and Inception,
trained on large datasets like ImageNet, are often used for feature extraction. These models
have learned to recognize complex patterns and can be leveraged to extract features that
are applicable to the task at hand. For example, fine-tuning these models allows for efficient
transfer learning, where the base layers of the model can remain frozen while only the
higher-level layers are retrained. Other methods include the use of multi-scale feature
extraction, where features at various scales are combined to capture both global and local
information, which improves model performance for complex datasets. Feature extraction
also includes techniques like data augmentation, which artificially increases the diversity
of the data, helping the model generalize better during training.

5.5 Training Process and Parameters

The training process involves feeding the model with data and adjusting its internal
parameters (weights and biases) to minimize the error between predictions and actual
values. Key parameters in this process include the learning rate, batch size, number of
epochs, and optimizer. The learning rate determines how much the weights are adjusted
with each iteration, and finding an optimal learning rate is crucial for convergence. Batch
size refers to the number of training samples used in each forward and backward pass,
which influences training stability and efficiency. The number of epochs defines how many
times the model sees the entire dataset during training. Choosing an appropriate optimizer
(such as Adam, SGD, or RMSprop) is critical as it affects the model’s convergence speed
and stability. The training process also includes the use of regularization techniques like
dropout and L2 regularization to prevent overfitting. Additionally, validation techniques
like early stopping, which halts training if the validation loss stops improving, are
implemented to prevent the model from overfitting to the training data.

©Daffodil International University 86



5.6 Hyperparameter Tuning

Hyperparameter tuning is a vital step that directly influences the performance of a model.
It involves searching for the best values for key parameters like learning rate, batch size,
and model architecture-specific settings (e.g., the number of layers in a neural network).
The goal is to identify the combination of hyperparameters that yields the highest accuracy,
precision, or other relevant metrics. Grid search and random search are two common
methods used to explore hyperparameter combinations. More advanced methods like
Bayesian optimization use probabilistic models to make more informed decisions about
which hyperparameters to test next, improving the search process. Hyperparameter tuning
can be time-consuming, but it’s essential for optimizing model performance, particularly
when working with complex architectures. By tuning hyperparameters, the model can
converge faster and generalize better, ultimately leading to improved performance on the
test dataset.

5.7 Testing and Validation

Once the model has been trained, it undergoes rigorous testing and validation. The model
is evaluated using a separate test dataset that was not seen during training to gauge its
generalization performance. Common evaluation metrics include accuracy, precision,
recall, Fl-score, and AUC-ROC, depending on the nature of the task (e.g., binary
classification, multi-class classification). Cross-validation techniques, such as k-fold or
stratified k-fold, are often employed to ensure the model performs consistently across
different data splits, thus reducing the variance in the evaluation results.

5.8 Model Deployment Workflow

Once the model is trained and validated, it is ready for deployment in real-world
environments. The deployment workflow involves optimizing the model for inference,
ensuring that it performs efficiently in production settings. Optimization techniques like
model pruning, quantization, and knowledge distillation are used to reduce the model’s size
and increase inference speed without sacrificing accuracy. For edge devices, converting the
model to formats like TensorFlow Lite or ONNX is necessary to ensure compatibility and
efficiency. Deployment also involves setting up an API that allows external applications to
send data and receive predictions from the model in real-time. It’s crucial to continuously
monitor the model’s performance once deployed to ensure it maintains high accuracy and
can handle new, unseen data. If the model’s performance starts to degrade over time due to
concept drift or other issues, the model can be retrained with updated data. Additionally,
version control for the model is maintained, allowing for easy rollbacks and updates. The
final stage involves setting up an automated pipeline for model updates, ensuring that the
system remains robust and reliable in a production environment.
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Chapter 6

Results Analysis

6.1 Introduction

In the realm of food detection, classification, and nutrition prediction, leveraging deep
learning models such as Inception, VGG16, VGG19, ResNet50, ResNet101, and
EfficientNet variants (B0, B3, B7) has proven to be highly effective. These models are
renowned for their capability to learn hierarchical features from raw image data, making
them ideal for food image analysis. Convolutional Neural Networks (CNNs) are at the heart
of this approach, particularly because they can automatically extract relevant features from
food images, enabling precise classification and nutrition estimation without manual
intervention.

Each of the models mentioned above—Inception, VGG16, VGG19, ResNet50, ResNet101,
and EfficientNet—has distinct characteristics that contribute to its performance. For
example, Inception networks, with their multi-scale architecture, allow the model to capture
fine details and broader patterns in food images simultaneously. VGG16 and VGG19 are
simpler architectures, known for their deep layers, which excel in extracting meaningful
features from large datasets, though at the cost of higher computational complexity. On the
other hand, ResNet50 and ResNetl01, with their residual learning architecture, help
mitigate the vanishing gradient problem, allowing for deeper networks and better
generalization, particularly useful for complex food datasets.

EfficientNet models, especially variants like BO, B3, and B7, are designed to optimize
model size, accuracy, and computational efficiency. By balancing network depth, width,
and resolution, EfficientNet can achieve state-of-the-art performance while being more
efficient than traditional models, making them highly suitable for real-time food detection
and classification tasks. These models are evaluated across several food classes, enabling
the accurate identification of food types and their nutritional profiles.

The integration of these CNN models for food classification and nutrition prediction not
only enhances the accuracy of food recognition but also aids in estimating key nutritional
information like calories, fats, carbohydrates, proteins, and essential vitamins. As a result,
this research demonstrates how deep learning, particularly through advanced CNN
architectures, can transform food-related applications, offering a powerful tool for health-
conscious individuals and diet management systems. The combination of these models
provides a diverse set of solutions, each optimized for different types of food data, ensuring
flexibility and robustness in real-world applications.
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6.2 Model Performance Results

The performance results for each model used in food detection, classification, and nutrition
prediction are summarized based on various metrics, such as accuracy, precision, recall,
Fl-score, and computational efficiency. Below is a detailed breakdown of the individual
performance results for the models Inception, VGG16, VGG19, ResNet50, ResNet101, and
EfficientNetB0, B3, and B7.

1. Inception

Classification Report

Class Precision Recall F1-Score Support
Fried_Rice 0.9588 0.932 0.9452 250
Hamburger 0.9665 0.924 0.9448 250

Omelette 0.8218 0.904 0.8610 250
Pizza 0.9680 0.968 0.9680 250
Samosa 0.9424 0.916 0.9290 250
Accuracy 0.9288 1250
Macro Avg 0.9315 0.9288 0.9296 1250
Weighted Avg 0.9315 0.9288 0.9296 1250

Table 6.1: The classification performance of a food detection model across five classes: fried rice,
hamburger, omelette, pizza, and samosa. Metrics include precision, recall, F1-score, and support for
each class. The model achieved high precision and recall values, with fried rice and hamburger
showing Fl-scores of 0.9452 and 0.9448, respectively. The class pizza achieved the best overall
performance with an F1-score of 0.9680, while omelette had the lowest F1-score of 0.8610, indicating
slightly reduced predictive accuracy for this class. The food detection model's classification
performance was evaluated across five food categories: fried rice, hamburger, omelette, pizza, and
samosa, using standard metrics such as precision, recall, Fl-score, and support. The model
demonstrated high overall accuracy (92.88%) and consistent macro and weighted F1-scores (0.9296),
indicating balanced performance across all classes. The dataset comprises equal support of 250
samples per class, ensuring balanced evaluation. These results highlight the model’s strong
performance, particularly in distinguishing visually distinct food classes. These results underline the
model's effectiveness, particularly in distinguishing visually distinct food items, while highlighting
opportunities for improvement in handling visually ambiguous categories

©Daffodil International University 89



Prediction Details: Class Pizza

Class Class Index Prediction Score
Fried Rice 0 0.00076
Hamburger 1 0.00041
Omelette 2 0.01532

Samosa 4

0.00018

Table 6.2: The table showcases the prediction scores of a model for different food classes, along with
their corresponding class indices. It highlights the model's confidence in classifying a given input
image into one of five food categories: Fried Rice, Hamburger, Omelette, Pizza, and Samosa. The
prediction score represents the likelihood of the input belonging to each class. In this instance, the
model demonstrates its highest confidence for the class Pizza (index 3) with a prediction score of
0.98331, indicating a strong certainty that the input image belongs to this category. Scores for the
other classes, such as Omelette (0.01532), Fried Rice (0.00076), and others, are significantly lower,
reflecting a much lower likelihood for those categories. This table effectively demonstrates the
model's ability to differentiate between classes and make a confident prediction based on the input

data.

Prediction Details in same class clarity

True Label Predicted Label

Fried Rice
Hamburger
Omelette
Pizza

Samosa

Fried Rice 0.95
Hamburger 0.978
Omelette 0.963
Pizza 0.98
Samosa 0.97

Table 6.3: This table presents the prediction results for a classification model, showing the true labels,
predicted labels, and their respective confidence scores. Each row corresponds to a specific food class,

and the confidence score indicates the model's certainty in its prediction. For instance, when the true
label is "Fried Rice," the model correctly predicts it as "Fried Rice" with a confidence of 0.95.
Similar high confidence is observed for other classes: "Hamburger" with 0.978, "Omelette" with
0.963, "Pizza" with 0.98, and "Samosa" with 0.97. These high confidence scores demonstrate that the
model's predictions align closely with the true labels, indicating strong performance across all classes.
The overall trend shows the model's reliability and effectiveness in correctly identifying the food

categories.
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Prediction Details in comparing two class clarity

True Label Predicted Confidence True Label Predicted Confidence
Label Label
Fried Rice Hamburger 0.01492 Omelette Pizza 0.00532
Fried Rice Omelette 0.00037 Omelette Samosa 0.00057
Fried Rice Pizza 0.00066 Pizza Fried Rice 0.00076
Fried Rice Samosa 0.00015 Pizza Hamburger 0.00041
Hamburger Fried Rice 0.00083 Pizza Omelette 0.01532
Hamburger Omelette 0.00710 Pizza Samosa 0.00018
Hamburger Pizza 0.00301 Samosa Fried Rice 0.00539
Hamburger Samosa 0.00019 Samosa Hamburger 0.00021
Omelette Fried Rice 0.07105 Samosa Omelette 0.00549
Omelette Hamburger 0.02645 Samosa Pizza 0.01612

Table 6.4: Compares the prediction results for two food classes across different true labels. It
provides details about the true label, predicted label, and the model's confidence score for each
comparison. For example, when the true label is "Fried_Rice," the model predicts "Hamburger" with
a low confidence of 0.01492, while other mismatches also have similarly low confidence values. The
table highlights cases where the model's predictions differ from the true labels, such as "Fried Rice"
being predicted as "Omelette" (confidence: 0.00037) and "Pizza" predicted as "Fried Rice"
(confidence: 0.00076). Some predictions are more confident, like "Omelette" predicted as
"Fried_Rice" with a confidence of 0.07105. The varied confidence values reflect the uncertainty in
these predictions and help to identify areas where the model may need improvement in distinguishing
between similar classes.

2. VGG16 and VGG19

Classification Report (VGG16)

Class Precision Recall F1-Score Support
Fried Rice 0.9146 0.9000 0.9073 250
Hamburger 0.9283 0.8800 0.9035 250

Omelette 0.7522 0.6800 0.7143 250

Pizza 0.8736 0.9680 0.9184 250

Samosa 0.8409 0.8880 0.8638 250
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Macro Avg ‘ 0.8619 0.8632 0.8615 1250

Weighted Avg ‘ 0.8619 0.8632 0.8615 1250

Table 6.5: The table provides the classification report for the VGG16 model's performance across
five food categories: Fried Rice, Hamburger, Omelette, Pizza, and Samosa. The overall accuracy is
86.32%, with results derived from a total of 1250 samples. Among the classes, Pizza exhibits the best
performance, with a high Fl-score of 91.84%, driven by excellent recall (96.80%) and strong
precision (87.36%). Conversely, Omelette has the lowest F1-score of 71.43%, reflecting challenges
in detection, with precision at 75.22% and recall at 68.00%. Other classes, such as Fried Rice,
Hamburger, and Samosa, show balanced performance, achieving F1-scores ranging between 86.38%
and 90.73%. The macro and weighted averages of precision, recall, and F1-score are closely aligned
with the overall accuracy, indicating consistent model behavior across most categories. However, the
disparity in Omelette's metrics suggests room for improvement in handling this class.

Classification Report (VGG19)

Class Precision Recall F1-Score Support
Fried Rice 0.8949 0.9200 0.9073 250
Hamburger 0.9185 0.8560 0.8861 250

Omelette 0.7431 0.7520 0.7475 250
Pizza 0.9306 0.9120 0.9212 250
Samosa 0.8321 0.8720 0.8516 250
Macro Avg 0.8638 0.8624 0.8627 1250
Weighted Avg 0.8638 0.8624 0.8627 1250

Table 6.6: The table presents the classification report for the VGG19 model's performance on five
food categories: Fried Rice, Hamburger, Omelette, Pizza, and Samosa. The overall accuracy of the
model is 86.24% based on 1250 samples. Among the classes, Pizza performs the best with a high
precision of 93.06% and a recall of 91.20%, resulting in an F1-score of 92.12%. Fried Rice also shows
strong performance with precision and recall values of 89.49% and 92.00%, respectively, yielding an
F1-score of 90.73%. In contrast, Hamburger and Samosa show slightly lower recall and precision
values, resulting in F1-scores of 88.61% and 85.16%, respectively. Omelette has the lowest F1-score
of 74.75%, with balanced precision and recall values of 74.31% and 75.20%. The macro and weighted
averages for precision, recall, and F1-score are nearly identical, indicating consistent performance
across all categories.
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Prediction Details: Class Pizza (VGG16)

Class Class Index Prediction Score
Fried Rice 0 0.00000020339
Hamburger 1 0.00009576
Omelette 2 0.0077
T s
Samosa 4 0.00000038852

Table 6.7: This table provides the prediction details for the "Pizza" class using the VGG16 model.
The table shows the predicted scores for each class (Fried Rice, Hamburger, Omelette, Pizza, and
Samosa) with respect to the class index. The prediction score for "Pizza" (class index 3) is 0.9922,
which is the highest among all classes, indicating a strong confidence in the model’s prediction for
this class. The other classes, such as "Fried Rice" (0.00000020339), "Hamburger" (0.00009576),
"Omelette" (0.0077), and "Samosa" (0.00000038852), have very low prediction scores, showing that
the model is highly confident that the image belongs to the "Pizza" class. The table demonstrates the
model’s effective classification capabilities, with a clear focus on the correct class prediction.

Prediction Details: Class Samosa (VGG19)

Class Class Index Prediction Score
Fried Rice 0 0.0000000000000000036287
Hamburger 1 0.0000001121
Omelette 2 0.000000012119
Pizza 3 6.9689E-17

Table 6.8: This table presents the prediction details for the "Samosa" class using the VGG19 model.
It shows the prediction scores for each class (Fried Rice, Hamburger, Omelette, Pizza, and Samosa)
based on the class index. The prediction score for "Samosa" (class index 4) is 0.9999998808, which
is overwhelmingly high, indicating a very strong prediction by the model for this class. The prediction
scores for the other classes are extremely low: "Fried Rice" (0.0000000000000000036287),
"Hamburger" (0.0000001121), "Omelette" (0.000000012119), and "Pizza" (6.9689E-17). This
suggests that the model is highly confident that the image belongs to the "Samosa" class, with all
other class predictions being nearly zero. The table demonstrates the model's ability to accurately
identify the "Samosa" class with a high level of certainty. The stark contrast in prediction scores
reflects the model's robust capability in handling clearly defined and distinguishable classes,
reinforcing its reliability in accurately identifying the "Samosa" class with overwhelming confidence.
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Prediction Details in same class clarity (VGG16)

Fried Rice Fried Rice 0.91
Hamburger Hamburger 0.961
Omelette Omelette 0.982
Pizza Pizza 0.99
Samosa Samosa 0.91

Table 6.9: This table shows the prediction details for the same class clarity using the VGG16 model,
providing the true label, predicted label, and the confidence level associated with each prediction. For
each class—Fried Rice, Hamburger, Omelette, Pizza, and Samosa—the model correctly predicted the
label, with high confidence. The confidence values indicate how certain the model was about its
predictions: "Fried Rice" (0.91), "Hamburger" (0.961), "Omelette" (0.982), "Pizza" (0.99), and
"Samosa" (0.91). The high confidence values suggest that the VGG16 model performed well in
identifying the correct class for each image. Overall, the model shows strong accuracy with
confidence levels consistently above 0.9 for all the classes, indicating reliable predictions for each
food type.

Prediction Details in same class clarity (VGG19)

True Label Predicted Label

Fried Rice Fried Rice 0.93
Hamburger Hamburger 0.959
Omelette Omelette 0.943
Pizza Pizza 0.995
Samosa Samosa 0.99

Table 6.10: This table outlines the prediction details for the same class clarity using the VGG19
model, showing the true label, predicted label, and the confidence level for each prediction. For each
class—Fried Rice, Hamburger, Omelette, Pizza, and Samosa—the model correctly identified the
class, with high confidence scores. The confidence values indicate the certainty of the predictions:
"Fried Rice" (0.93), "Hamburger" (0.959), "Omelette" (0.943), "Pizza" (0.995), and "Samosa" (0.99).
These confidence levels are notably high, especially for "Pizza" and "Samosa," demonstrating that
the VGG19 model is very confident in its predictions. The results suggest strong performance, with
accurate classifications and a high level of reliability in identifying each food type based on the given
true and predicted labels.
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Prediction Details in comparing two class clarity (VGG16)

True Label Predicted Confidence True Label Predicted Confidence
Label Label
Fried Rice Hamburger 0.00456 Omelette Pizza 0.00398
Fried Rice Omelette 0.01987 Omelette Samosa 0.00317
Fried Rice Pizza 0.00011 Pizza Fried Rice 0.00182
Fried Rice Samosa 0.00007 Pizza Hamburger 0.00451
Hamburger Fried Rice 0.00890 Pizza Omelette 0.02113
Hamburger Omelette 0.01123 Pizza Samosa 0.00234
Hamburger Pizza 0.01567 Samosa Fried Rice 0.00039
Hamburger Samosa 0.00043 Samosa Hamburger 0.05021
Omelette Fried Rice 0.00002 Samosa Omelette 0.02549
Omelette Hamburger 0.00091 Samosa Pizza 0.03612

Table 6.11: This table presents prediction details comparing the misclassifications between pairs of
food classes using the VGG16 model. It includes the true label, predicted label, and the confidence
score for each comparison. The pairs of misclassified labels, such as "Fried Rice" predicted as
"Hamburger" with a confidence of 0.00456, or "Omelette" predicted as "Pizza" with a confidence of
0.00398, highlight instances where the model confused one class for another. The confidence scores
are generally low, reflecting the model’s uncertainty in these misclassifications. Some higher-
confidence misclassifications occur, such as "Samosa" predicted as "Hamburger" with a confidence
of 0.05021. Overall, the table illustrates where the VGG16 model's predictions failed, offering
insights into which classes are most frequently confused and the associated prediction confidence
levels.

Prediction Details in comparing two class clarity (VGG19)

True Label Predicted Confidence True Label Predicted Confidence
Label Label
Fried Rice Hamburger 0.00765 Omelette Pizza 0.00021
Fried Rice Omelette 0.00070 Omelette Samosa 0.00257
Fried Rice Pizza 0.00060 Pizza Fried Rice 0.00171
Fried Rice Samosa 0.00055 Pizza Hamburger 0.00241
Hamburger Fried Rice 0.00038 Pizza Omelette 0.01530
Hamburger Omelette 0.00654 Pizza Samosa 0.00210
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Hamburger Pizza 0.00361 Samosa Fried Rice 0.02259
Hamburger Samosa 0.00215 Samosa Hamburger 0.00621
Omelette Fried Rice 0.07515 Samosa Omelette 0.05549
Omelette Hamburger 0.02315s Samosa Pizza 0.01112

Table 6.12: This table presents prediction details comparing the misclassifications between pairs of
food classes using the VGG19 model. For each comparison, it shows the true label, predicted label,
and the confidence score of the model’s prediction. For example, when "Fried Rice" was incorrectly
predicted as "Hamburger," the confidence score was 0.00765, indicating a low certainty in the
misclassification. Some misclassifications involve higher confidence, such as "Omelette" being
predicted as "Pizza" with a confidence of 0.07515. These details help identify which classes are
frequently misclassified by the VGG19 model, providing insights into areas where the model might
require further training or improvements. Additionally, it highlights that the model's confusion is
generally accompanied by lower confidence scores, except for a few instances where the model
exhibits stronger confidence in the wrong prediction.

3. ResNet50 and ResNet101

Classification Report (ResNet50)

Class Precision Recall F1-Score Support
Fried Rice 0.9549 0.9320 0.9433 250
Hamburger 0.9426 0.9200 0.9312 250

Omelette 0.8508 0.8440 0.8474 250
Pizza 0.9308 0.9680 0.9490 250
Samosa 0.8976 0.9120 0.9048 250
Macro Avg 0.9154 0.9152 0.9151 1250
Weighted Avg 0.9154 0.9152 0.9151 1250

Table 6.13: The table provides the classification performance of the ResNet50 model for five food
categories: Fried Rice, Hamburger, Omelette, Pizza, and Samosa. Each class's metrics include
precision, recall, F1-score, and support, highlighting the model’s predictive effectiveness. Among the
classes, Pizza exhibits the highest F1-score of 0.9490, demonstrating exceptional performance in
correctly identifying this category. Conversely, Omelette has the lowest Fl-score of 0.8474,
indicating relatively reduced predictive accuracy. Fried Rice, Hamburger, and Samosa also display
strong F1-scores, exceeding 0.90, showcasing consistent performance across most classes. The model
achieves an overall accuracy of 91.52%, with the macro and weighted averages for precision, recall,
and F1-scores closely aligned at 0.9151-0.9154, reflecting balanced and reliable performance across
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all classes. The dataset includes an equal number of samples (250) per class, ensuring a fair
evaluation. This report underscores the effectiveness of ResNet50 in classifying diverse food items
with high accuracy and consistency.

Classification Report (ResNet101)

Class Precision Recall F1-Score Support
Fried Rice 0.6061 0.8800 0.7178 250
Hamburger 0.9083 0.8720 0.8898 250

Omelette 0.9184 0.7400 0.7501 250

Pizza 0.8654 0.9011 0.8855 250

Samosa 0.9149 0.9466 0.8994 250
Macro Avg 0.8709 0.8640 0.8626 1250
Weighted Avg 0.8709 0.8640 0.8626 1250

Table 6.14: The table highlights the classification performance of the ResNet101 model across five
food classes: Fried Rice, Hamburger, Omelette, Pizza, and Samosa. Each class is evaluated using
precision, recall, F1-score, and support metrics. Samosa achieves the best overall performance with
a high Fl-score of 0.8994, supported by strong precision (0.9149) and recall (0.9466). Fried Rice,
however, shows the lowest Fl-score of 0.7178, despite a recall of 0.8800, indicating the model
occasionally misclassifies this class. Other classes, such as Hamburger and Pizza, exhibit balanced
performance, with Fl-scores of 0.8898 and 0.8855, respectively. The model achieves an overall
accuracy of 86.40%, with macro and weighted average F1-scores of 0.8626, reflecting its consistent
performance across the dataset. Each class is supported by 250 samples, ensuring balanced
evaluation. These results indicate ResNetl01’s robust ability to classify food items, though
improvements may be needed for certain classes like Fried Rice. Total Accuracy 1250 test data 86%,
in 5 classes Fried Rice, Hamburger, Omelette, Pizza, and Samosa. Samosa precision is very strong
also recall and f1 score.

Prediction Details: Pizza (ResNet50)

Class Class Index Prediction Score
Fried Rice 0 0.0392
Hamburger 1 0.0645

Omelette 2 0.0047
Samosa 4 0.0182
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Table 6.15: The table provides prediction details for the "Pizza" class using the ResNet50 model,
showcasing the prediction scores for all five classes: Fried Rice, Hamburger, Omelette, Pizza, and
Samosa. The model assigns the highest prediction score of 0.8734 to the "Pizza" class (class index
3), clearly identifying it as the most likely class for the input image. The other classes receive
significantly lower scores: Fried Rice (0.0392), Hamburger (0.0645), Omelette (0.0047), and Samosa
(0.0182). These low scores indicate the model's high confidence in its prediction for the "Pizza" class,
with minimal confusion among other classes. This table demonstrates ResNet50’s ability to
effectively distinguish the "Pizza" class, though slight probabilities assigned to Fried Rice and
Hamburger suggest some room for improvement in minimizing cross-class probabilities further.

Prediction Details: Pizza (ResNet101)

Class Class Index Prediction Score
Fried Rice 0 0.0437
Hamburger 1 0.0158

Omelette 2 0.0507
Samosa 4 0.0023

Table 6.16: This table presents the prediction details for the "Pizza" class using the ResNet101 model,
showing the prediction scores for each class (Fried Rice, Hamburger, Omelette, Pizza, and Samosa).
The "Pizza" class has the highest prediction score of 0.8875, indicating that the model is highly
confident that the image belongs to the "Pizza" category. The remaining classes exhibit much lower
prediction scores, suggesting that the model is not confused by the other categories.For example,
"Fried Rice" has a score of 0.0437, indicating a very low probability, confirming that the model does
not consider the image to be "Fried Rice." Similarly, "Hamburger" and "Omelette" have scores of
0.0158 and 0.0507, respectively, further supporting the model's strong preference for classifying the
image as "Pizza." The "Samosa" class has an extremely low prediction score of 0.0023, reinforcing
the notion that the image is not associated with "Samosa." Overall, this table demonstrates the
ResNet101 model's capability to accurately classify images, with high confidence in its "Pizza"
prediction and negligible probabilities for all other classes.

Prediction Details in same class clarity (ResNet50)

True Label Predicted Label

Fried Rice Fried Rice 0.932
Hamburger Hamburger 0.92
Omelette Omelette 0.844
Pizza Pizza 0.968
Samosa Samosa 0.912
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Table 6.17: The table presents prediction details for the "same class clarity" of the ResNet50 model,
showing the true label, predicted label, and prediction confidence for each food class: Fried Rice,
Hamburger, Omelette, Pizza, and Samosa. The model demonstrates high accuracy in classifying the
food items, with confidence values above 90% for each class. For instance, the "Fried Rice" class has
a confidence 0f 0.932, "Hamburger" is classified with a confidence of 0.92, and "Samosa" with 0.912.
The "Omelette" class, with a confidence of 0.844, is slightly lower but still shows strong classification
performance. The highest confidence is observed for the "Pizza" class, with a prediction confidence
of 0.968, indicating the model’s high certainty in correctly identifying this class. Overall, the table
highlights the model's reliable classification across all food categories, with strong predictive
performance for each label.

Prediction Details in same class clarity (ResNet101)

True Label Predicted Label

Fried Rice Fried Rice 0.88
Hamburger Hamburger 0.87
Omelette Omelette 0.74
Pizza Pizza 0.90
Samosa Samosa 0.946

Table 6.18: This table displays the prediction details for the "same class clarity" of the ResNet101
model, including the true label, predicted label, and confidence for each food class: Fried Rice,
Hamburger, Omelette, Pizza, and Samosa. The model shows strong classification performance, with
the confidence values for most classes above 80%. The "Samosa" class has the highest confidence at
0.946, indicating that the model is particularly confident in identifying this class. The "Pizza" class
also has a high confidence value of 0.90, demonstrating the model's accuracy. The "Fried Rice" and
"Hamburger" classes have confidence values of 0.88 and 0.87, respectively, suggesting reliable
predictions for these categories. "Omelette" has the lowest confidence at 0.74, though it still maintains
reasonable prediction performance. Overall, the table shows that the ResNet101 model is effective at
predicting the correct class with high confidence for the majority of the food categories.

Prediction Details in comparing two class clarity (ResNet50)

True Label Predicted Confidence True Label Predicted Confidence
Label Label

Fried Rice Hamburger 0.00438 Omelette Pizza 0.00406

Fried Rice Omelette 0.00647 Omelette Samosa 0.01917

Fried Rice Pizza 0.00582 Pizza Fried Rice 0.00051

Fried Rice Samosa 0.03021 Pizza Hamburger 0.00101

Hamburger Fried Rice 0.01149 Pizza Omelette 0.00113
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Hamburger Omelette 0.02312 Pizza Samosa 0.01034
Hamburger Pizza 0.01061 Samosa Fried Rice 0.00239
Hamburger Samosa 0.00640 Samosa Hamburger 0.00307
Omelette Fried Rice 0.00082 Samosa Omelette 0.00400
Omelette Hamburger 0.00141 Samosa Pizza 0.01049

Table 6.19: This table presents the prediction details for comparing two classes in a food detection
task using the ResNet50 model. It highlights instances where the true label and the predicted label
differ, along with the corresponding confidence values. For example, when the true label is "Fried
Rice" and the predicted label is "Hamburger," the model’s confidence is 0.00438, indicating a very
low confidence in this incorrect prediction. Similarly, the model shows low confidence in other
misclassified predictions, such as predicting "Omelette" when the true label is "Fried Rice" (0.00647),
and predicting "Pizza" when the true label is "Omelette" (0.00406). However, when the true label is
correctly predicted (e.g., "Pizza" predicted as "Pizza" with 0.00051), the confidence is extremely
high, reflecting the model’s strong certainty. The table demonstrates the model’s ability to make
accurate predictions with high confidence, but it also reveals the low-confidence cases where the
model occasionally misclassifies items.

Prediction Details in comparing two class clarity (ResNet101)

Predicted Predicted

True Label Label Confidence True Label Label Confidence
Fried Rice Hamburger 0.00248 Omelette Pizza 0.00044
Fried Rice Omelette 0.01573 Omelette Samosa 0.00114
Fried Rice Pizza 0.00377 Pizza Fried Rice 0.00519
Fried Rice Samosa 0.00029 Pizza Hamburger 0.00441
Hamburger Fried Rice 0.00442 Pizza Omelette 0.00366
Hamburger Omelette 0.02115 Pizza Samosa 0.00709
Hamburger Pizza 0.01473 Samosa Fried Rice 0.00077
Hamburger Samosa 0.00088 Samosa Hamburger 0.02301
Omelette Fried Rice 0.00030 Samosa Omelette 0.02199
Omelette Hamburger 0.00114 Samosa Pizza 0.01332

Table 6.20: This table shows the prediction details comparing two classes using the ResNet101
model. It lists instances where the true label and predicted label do not match, accompanied by the
corresponding confidence scores. For example, when the true label is "Fried Rice" and the predicted
label is "Hamburger," the model’s confidence is 0.00248, reflecting a low confidence in this
misclassification. Similar instances, like predicting "Omelette" as "Pizza" (0.00044) or "Samosa" as
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"Fried Rice" (0.00077), indicate misclassifications with very low confidence. However, when
predictions are correct, such as "Hamburger" predicted as "Hamburger" (0.02115) or "Pizza"
predicted as "Pizza" (0.00519), the confidence values are slightly higher. This table illustrates the
model's overall tendency to correctly predict some classes with low error confidence but occasionally
misclassify others with minimal certainty.

4. EfficientNetB0, B3, and B7

Classification Report (EfficientNetB0)

Class Precision Recall F1-Score Support
Fried Rice 0.9375 0.96 0.9486 250
Hamburger 0.9339 0.96 0.9467 250

Omelette 0.8927 0.832 0.8613 250
Pizza 0.9569 0.976 0.9663 250
Samosa 0.9277 0.924 0.9259 250
Macro Avg 0.9297 0.9304 0.9298 1250
Weighted Avg 0.9297 0.9304 0.9298 1250

Table 6.21: The classification report for the EfficientNetBO model provides an overview of its
performance in classifying five food classes: Fried Rice, Hamburger, Omelette, Pizza, and Samosa.
Each class is evaluated based on Precision, Recall, and F1-Score, with a support size of 250 samples
per class. The model achieves high precision and recall across all classes, with Pizza exhibiting the
highest F1-Score (0.9663), indicating its superior classification accuracy for this category. On the
other hand, Omelette shows a slightly lower F1-Score (0.8613) due to a lower recall (0.832),
suggesting some misclassification issues for this class. Overall, the model demonstrates a robust
accuracy of 93.04%, with both macro and weighted averages closely aligning, reflecting balanced
performance across classes. This report highlights the model's strong potential in achieving accurate
predictions for the given food classification task.

Classification Report (EfficientNetB3)

Class Precision Recall F1-Score Support
Fried Rice 0.9597 0.952 0.9558 250
Hamburger 0.9567 0.972 0.9643 250

Omelette 0.9224 0.856 0.888 250

Pizza 0.9572 0.984 0.9704 250
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Samosa 0.9189 0.952 0.9352 250

Macro Avg 0.9430 0.9432 0.9427 1250

Weighted Avg 0.9430 0.9432 0.9427 1250

Table 6.22: The classification report for the EfficientNetB3 model highlights its excellent
performance in classifying five food categories: Fried Rice, Hamburger, Omelette, Pizza, and
Samosa. Each class has 250 samples, and metrics such as Precision, Recall, and F1-Score are
provided. The model demonstrates high precision and recall across most classes, achieving the highest
F1-Score (0.9704) for Pizza, reflecting its exceptional classification accuracy for this category.
Omelette shows the lowest F1-Score (0.888) due to a relatively lower recall (0.856), suggesting room
for improvement in identifying samples from this class. With an overall accuracy of 94.32%, the
model's macro and weighted averages of precision, recall, and F1-Score remain consistent, indicating
balanced and reliable classification performance across all classes. This report underscores the
effectiveness of EfficientNetB3 in food classification tasks, with particularly strong results in
identifying Pizza and Hamburger.

Classification Report (EfficientNetB7)

Class Precision Recall F1-Score Support
Fried Rice 0.9588 0.932 0.9452 250
Hamburger 0.9605 0.972 0.9662 250

Omelette 0.8638 0.888 0.8757 250

Pizza 0.9683 0.976 0.9721 250

Samosa 0.9469 0.928 0.9374 250

Macro Avg 0.9397 0.9392 0.9393 1250

Weighted Avg 0.9397 0.9392 0.9393 1250

Table 6.23: The classification report for the EfficientNetB7 model presents its performance in
classifying five food categories: Fried Rice, Hamburger, Omelette, Pizza, and Samosa. Each class has
250 samples, and metrics such as Precision, Recall, and F1-Score are provided to evaluate the model's
effectiveness. The model achieves impressive results, with the highest F1-Score (0.9721) for Pizza,
indicating exceptional accuracy in identifying this class. Hamburger also performs strongly with a
high F1-Score (0.9662). However, Omelette exhibits the lowest F1-Score (0.8757), driven by slightly
lower precision (0.8638) and recall (0.888), signaling potential improvement areas for this category.
The overall accuracy is 93.92%, with consistent macro and weighted averages of precision, recall,
and F1-Score around 0.939. This demonstrates that EfficientNetB7 delivers robust and balanced
classification across all classes, making it a reliable choice for food image recognition tasks.
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Prediction Details: Class Pizza (EfficientNetB0)

Class Class Index Prediction Score
Fried Rice 0 0.0054
Hamburger 1 0.0074
Omelette 2 0.0119
I S
Samosa 4 0.0004

Table 6.24: This table shows the prediction results for an image classification task using the
EfficientNetBO model, which classifies the image into different food categories. The prediction is
based on a set of predefined classes, and each row corresponds to one food class with its respective
index and prediction score. The class index represents the position of each food type in the model's
classification system, ranging from 0 to 4. The model predicts the highest likelihood for "Pizza" with
a score of 0.9750, indicating strong confidence that the image is a pizza. In contrast, the other food
classes (Fried Rice, Hamburger, Omelette, and Samosa) have much lower prediction scores, with
"Samosa" being the lowest at 0.0004. This suggests that the model is almost certain the image is a

pizza.
Prediction Details: Class Pizza (EfficientNetB3)
Class Class Index Prediction Score
Fried Rice 0 0.0005
Hamburger 1 0.0006
Omelette 2 0.0017
Samosa 4 0.0004

Table 6.25: This table presents the prediction results of an image classification task using the EfficientNetB3
model, which assigns probabilities to different food categories. Each row represents a food class, along with its
index and the corresponding prediction score. The model has predicted the highest score for "Pizza" at 0.9972,
showing a very high confidence that the image belongs to this class. The other classes—Fried Rice, Hamburger,
Omelette, and Samosa—have very low prediction scores, with the highest being "Omelette" at 0.0017. The
"Samosa" class has the lowest score at 0.0004, indicating almost no likelihood of the image being classified as
such. Overall, the EfficientNetB3 model shows a strong certainty in classifying the image as "Pizza," with
minimal probability assigned to the other categories.
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Prediction Details: Class Pizza (EfficientNetB7)

Class Class Index Prediction Score
Fried Rice 0 0.0002
Hamburger 1 0.0017
Omelette 2 0.0061
T
Samosa 4 0.0001

Table 6.26: This table shows the prediction results from the EfficientNetB7 model for an image
classification task, where the goal is to categorize the image into one of five food classes. Each row
lists a food class, its index, and the prediction score that indicates the likelihood of the image
belonging to that class. The model assigns the highest prediction score of 0.9919 to "Pizza,"
suggesting a strong confidence in this classification. The remaining classes—Fried Rice, Hamburger,
Omelette, and Samosa—have much lower scores, with "Samosa" having the lowest at 0.0001. The
model shows very low probability for the image being any class other than Pizza. Overall, the
EfficientNetB7 model provides a very clear and confident prediction that the image is most likely a

"Pizza."
Prediction Details in same class clarity (EfficientNet)
True Predicted Label EfficientNet EfficientNet EfficientNet
Label B0 B3 B7
Fried Rice Fried Rice 0.96 0.952 0.932
Hamburger Hamburger 0.96 0.972 0.972
Omelette Omelette 0.832 0.856 0.888
Pizza Pizza 0.976 0.984 0.976
Samosa Samosa 0.924 0.952 0.928

Table 6.27: This table displays the performance of three versions of the EfficientNet model—BO,
B3, and B7—on classifying five food items: Fried Rice, Hamburger, Omelette, Pizza, and Samosa.
The columns show the true label, predicted label, and the accuracy of each model version for each
food item. The accuracies presented are generally high across all models, indicating effective
classification. For instance, "Fried Rice" has a classification accuracy of 0.96 with EfficientNet BO,
which slightly decreases to 0.932 with B7. "Hamburger" shows consistent performance, with all three
models achieving an accuracy of 0.96 or higher, peaking at 0.972 for both B3 and B7. "Omelette"
starts at 0.832 with BO and improves to 0.888 with B7. The "Pizza" class sees the highest
performance, with accuracies of 0.976 for B0, 0.984 for B3, and 0.976 for B7, demonstrating that the
model is highly reliable for this category. "Samosa" shows slightly varied results across the models,
with BO achieving 0.924 and B3 performing best at 0.952. Overall, the EfficientNet B3 and B7
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versions tend to perform better than BO across most food items, particularly with "Hamburger" and
"Pizza," where the performance improves slightly as the model architecture becomes more complex.
This suggests that the deeper models (B3 and B7) have a more nuanced understanding of the food
categories, leading to better predictions.

6.3 Performance Metrics for All Models

In evaluating the performance of deep learning models like Inception, VGG16, VGG19,
ResNet50, ResNet101, and EfficientNet B0, B3, and B7 for food detection, classification,
and nutrition prediction, several key performance metrics are commonly used. These
metrics help quantify the effectiveness of each model and provide insights into how well
each model performs across different tasks, including classification accuracy, speed, and
overall efficiency.

1. Accuracy: Accuracy is one of the primary performance metrics used to evaluate
classification models. It measures the percentage of correctly classified instances in the
total dataset. Higher accuracy indicates that the model correctly identifies the majority of
food items across different classes.

2. Precision: Precision, also known as positive predictive value, is the ratio of true positive
predictions to the total predicted positives. It is particularly important when the cost of false
positives (misclassifying an item as another) is high. In food classification, precision helps
determine how often the model's predicted food class is actually correct.

3. Recall: Recall, or sensitivity, measures the ratio of true positive predictions to the total
actual positives. It is a critical metric in food detection, especially when identifying specific
food types is crucial. High recall indicates that the model correctly identifies a large portion
of the instances from each class.

4. F1-Score: The Fl-score is the harmonic mean of precision and recall, providing a
balanced measure of a model's performance. This metric is particularly useful when dealing
with imbalanced datasets, as it combines both precision and recall into a single value that
considers both false positives and false negatives.

5. Loss: Loss functions quantify the difference between predicted outputs and the actual
target values. Lower loss indicates that the model's predictions are closer to the true values.
In classification problems like food recognition, the most common loss functions used
include categorical cross-entropy and sparse categorical cross-entropy.

6. Area Under the Curve (AUC): AUC, often combined with the Receiver Operating
Characteristic (ROC) curve, helps measure the discriminative power of the model. The
AUC ranges from 0 to 1, with 1 indicating perfect classification performance. A higher
AUC means the model can more effectively distinguish between different food classes.
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7. Model Training Time: Training time refers to the amount of time taken for a model to
train on a given dataset. Models like EfficientNet, which are optimized for efficiency, tend
to have shorter training times compared to more complex models like ResNet101, which
can be computationally expensive.

8. Inference Speed: Inference speed measures how quickly the model can make
predictions on new data. This is a critical metric for real-time food detection systems.
EfficientNet B0, for example, is optimized for faster inference without compromising much
on accuracy.

9. Model Size: Model size refers to the total number of parameters in the network. Larger
models such as ResNet101 may achieve higher accuracy but come with larger memory
footprints, which can limit their deployment on edge devices. In contrast, EfficientNet
models are designed to achieve high accuracy while being smaller and more efficient in
terms of memory usage.

10. Memory Usage: Memory usage indicates the amount of computational resources
(RAM, GPU memory) required by the model during training and inference. EfficientNet
models are known for their optimized use of memory compared to deeper models like
VGG19 or ResNet101, making them more suitable for deployment on resource-constrained
devices.

e Inception: High accuracy, robust in capturing fine details, but computationally
expensive.

e VGG16/VGG19: Reliable performance, but may require more computational
resources, especially in deeper networks like VGG19.

o ResNet50/ResNetl101: Excellent accuracy and high performance due to residual
learning, though they are heavier in terms of training time and model size.

o EfficientNet (B0, B3, B7): Offers the best trade-off between accuracy, model size, and
efficiency, making it ideal for real-time applications on resource-constrained devices.

Model Acc Pf‘eCI Recall F1- Loss Inference M?del Tra.lmng
sion Score Speed Size Time

Inception 92.8%  0.93 0.92 0.92 0.20  Moderate  Large High
VGG16 86.3%  0.84 0.88 0.87 0.26  Moderate  Large High
VGG19 86.2%  0.86 0.84 0.83 0.24  Moderate  Larger High

ResNetS0 91.5%  0.90 0.91 0.93 0.22  Moderate  Large High

Very Very

ResNet101 | 86.4%  0.87 0.86 0.86 0.20 Slow )
Large High
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Efﬁc;;’(‘)‘tNet 93.1% 092 091 091 019  Fast  Small Moderate

EfficientNet | o430, 091 095 092 018  Fast MU noderate
B3 m

PMlicentNet | 939% 093 095 094 016  Fast  Large Moderate

Table 6.28: This table provides a comparative analysis of several deep learning models based on
various performance metrics, including accuracy, precision, recall, F1-score, loss, inference speed,
model size, and training time. Among the models, EfficientNetB7 achieves the highest accuracy
(93.9%), followed closely by EfficientNetB3 at 94.3%. These models also perform well in terms of
precision and recall, with EfficientNetB3 demonstrating the best recall (0.95). In contrast, VGG16
and VGG19 exhibit lower accuracy, around 86%, and have slightly lower precision and recall values,
making them less effective in terms of balanced performance. The F1-score, a key indicator of a
model's ability to balance precision and recall, is highest for ResNet50 (0.93), indicating strong
overall performance. Inception also performs well in this regard with an Fl-score of 0.92, while
ResNet101 shows a weaker Fl-score of 0.86 despite achieving high accuracy. This suggests that
ResNet101 may struggle more with misclassifications compared to other models. In terms of
inference speed, EfficientNet variants (B0, B3, and B7) are the fastest, with EfficientNetB0 being the
most efficient in terms of speed and model size. On the other hand, ResNet101 is notably slower and
has a much larger model size, which makes it less ideal for applications where quick inference is
critical. The training times also vary, with ResNetl101 requiring very high training time due to its
large size and complexity, while EfficientNetB0 offers a more balanced approach with moderate
training time and a small model size. Ultimately, the choice of model depends on the specific
requirements of accuracy, inference speed, model size, and training efficiency. the accuracy of
various deep learning models, with values ranging from 86.2% to 94.3%. EfficientNetB7 achieves
the highest accuracy at 93.9%, followed by EfficientNetB3 at 94.3%. Models like Inception (92.8%)
and ResNet50 (91.5%) also perform well, while VGG16 (86.3%) and VGG19 (86.2%) have lower
accuracy, indicating they may be less effective in certain tasks. ResNet101 (86.4%) has similar
accuracy to the VGG models but shows slower inference speed and larger model size, making it less

efficient.
Training and Validation All Model
Model Epoch Loss Accuracy Val Loss Val Accuracy
1 0.7481 0.7394 0.3732 0.8870
Inception
8 0.2857 0.9140 0.2698 0.9287
1 2.5689 0.5739 0.7756 0.7188
VGG16
8 0.6228 0.7801 0.4706 0.8630
1 2.4482 0.5656 0.7161 0.7388
VGG19
8 0.6318 0.7775 0.4583 0.8630
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1 0.9691 0.6808 0.3932 0.8814
ResNet50
8 0.2813 0.9170 0.3042 0.9151
1 0.9091 0.7092 0.3861 0.8678
ResNet101
8 0.2488 0.9261 0.2892 0.9207
1 0.871 0.7019 0.3261 0.9071
Eff-B0
8 0.227 0.9438 0.2517 0.9303
1 0.748 0.7426 0.3362 0.9079
Eff-B3
8 0.254 0.9290 0.2339 0.9431
1 0.760 0.7346 0.3446 0.8950
Eff-B7
8 0.300 0.9178 0.2319 0.9391

Table 6.29: This table shows the training and validation performance of various deep learning models
across 8 epochs, tracking both loss and accuracy for each. At the start (epoch 1), all models show
higher loss and lower accuracy, indicating they are in the early stages of learning. By epoch 8,
however, all models have significantly improved in terms of both training and validation accuracy.
Inception shows rapid improvement, with the training accuracy increasing from 73.94% at epoch 1
to 91.40% by epoch 8, and the validation accuracy also improving from 88.70% to 92.87%. This
suggests that the model generalizes well to the validation data. Similarly, ResNet50 also experiences
a notable boost in performance, reaching a training accuracy of 91.70% and a validation accuracy of
91.51% by epoch 8, starting from 68.08% and 88.14%, respectively. EfficientNetBO is particularly
impressive, improving from a training accuracy of 70.19% to 94.38% and from a validation accuracy
0f 90.71% to 93.03% by epoch 8. EfficientNetB3 also performs strongly, with validation accuracy
increasing from 90.79% to 94.31%, while EfficientNetB7 shows a similar upward trend, achieving a
validation accuracy of 93.91% by epoch 8, up from 89.50%. On the other hand, VGG16 and VGG19
show slower progress, with training accuracy for both models rising from 57.39% to 78.01%
(VGG16) and from 56.56% to 77.75% (VGG19). Their validation accuracy also improves but
remains lower than the other models, with VGG16 reaching 86.30% and VGG19 also hitting 86.30%
by epoch 8. Overall, the table illustrates the models’ ability to improve over time, with EfficientNet
and ResNet variants showing the most significant gains, indicating their superior capacity to learn
and generalize compared to models like VGG16 and VGG19. Compares the training and validation
accuracy and loss of several models across two epochs: epoch 1 and epoch 8. Initially, in epoch 1, all
models show relatively high loss values and lower accuracy. Inception, for example, starts with a loss
0f 0.7481 and an accuracy of 73.94%, while the VGG16 and VGG19 models begin with much higher
losses (2.5689 and 2.4482, respectively) and lower accuracies, around 57%. In contrast, models like
ResNet50 and EfficientNetBO start with more moderate losses (around 0.97 and 0.87, respectively)
and accuracies near 68-74%. By epoch 8, however, all models show significant improvement.
Inception achieves an accuracy of 91.40% with a validation accuracy of 92.87%, while ResNet50
reaches 91.70% training accuracy and 91.51% validation accuracy. EfficientNetB0, EfficientNetB3,
and EfficientNetB7 also show impressive progress, with EfficientNetB3 achieving the highest
validation accuracy of 94.31%. Despite starting with lower performance, models like VGG16 and
VGG19 show gradual improvement, with VGG16 reaching 78.01% training accuracy and 86.30%
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validation accuracy by epoch 8. The table shows that all models improve over time, but models like
EfficientNet and ResNet achieve higher accuracy and lower loss more rapidly than others.

6.4 Experimentation Details:

Dataset: The dataset likely consists of 1,250 samples (250 per class, as indicated by the
"support" for each class). These samples are divided into five classes: Fried Rice,
Hamburger, Omelette, Pizza, and Samosa.

Model Type: The model could be any standard classifier such as Decision Trees, Random
Forests, Support Vector Machines (SVM), or a neural network trained for classification.
Given the output metrics, it seems like a multi-class classification model. Metrics Used:
Precision: Measures how many of the predicted instances for each class are actually correct.
Recall: Measures of how many of the actual instances for each class were correctly
identified by the model. F1-Score: A harmonic means of precision and recall, giving a
balance between the two. Accuracy: Overall percentage of correct predictions across all
classes. Support: Support represents the number of instances per class. Each class has 250
instances, which suggests a balanced dataset where each class is equally represented.

Model Evaluation Process: Confusion Matrix: To calculate the precision, recall, and F1-
score, the model's predictions for each class were compared against the true labels. This
would have been represented in a confusion matrix for each class, providing the true
positives, false positives, false negatives, and true negatives. Cross-Validation or Holdout
Validation: The experiment likely involved splitting the data into a training set and a test
set. A holdout validation method (e.g., 80% training, 20% test) or k-fold cross-validation
could have been used to assess the generalizability of the model. Precision-Recall Tradeoff:
Precision and recall are often in tension with one another. Increasing recall (catching more
true positives) can lead to lower precision (more false positives), and vice versa. The model
in this case seems to balance these two metrics quite well for most classes, with the
exception of omelettes.

Model Performance Breakdown: High Performing Classes: Hamburgers and Pizzas have
the highest performance in terms of precision, recall, and Fl-score, with Fl-scores of
0.9662 and 0.9721, respectively. This suggests the model is excellent at identifying these
classes with minimal errors. Moderate Performance: Fried Rice and Samosa have strong
F1-scores (0.9452 and 0.9374) but slightly lower recall, meaning that although the model
is quite accurate when it predicts these classes, there is a small proportion of missed true
positives. Lower Performing Class: Omelette has the lowest F1-score (0.8757), which is a
result of a relatively lower precision (0.8638). The model may be misclassifying other items
as omelettes, suggesting there could be confusion with other classes. You might want to
look into feature engineering or data augmentation techniques to improve the model’s
precision for this class. Metrics Summary: Accuracy of 93.92% reflects the overall correct
classification rate across all the classes.
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6.5 Visualization of Results

The Inception model, specifically InceptionV3, demonstrated robust performance in food
detection and classification tasks due to its architectural design, which uses inception
modules to capture fine-grained details at multiple scales. The model achieved high
accuracy in recognizing complex food categories, benefiting from its efficient feature
extraction capabilities. In the context of nutrition prediction, the Inception model exhibited
competitive performance, with mean absolute error (MAE) and root mean squared error
(RMSE) values that indicate reliable predictions for macronutrient content. However, its
computational requirements were relatively higher, which may affect real-time deployment
scenarios.
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Figure 6.1: images present Receiver Operating Characteristic (ROC) curves for three different image
classification models: Inception, VGG16, and VGG19.

Figure 6.1 These images present Receiver Operating Characteristic (ROC) curves
for three different image classification models: Inception, VGG16, and VGG19. Each ROC
curve represents the performance of a binary classifier for a specific class in the dataset.
The x-axis corresponds to the False Positive Rate (FPR), and the y-axis represents the True
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Positive Rate (TPR). A diagonal line from the bottom left to the top right represents random
guessing. For each model, multiple ROC curves are plotted, one for each class in the
dataset. The area under each curve (AUC) is provided, indicating the overall performance
of the classifier for that class. A higher AUC generally signifies better performance. The
Inception and VGG16 models demonstrate high AUC values for all classes, suggesting
strong performance across the dataset. The VGG19 model shows a slightly wider range of
AUC values, indicating potential sensitivity to class imbalance or inherent difficulty in
classifying certain classes. Overall, the ROC curves provide a visual representation of the
performance of each model in differentiating between positive and negative instances for
each class. The high AUC values observed for all three models suggest that they are
effective in classifying the given dataset.
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Figure 6.2: images present Receiver Operating Characteristic (ROC) curves for three different image
classification models: EfficientNet, ResNet50, and DenseNet121.

Figure 6.2 The images present Receiver Operating Characteristic (ROC) curves for
three different image classification models: EfficientNet, ResNet50, and DenseNet121.
Each ROC curve represents the performance of a binary classifier for a specific class in the
dataset. The x-axis corresponds to the False Positive Rate (FPR), and the y-axis represents
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the True Positive Rate (TPR). A diagonal line from the bottom left to the top right represents
random guessing. For each model, multiple ROC curves are plotted, one for each class in
the dataset. The area under each curve (AUC) is provided, indicating the overall
performance of the classifier for that class. A higher AUC generally signifies better
performance. The EfficientNet and ResNet50 models demonstrate high AUC values for all
classes, suggesting strong performance across the dataset. The DenseNet121 model shows
a wider range of AUC values, indicating potential sensitivity to class imbalance or inherent
difficulty in classifying certain classes. Overall, the ROC curves provide a visual
representation of the performance of each model in differentiating between positive and
negative instances for each class. The high AUC values observed for EfficientNet and
ResNet50 suggest that they are effective in classifying the given dataset.
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Figure 6.3: images present confusion matrices for four different image classification models:
Inception, VGG16, VGG19, and EfficientNet BO. Each matrix visually represents the model's
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performance in classifying images into five categories: fried_rice, hamburger, omelette, pizza, and
samosa.

Figure 6.3 The images present confusion matrices for four different image
classification models: Inception, VGG16, VGG19, and EfficientNet B0O. Each matrix
visually represents the model's performance in classifying images into five categories:
fried rice, hamburger, omelette, pizza, and samosa. The rows of each matrix correspond to
the true labels of the images, while the columns represent the predicted labels. The diagonal
elements of each matrix represent the number of correctly classified images for each class.
Off-diagonal elements represent misclassifications, indicating the number of images from
one class that were incorrectly predicted as belonging to another class. Observations
Inception and VGG16: Both models show high accuracy in classifying most classes, with
diagonal elements dominating the matrices. However, they seem to have some confusion
between hamburger and fried rice, as well as between omelette and pizza. VGG19: This
model also exhibits high accuracy, with a notable improvement in distinguishing between
hamburger and fried rice compared to Inception and VGG16. However, it still shows some
confusion between omelette and pizza. EfficientNet B0O: This model demonstrates the
highest overall accuracy, with fewer misclassifications across all classes compared to the
other models. It appears to have the best performance in distinguishing between all classes.
Overall, the confusion matrices provide a detailed view of the classification accuracy of
each model. The high diagonal values and low off-diagonal values indicate that all four
models are effective in classifying the given dataset, with EfficientNet BO showing the most
promising results. Presents confusion matrices for four image classification models—
Inception, VGG16, VGG19, and EfficientNet B0—evaluating their performance across
five categories: fried _rice, hamburger, omelette, pizza, and samosa. Rows represent the true
labels, while columns correspond to predicted labels. Diagonal elements indicate correct
classifications, and off-diagonal elements reflect misclassifications. Inception and VGG16
demonstrate high accuracy, with dominant diagonal values, though they exhibit confusion
between hamburger and fried rice as well as omelette and pizza. VGG19 shows improved
performance in differentiating hamburger and fried rice compared to Inception and
VGG16, but misclassifications between omelette and pizza persist. EfficientNet B0
achieves the highest overall accuracy, with significantly reduced misclassifications across
all categories, demonstrating its superior ability to distinguish between classes. Overall, the
confusion matrices reveal the effectiveness of all four models in classifying the dataset,
with EfficientNet BO emerging as the most accurate model due to its lower off-diagonal
values.
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Figure 6.4: present confusion matrices for four different image classification models: EfficientNet
B3, EfficientNet B7, ResNet50, and ResNetl01. Each matrix visually represents the model's
performance in classifying images into five categories: fried rice, hamburger, omelette, pizza, and
samosa.

Figure 6.4 The images present confusion matrices for four different image
classification models: EfficientNet B3, EfficientNet B7, ResNet50, and ResNet101. Each
matrix visually represents the model's performance in classifying images into five
categories: fried rice, hamburger, omelette, pizza, and samosa. The rows of each matrix
correspond to the true labels of the images, while the columns represent the predicted labels.
The diagonal elements of each matrix represent the number of correctly classified images
for each class. Off-diagonal elements represent misclassifications, indicating the number
of images from one class that were incorrectly predicted as belonging to another class.
Observations EfficientNet B3 and B7: Both models show high accuracy in classifying most
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classes, with diagonal elements dominating the matrices. They exhibit minimal confusion
between classes, suggesting strong performance. ResNet50 and ResNet101: These models
also demonstrate high accuracy, with diagonal elements dominating the matrices. However,
they show some confusion between hamburger and fried rice, as well as between omelette
and pizza. Overall, the confusion matrices provide a detailed view of the classification
accuracy of each model. The high diagonal values and low off-diagonal values indicate that
all four models are effective in classifying the given dataset, with EfficientNet B3 and B7
potentially demonstrating the highest accuracy based on the minimal misclassifications.

Accuracy over Epochs Loss over Epochs.

Inception

Azcuracy over Epachs Loss over Epochs

Figure 6.5: The images present the training and validation accuracy and loss curves for three different
image classification models: Inception, VGG16, and VGG19.
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Figure 6.5 The images present the training and validation accuracy and loss curves
for three different image classification models: Inception, VGG16, and VGG19. Each set
of plots consists of two graphs Accuracy over Epochs: This plot shows the training and
validation accuracy of the model as it progresses through the training epochs. A higher
accuracy indicates that the model is better at correctly classifying images. Loss over
Epochs: This plot shows the training and validation loss of the model as it progresses
through the training epochs. A lower loss generally indicates that the model is better at
fitting the training data. Observations Inception: The Inception model shows a consistent
increase in training accuracy and a decrease in training loss over epochs, suggesting that
the model is learning effectively. The validation accuracy also increases, although with
some fluctuations. The validation loss shows a general decreasing trend, indicating that the
model is improving its performance on unseen data. VGG16: The VGG16 model exhibits
similar trends to Inception, with increasing training accuracy and decreasing training loss.
The validation accuracy also shows an increasing trend, although with more fluctuations
than Inception. The validation loss decreases steadily, suggesting that the model generalizes
well. VGG19: The VGG19 model demonstrates a steady increase in training accuracy and
a decrease in training loss. The validation accuracy also shows a gradual increase, but with
more fluctuations compared to the other models. The validation loss decreases steadily,
indicating that the model is learning and generalizing well. Overall, the plots provide a
visual representation of the training and validation performance of the three models. The
trends suggest that all three models are learning effectively, with some variations in their
convergence rates and generalization capabilities. illustrates the training and validation
accuracy and loss curves for three image classification models: Inception, VGG16, and
VGG19. Each model’s performance is depicted through two plots: accuracy over epochs
and loss over epochs. The accuracy plot tracks the model’s ability to correctly classify
images, while the loss plot reflects the model’s error during training. Inception
demonstrates consistent improvement, with increasing training accuracy and decreasing
training loss over epochs. Validation accuracy shows a positive trend with minor
fluctuations, and validation loss decreases, indicating effective learning and generalization.
VGG16 follows similar patterns, exhibiting increasing training accuracy and steadily
decreasing training loss. While validation accuracy improves, it displays more fluctuations
compared to Inception, though the decreasing validation loss suggests good generalization.
VGG19 also shows increasing training accuracy and decreasing training loss, but its
validation accuracy fluctuates more noticeably. Despite this, its validation loss steadily
declines, indicating effective learning. Overall, the trends confirm the models’ effective
learning and generalization capabilities, with slight differences in stability and convergence
rates.
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Figure 6.6: The images present training and validation accuracy and loss curves for three different
image classification models: EfficientNet B0, EfficientNet B3, and EfficientNet B7.

Figure 6.6 The images present training and validation accuracy and loss curves for
three different image classification models: EfficientNet B0, EfficientNet B3, and
EfficientNet B7. Each set of plots consists of two graphs Accuracy over Epochs: This plot
shows the training and validation accuracy of the model as it progresses through the training
epochs. A higher accuracy indicates that the model is better at correctly classifying images.
Loss over Epochs: This plot shows the training and validation loss of the model as it
progresses through the training epochs. A lower loss generally indicates that the model is
better at fitting the training data. Observations EfficientNet BO: The model shows a
consistent increase in training accuracy and a decrease in training loss over epochs,
suggesting that the model is learning effectively. The validation accuracy also increases,
although with some fluctuations. The validation loss shows a general decreasing trend,
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indicating that the model is improving its performance on unseen data. EfficientNet B3:
The model exhibits similar trends to EfficientNet B0, with increasing training accuracy and
decreasing training loss. The validation accuracy also shows an increasing trend, although
with more fluctuations than EfficientNet B0O. The validation loss decreases steadily,
suggesting that the model is generalizing well. EfficientNet B7: The model demonstrates a
steady increase in training accuracy and a decrease in training loss. The validation accuracy
also shows a gradual increase, but with more fluctuations compared to the other models.
The validation loss decreases steadily, indicating that the model is learning and generalizing
well. Overall, the plots provide a visual representation of the training and validation
performance of the three EfficientNet models. The trends suggest that all three models are
learning effectively, with some variations in their convergence rates and generalization
capabilities.

1N\ ResNet50

" AN ResNet101

Figure 6.7: The images present training and validation accuracy and loss curves for two different
image classification models: ResNet50 and ResNet101.

Figure 6.7 The images present training and validation accuracy and loss curves for
two different image classification models: ResNet50 and ResNet101. Each set of plots
consists of two graphs Accuracy over Epochs: This plot shows the training and validation
accuracy of the model as it progresses through the training epochs. A higher accuracy
indicates that the model is better at correctly classifying images. Loss over Epochs: This
plot shows the training and validation loss of the model as it progresses through the training

©Daffodil International University 118



epochs. A lower loss generally indicates that the model is better at fitting the training data.
Observations ResNet50: The model shows a consistent increase in training accuracy and a
decrease in training loss over epochs, suggesting that the model is learning effectively. The
validation accuracy also increases, although with some fluctuations. The validation loss
shows a general decreasing trend, indicating that the model is improving its performance
on unseen data. ResNet101: The model exhibits similar trends to ResNet50, with increasing
training accuracy and decreasing training loss. The validation accuracy also shows an
increasing trend, although with more fluctuations than ResNet50. The validation loss
decreases steadily, suggesting that the model is generalizing well. Overall, the plots provide
a visual representation of the training and validation performance of the two ResNet
models. The trends suggest that both models are learning effectively, with some variations
in their convergence rates and generalization capabilities.
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Figure 6.8: images present training and validation accuracy and loss curves for three different image
classification models: Inception, VGG16, and VGG19.
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Figure 6.8 The provided images present training and validation accuracy and loss
curves for three different image classification models: Inception, VGG16, and VGG19.
Each figure shows a combined plot of accuracy and loss metrics over epochs. The blue line
represents the training accuracy, the orange line represents the validation accuracy, the
green line represents the training loss, and the red line represents the validation loss.
Observations Inception: The Inception model shows a steady increase in training accuracy
and a corresponding decrease in training loss over epochs, indicating effective learning.
The validation accuracy also increases, with some fluctuations, suggesting that the model
is generalizing well. The validation loss shows a decreasing trend, further supporting the
model's improvement on unseen data. VGG16: The VGG16 model exhibits similar trends
to Inception, with increasing training accuracy and decreasing training loss. The validation
accuracy also increases, although with more fluctuations. The validation loss decreases
steadily, suggesting good generalization. VGG19: The VGG19 model demonstrates a
steady increase in training accuracy and a decrease in training loss. The validation accuracy
shows a gradual increase, but with more fluctuations compared to the other models. The
validation loss decreases steadily, indicating learning and generalization. Overall, the plots
provide a visual representation of the training and validation performance of the three
models. The trends suggest that all three models are learning effectively, with some
variations in their convergence rates and generalization capabilities. Combined plots of
training and validation accuracy and loss curves for three image classification models:
Inception, VGG16, and VGG19. Each plot includes four key metrics: training accuracy
(blue), validation accuracy (orange), training loss (green), and validation loss (red), tracked
across training epochs. These metrics provide a detailed view of each model's learning and
generalization performance. The Inception model shows a steady increase in training
accuracy and a corresponding decrease in training loss, indicating effective learning.
Validation accuracy also improves over epochs, though with minor fluctuations, suggesting
good generalization. The validation loss shows a decreasing trend, further supporting the
model's ability to perform well on unseen data. Similarly, the VGG16 model exhibits an
upward trend in training accuracy and a steady decrease in training loss, confirming
effective training. The validation accuracy also improves over time, though with more
pronounced fluctuations compared to Inception. Despite this, the validation loss decreases
consistently, indicating the model’s capacity to generalize well across the dataset. The
VGG19 model demonstrates similar trends, with a gradual increase in training accuracy
and a steady decrease in training loss. Validation accuracy shows improvement but exhibits
more fluctuations compared to the other two models. However, the validation loss
decreases consistently, indicating the model's ability to learn and generalize effectively
despite these variations. The plots reveal that all three models effectively learn and
generalize on the dataset, with variations in stability and convergence rates. The observed
trends underscore their strong classification performance, albeit with differences in
consistency during validation.
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Figure 6.9: The provided images present training and validation accuracy and loss curves for three
different image classification models: EfficientNet B0, EfficientNet B3, and EfficientNet B7.

Figure 6.9 The provided images present training and validation accuracy and loss
curves for three different image classification models: EfficientNet BO, EfficientNet B3,
and EfficientNet B7. Each figure shows a combined plot of accuracy and loss metrics over
epochs. The blue line represents the training accuracy, the orange line represents the
validation accuracy, the green line represents the training loss, and the red line represents
the validation loss. Observations EfficientNet BO: The model shows a steady increase in
training accuracy and a corresponding decrease in training loss over epochs, indicating
effective learning. The validation accuracy also increases, with some fluctuations,
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suggesting that the model is generalizing well. The validation loss shows a decreasing
trend, further supporting the model's improvement on unseen data. EfficientNet B3: The
EfficientNet B3 model exhibits similar trends to EfficientNet BO, with increasing training
accuracy and decreasing training loss. The validation accuracy also increases, although
with more fluctuations. The wvalidation loss decreases steadily, suggesting good
generalization. EfficientNet B7: The EfficientNet B7 model demonstrates a steady increase
in training accuracy and a decrease in training loss. The validation accuracy shows a
gradual increase, but with more fluctuations compared to the other models. The validation
loss decreases steadily, indicating learning and generalization. Overall, the plots provide a
visual representation of the training and validation performance of the three EfficientNet
models. The trends suggest that all three models are learning effectively, with some
variations in their convergence rates and generalization capabilities.
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Figure 6.10: The provided images present training and validation accuracy and loss curves for two
different image classification models: ResNet50 and ResNet101.

Figure 6.10 The provided images present training and validation accuracy and loss
curves for two different image classification models: ResNet50 and ResNet101. Each
figure shows a combined plot of accuracy and loss metrics over epochs. The blue line
represents the training accuracy, the orange line represents the validation accuracy, the
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green line represents the training loss, and the red line represents the validation loss.
Observations ResNet50: The model shows a steady increase in training accuracy and a
corresponding decrease in training loss over epochs, indicating effective learning. The
validation accuracy also increases, with some fluctuations, suggesting that the model is
generalizing well. The validation loss shows a decreasing trend, further supporting the
model's improvement on unseen data. ResNet101: The ResNet101 model exhibits similar
trends to ResNet50, with increasing training accuracy and decreasing training loss. The
validation accuracy also increases, although with more fluctuations. The validation loss
decreases steadily, suggesting good generalization. Overall, the plots provide a visual
representation of the training and validation performance of the two ResNet models. The
trends suggest that both models are learning effectively, with some variations in their
convergence rates and generalization capabilities.

Class-Specific Metrics

Precision

Metrics

Fl-score

amelette 3
Classes

fried_rice 1 hamburger 2 pizza 4 samosa 5

Inception

Class-Specific Metrics

0925

0.900

precision

- 0875

- 0.850

Metrics
Recall

- 0825

- 0.800

0385

0775

0.750

samosa 5

fried_rice 1 hamburger 2 omelette 3 pizza 4

Classes

VGG19

Metrics.

Metrics

<
s
g
o
&

Fl-Scare

Precision

Class-Specific Metrics

095

0.90

- 085

- 080

075

070

'
omelette 3 samosa s

Classes

fried_rice 1 hamburger 2 pizza 4

VGG16

Class-Specific Metrics

0.96
0.94
-092

- 090

0.86

omelette 3 samosa s

Classes

hamburger 2

fried_rice 1 pizza 4

ResNet50

Figure 6.11: images present class-specific metrics for four different image classification models:

Inception, VGG16, VGG19, and ResNet50.

Figure 6.11 The images present class-specific metrics for four different image
classification models: Inception, VGG16, VGG19, and ResNet50. Each heatmap visualizes
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the performance of the model in classifying images into five categories: fried rice,
hamburger, omelette, pizza, and samosa. Each cell in the heatmap represents a metric for a
specific class. The colors indicate the value of the metric, with darker shades generally
representing better performance. The metrics shown include precision, recall, and F1-score.
Observations Inception: The Inception model shows strong performance across all classes,
with high precision, recall, and Fl-scores. There is a slight dip in precision for the
"omelette" class. VGG16: The VGG16 model also demonstrates high performance, with
all metrics above 0.90 for most classes. Similar to Inception, there is a slight dip in precision
for the "omelette" class. VGG19: The VGG19 model exhibits a similar pattern to the other
two, with high precision, recall, and F1-scores for most classes. However, it shows a more
pronounced dip in precision for the "omelette" class compared to Inception and VGG16.
ResNet50: The ResNet50 model shows overall high performance, with all metrics above
0.90 for most classes. Similar to the other models, there is a slight dip in precision for the
"omelette" class.
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Figure 6.12: The provided images present bar charts displaying class-specific metrics for four
different image classification models: Inception, VGG16, VGG19, and ResNet50. Each bar chart
visualizes the performance of the model in classifying images into five categories: fried rice,
hamburger, omelette, pizza, and samosa.
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Figure 6.12 The present bar charts displaying class-specific metrics for four
different image classification models: Inception, VGG16, VGG19, and ResNet50. Each bar
chart visualizes the performance of the model in classifying images into five categories:
fried rice, hamburger, omelette, pizza, and samosa. Each group of bars represents a class,
and each bar within a group corresponds to a different metric: precision, recall, and F1-
score. The height of each bar indicates the value of the metric for that class. Observations
Overall High Performance: All four models demonstrate high performance across most
classes, with precision, recall, and F1-scores generally above 0.8 for all categories. This
suggests that the models are effectively classifying images into the different food classes.
Class-Specific Variations: There are some minor variations in performance across different
classes for each model. For instance, some models might show slightly higher precision for
certain classes while others might have slightly higher recall. Model Comparisons: While
all models perform well, some subtle differences can be observed Inception and VGG16:
These models exhibit very similar performance across classes. VGG19: This model shows
slightly lower precision for the "omelette" class compared to Inception and VGGI16.
ResNet50: This model generally maintains high performance across all classes, with minor
variations in precision and recall.

Training Accuracy Distribution Training Loss Distribution

Inception

Remaining

Training Accuracy Distribution Training Loss Distribution

Training Accuracy Distribution Training Loss Distribution

- VGG19

Figure 6.13: The provided images present pie charts visualizing the training accuracy and loss
distributions for three different image classification models: Inception, VGG16, and VGG19.
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Figure 6.13 The provided images present pie charts visualizing the training
accuracy and loss distributions for three different image classification models: Inception,
VGG16, and VGG19. Each set of pie charts consists of two diagrams Training Accuracy
Distribution: This pie chart shows the percentage of correct and incorrect predictions during
training. A larger green slice indicates a higher accuracy, suggesting that the model is
learning effectively. Training Loss Distribution: This pie chart shows the distribution of
loss during training. The green slice represents the "remaining" portion, which includes the
loss attributed to factors other than incorrect predictions. A smaller red slice indicates a
lower loss, suggesting that the model is fitting the training data well. Observations
Inception: The Inception model shows a high percentage of correct predictions (94.6%) and
a relatively small loss (19.8%). This suggests that the model is learning effectively and
fitting the training data well. VGG16: The VGG16 model also shows a high percentage of
correct predictions (92.9%) and a moderate loss (22.1%). This indicates that the model is
learning effectively, but the loss might be slightly higher compared to Inception. VGG19:
The VGG19 model demonstrates a high percentage of correct predictions (92.4%) and a
slightly higher loss (23.0%) compared to the other two models. This suggests that the model
is learning effectively, but the loss might be slightly higher, potentially indicating a need
for further optimization.
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Figure 6.14: The images present training and validation metrics over epochs for two image
classification models: Inception and VGG16. Each figure displays a heatmap-like visualization where
the color intensity represents the value of different metrics across epochs.
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Figure 6.14 The images present training and validation metrics over epochs for two
image classification models: Inception and VGG16. Each figure displays a heatmap-like
visualization where the color intensity represents the value of different metrics across
epochs. Key Observations Inception Validation Accuracy: Shows a steady increase,
reaching a high level and plateauing around epoch 6. This suggests the model is learning
well and generalizing well to unseen data. Training Accuracy: Steadily increases
throughout the epochs, indicating the model is learning from the training data. Validation
Loss: Decreases consistently, suggesting the model is improving its performance on the
validation set. Training Loss: Decreases consistently, indicating the model is fitting the
training data well. VGG16 Validation Accuracy: Shows a steady increase with some
fluctuations, reaching a plateau around epoch 5. This suggests the model is learning and
generalizing well, but potentially with some overfitting. Training Accuracy: Steadily
increases throughout the epochs. Validation Loss: Decreases consistently with some
fluctuations, suggesting the model is improving its performance on the validation set, but
potentially with some overfitting. Training Loss: Decreases consistently, indicating the
model is fitting the training data well. Overall: Both models demonstrate effective learning
with increasing accuracy and decreasing loss over epochs. Inception appears to have
slightly more stable validation performance compared to VGG16, which shows some
fluctuations. Further Analysis To gain deeper insights, it would be beneficial to compare
these results with other models, analyze the specific epochs where fluctuations occur in
VGG16, and investigate potential causes for these fluctuations.
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Figure 6.15: The images provided present training and validation metrics over epochs for two image
classification models: VGG19 and ResNet50. Each figure displays a heatmap-like visualization
where the color intensity represents the value of different metrics across epochs.
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Figure 6.15 The provided images present training and validation metrics over
epochs for two image classification models: VGG19 and ResNet50. Each figure displays a
heatmap-like visualization where the color intensity represents the value of different
metrics across epochs. Key Observations VGG19 Validation Accuracy: Shows a steady
increase, reaching a high level and plateauing around epoch 6. This suggests the model is
learning well and generalizing well to unseen data. Training Accuracy: Steadily increases
throughout the epochs, indicating the model is learning from the training data. Validation
Loss: Decreases consistently, suggesting the model is improving its performance on the
validation set. Training Loss: Decreases consistently, indicating the model is fitting the
training data well. ResNet50 Validation Accuracy: Shows a steady increase with some
fluctuations, reaching a plateau around epoch 5. This suggests the model is learning and
generalizing well, but potentially with some overfitting. Training Accuracy: Steadily
increases throughout the epochs. Validation Loss: Decreases consistently with some
fluctuations, suggesting the model is improving its performance on the validation set, but
potentially with some overfitting. Training Loss: Decreases consistently, indicating the
model is fitting the training data well. Overall: Both models demonstrate effective learning
with increasing accuracy and decreasing loss over epochs. VGG19 appears to have slightly
more stable validation performance compared to ResNet50, which shows some
fluctuations.
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Figure 6.16: The provided images present class-specific metrics for two image classification models:
EfficientNet B0 and EfficientNet B3.
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Figure 6.16 The provided images present class-specific metrics for two image
classification models: EfficientNet BO and EfficientNet B3. EfficientNet BO Heatmap: This
heatmap visualizes the performance of EfficientNet BO in classifying images into five
categories: fried rice, hamburger, omelette, pizza, and samosa. Each cell in the heatmap
represents a metric for a specific class. The colors indicate the value of the metric, with
darker shades generally representing better performance. The metrics shown include
precision, recall, and F1-score. The heatmap reveals high values for all metrics across all
classes, suggesting strong overall performance. Histogram: This bar chart provides a visual
representation of the class-specific metrics for EfficientNet B0. Each group of bars
represents a class, and each bar within a group corresponds to a different metric. The height
of each bar indicates the value of the metric for that class. The histogram confirms the high
performance observed in the heatmap, with all metrics consistently above 0.8 for all classes.
EfficientNet B3 Heatmap: Similar to EfficientNet B0, this heatmap visualizes the
performance of EfficientNet B3 for the five classes. The heatmap also shows high values
for all metrics across all classes, indicating strong overall performance. However, there
might be slight variations in performance across different classes. Histogram: This bar chart
provides a visual representation of the class-specific metrics for EfficientNet B3. The
histogram confirms the high performance observed in the heatmap, with all metrics
consistently above 0.8 for all classes. However, there might be subtle variations in
performance across different classes compared to EfficientNet B0, as suggested by the
heatmap. Overall, the figures provide a detailed view of the class-specific performance of
EfficientNet BO and EfficientNet B3. The high values for precision, recall, and F1-score
across most classes indicate that both models are effective in classifying the given dataset.
However, EfficientNet B3 might exhibit slight variations in performance across different
classes compared to EfficientNet BO. Class-specific performance metrics for EfficientNet
B0 and EfficientNet B3, visualized using heatmaps and histograms. The heatmaps display
precision, recall, and F1-score for five classes: fried rice, hamburger, omelette, pizza, and
samosa, with darker shades indicating better performance. Both models exhibit high metric
values across all classes, highlighting their strong classification abilities. The histograms
further confirm these findings, with all metrics consistently exceeding 0.8. EfficientNet B3
shows similar high performance to EfficientNet BO but exhibits slight variations across
classes, as observed in the heatmap. Overall, both models demonstrate effective class-
specific performance on the given dataset.
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Figure 6.17: The images present training accuracy and loss distributions for three EfficientNet
models: B0, B3, and B7. Each set of plots consists of two pie charts

Figure 6.17 The images present training accuracy and loss distributions for three
EfficientNet models: B0, B3, and B7. Each set of plots consists of two pie charts Training
Accuracy Distribution; this pie chart shows the percentage of correct and incorrect
predictions during training. A larger green slice indicates a higher accuracy, suggesting that
the model is learning effectively. Training Loss Distribution This pie chart shows the
distribution of loss during training. The green slice represents the "remaining" portion,
which includes the loss attributed to factors other than incorrect predictions. A smaller red
slice indicates a lower loss, suggesting that the model fits the training data well.
Observations EfficientNet BO: Shows a high percentage of correct predictions (96.0%) and
a relatively small loss (15.0%). This suggests that the model is learning effectively and
fitting the training data well. EfficientNet B3: Also shows a high percentage of correct
predictions (96.3%) and a moderate loss (9.0%). This indicates that the model is learning
effectively, with a slightly lower loss compared to BO. EfficientNet B7: Demonstrates the
highest percentage of correct predictions (98.8%) and the lowest loss (6.0%) among the
three models. This suggests that the model is learning very effectively and fitting the
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training data exceptionally well. Overall, the pie charts provide a visual representation of
the training accuracy and loss distributions for the three EfficientNet models. The high
percentages of correct predictions and relatively low loss values for all models suggest that
they are learning effectively and fitting the training data well. EfficientNet B7 appears to
have the best performance in terms of both accuracy and loss minimization.
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Figure 6.18: The images provided present training and validation metrics over epochs for three image
classification models: EfficientNet B0, EfficientNet B3, and EfficientNet B7. Each figure displays a
heatmap-like visualization where the color intensity represents the value of different metrics across

epochs.

Figure 6.18 The provided images present training and validation metrics over
epochs for three image classification models: EfficientNet B0, EfficientNet B3, and
EfficientNet B7. Each figure displays a heatmap-like visualization where the color intensity
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represents the value of different metrics across epochs. Key Observations EfficientNet BO:
Validation Accuracy: Shows a steady increase, reaching a high level and plateauing around
epoch 6. This suggests the model is learning well and generalizing well to unseen data.
Training Accuracy: Steadily increases throughout the epochs, indicating the model is
learning from the training data.Validation Loss: Decreases consistently, suggesting the
model is improving its performance on the validation set. Training Loss: Decreases
consistently, indicating the model is fitting the training data well. EfficientNet B3:
Validation Accuracy: Shows a steady increase with some fluctuations, reaching a plateau
around epoch 5. This suggests the model is learning and generalizing well, but potentially
with some overfitting. Training Accuracy: Steadily increases throughout the epochs.
Validation Loss: Decreases consistently with some fluctuations, suggesting the model is
improving its performance on the validation set, but potentially with some overfitting.
Training Loss: Decreases consistently, indicating the model is fitting the training data well.
EfficientNet B7: Validation Accuracy: Shows a steady increase with some fluctuations,
reaching a plateau around epoch 5. This suggests the model is learning and generalizing
well, but potentially with some overfitting. Training Accuracy: Steadily increases
throughout the epochs. Validation Loss: Decreases consistently with some fluctuations,
suggesting the model is improving its performance on the validation set, but potentially
with some overfitting. Training Loss: Decreases consistently, indicating the model is fitting
the training data well. All three EfficientNet models demonstrate effective learning with
increasing accuracy and decreasing loss over epochs. EfficientNet BO appears to have
slightly more stable validation performance compared to B3 and B7, which show some
fluctuations. To gain deeper insights, it would be beneficial to compare these results with
other models, analyze the specific epochs where fluctuations occur in B3 and B7, and
investigate potential causes for these fluctuations.

6.6 Computational Efficiency

In real-time applications, computational efficiency plays a critical role in determining the
system's performance, responsiveness, and usability. This is especially important in
situations where time-sensitive decisions or actions need to be made, such as in autonomous
vehicles, medical systems, gaming, or live data analytics. Let’s break down how
computational efficiency impacts real-time applications:

1. Latency and Response Time: Real-Time Constraints: Many real-time applications are
designed to process inputs and produce outputs within a strict time frame (e.g., milliseconds
to seconds). For example, in autonomous driving, a system must process sensor data, make
decisions, and take action in a split second to avoid accidents. If computational efficiency
is low, the system may introduce delays, leading to high latency and possibly failing to
meet the time constraints. Impact: Inefficient computations (such as complex algorithms or
high-level processing without optimization) can result in longer response times. In critical
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applications (e.g., healthcare, financial trading systems), even a slight delay can have
significant consequences.

2. Resource Utilization: CPU, Memory, and Power Consumption: In real-time systems,
especially those embedded in devices with limited resources (such as mobile phones, [oT
devices, or wearables), computational efficiency directly affects how much processing
power, memory, and energy is used. Inefficient algorithms may consume excessive CPU
time, memory, or power, which is particularly problematic in battery-operated or resource-
constrained environments. Impact: Excessive resource consumption can lead to
overheating, reduced battery life, or a system that slows down or crashes. In some cases, it
may make the device unusable or unreliable. Efficient algorithms minimize the use of
resources while maintaining system performance.

3. Scalability: Handling Increased Load: In real-time systems, the workload or number of
tasks can sometimes increase unexpectedly, such as when there is a surge in user requests,
sensor data, or system inputs. Computational efficiency allows the system to handle larger
amounts of data without significantly degrading performance. Impact: If the system is not
computationally efficient, it may struggle to maintain real-time processing when scaling,
leading to slowdowns, missed deadlines, or failures in delivering real-time output. Efficient
systems can scale more effectively, ensuring that they continue to meet deadlines and
performance expectations under varying loads.

4. Quality of Service (QoS): Maintaining Consistency: In many real-time applications, it
is crucial not only to meet deadlines but also to maintain consistent quality of service.
Computational inefficiencies can cause variability in response times, which may be
acceptable in non-real-time systems but can be detrimental in time-sensitive applications.

Impact: For example, in online gaming or live video streaming, inconsistent frame rates or
delays can negatively affect user experience. Efficient computational algorithms can ensure
smoother, more reliable service with consistent performance over time.

5. Optimization for Specific Hardware: Hardware Constraints: Real-time applications
often run on specialized hardware, such as embedded systems, GPUs, or FPGAs, which
have unique performance characteristics and resource constraints. Computational
efficiency in such cases means utilizing the hardware in the most optimal way, making use
of hardware accelerations (e.g., GPUs for parallel processing, FPGAs for custom
computations). Impact: Inefficient algorithms that do not leverage the strengths of the
hardware will underperform and fail to meet real-time demands. On the other hand,
optimized algorithms that are tailored to specific hardware can lead to significant speed-
ups and reduced energy consumption.
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6. Real-Time Analytics: Data Processing and Analysis: In applications like financial
trading, fraud detection, or sensor networks, real-time analytics often require processing
large volumes of data quickly and efficiently. Computational efficiency ensures that the
system can handle streaming data and make decisions or predictions in real time. Impact:
If computational efficiency is compromised, it could result in slower data processing or
even missed opportunities for real-time decision-making. For example, in trading systems,
even a slight delay in processing market data could result in lost profit opportunities.

7. Reliability and Fault Tolerance: System Stability: In many real-time systems,
maintaining a high level of reliability is crucial. Inefficient computational methods may be
more prone to errors, crashes, or overloads under certain conditions. Impact: If an
inefficient system fails to respond in time or crashes due to resource exhaustion, it can lead
to system downtime, compromised safety, or poor user experience. Computational
efficiency ensures that the system remains stable and robust under varying conditions,
including unexpected spikes in workload. Examples of Impact in Specific Real-Time
Applications:
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Chapter 7

Conclusion and Future Work

7.1 Summary of Findings

This study examines the function of deep learning, namely Convolutional Neural Networks
(CNNs), in food identification, classification, and nutritional forecasting. The study
effectively combines food recognition with precise nutritional value calculation by utilizing
models such as InceptionV3, VGG, ResNet, and EfficientNet. Extensive datasets such as
Food-101, in conjunction with a bespoke nutrition dataset, were utilized to improve the
system's performance. The utilization of deep feature extraction and transfer learning
markedly enhanced classification accuracy, rendering the system resilient and adaptive to
practical situations. This study demonstrates the efficacy of Al-driven dietary monitoring
systems, which assist users in tracking their food consumption and making informed dietary
decisions. The suggested approach exhibited great precision in identifying diverse food
products and assessing their nutritional composition. This is especially beneficial for
individuals with specialized dietary requirements, health-conscious consumers, and
medical practitioners seeking to track patients' nutritional consumption. The findings
indicate that CNN-based models surpass conventional methods for accuracy and efficiency,
demonstrating the viability of automated food analysis in nutrition monitoring applications.
The research advances individualized nutrition tracking, fosters healthy eating habits, and
enhances dietary control.

7.2 Contributions to Research

This research offers significant contributions to the domains of food recognition and
nutritional analysis. Initially, it introduces an Al-driven food recognition pipeline that
incorporates deep learning methodologies for accurate classification and nutritional
assessment. The application of transfer learning and deep feature extraction improves
classification precision and versatility among various food categories. This allows the
system to generalize effectively, even in real-world contexts where food presentation and
environmental variables may fluctuate. A notable contribution is the establishment of a
systematic method for correlating food photographs with nutritional information. The study
presents an effective framework that correlates food items with their respective nutritional
values, enhancing precision in dietary monitoring. This contribution is significant for public
health campaigns, aiding consumers in making informed nutritional choices while also
assisting healthcare professionals in monitoring patients' dietary habits. This research
examines the viability of using food identification models in mobile and web applications,
hence enhancing access to Al-based nutrition monitoring tools. This study enhances
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nutritional tracking convenience, yielding practical implications for consumer health,
fitness, and medical applications. The results enhance Al applications in nutrition analysis,
facilitating the development of more sophisticated, data-driven health and wellness
solutions.

7.3 Limitations of the Study

Notwithstanding the encouraging outcomes, the study possesses specific limitations. A
significant difficulty is biases within datasets. Although extensive databases like Food-101
were utilized, they may not comprehensively reflect the diversity of world cuisines, various
cooking methods, and portion sizes. This constraint impacts the model's generalizability,
particularly among underrepresented food categories. Subsequent research should prioritize
enhancing dataset diversity to more accurately represent actual food consumption trends.
A further constraint is the challenge of precisely determining nutritional values for
composite or processed meals. The models depend on image-based analysis, which fails to
consider the precise ingredient composition or cooking techniques. Predicting the
nutritional composition of a prepared food comprising several ingredients can be difficult
without more contextual information. Future systems should incorporate other data sources,
such component lists and meal composition information. Computational efficiency is a
pertinent issue, as deep learning models necessitate substantial processing power. This
complicates real-time applications, especially for mobile and embedded devices with
constrained computational capabilities. The research emphasizes environmental variables,
like illumination, picture fidelity, and obstructions, that may affect model efficacy.
Resolving these challenges will necessitate additional enhancements in preprocessing
methods and model optimization.

7.4 Recommendations for Future Research

Future study should address the observed constraints by enhancing dataset diversity to
encompass a broader spectrum of food categories, cultural variances, and preparation
techniques. Integrating global food datasets and crowdsourced image contributions can
enhance model generalization and representation across various cuisines. A interesting
avenue for future research is the integration of multimodal data. Integrating image-based
food recognition with textual descriptions, ingredient lists, and real-time user inputs can
improve the precision of nutrition prediction. Future systems may utilize natural language
processing (NLP) to examine menu descriptions and derive pertinent dietary information.
Enhancing computational efficiency must also be prioritized. Investigating model
compression strategies, including pruning, quantization, and knowledge distillation, can
diminish processing demands, hence enhancing the feasibility of real-time food tracking on
mobile and low-power devices. Exploration of edge computing and cloud-based Al
inference may improve the accessibility of Al-driven nutritional evaluation systems. An
additional significant focus is the examination of ethical implications related to Al-driven

©Daffodil International University 136



nutrition monitoring. Concerning data privacy, algorithmic bias, and user trust require
comprehensive examination. Transparent Al models and explainable Al (XAI)
methodologies can enhance user confidence by offering explicit insights into the processes
underlying food detection and nutritional recommendations. Furthermore, subsequent
investigations should examine the feasibility of amalgamating food recognition models
with augmented reality (AR) to improve user engagement. Augmented reality could aid
users by superimposing nutritional information onto real-time photographs of food items,
enhancing user interest and precision in dietary evaluations. Al-driven chatbots and virtual
assistants may be created to deliver tailored nutritional guidance based on real-time food
identification and individual preferences. Investigating cross-domain learning may enhance
the precision of food classification. Researchers could improve feature extraction
capabilities by training models using a combination of food identification datasets and
generic item detection datasets. This will enable Al systems to identify intricate food
compositions with greater precision, enhancing their capacity to manage mixed or
processed food products. Subsequently, forthcoming study ought to incorporate real-time
health monitoring functionalities. Integrating food identification with biometric data from
wearable devices, including heart rate and glucose monitoring, could facilitate the dynamic
generation of individualized nutritional recommendations. This may assist patients in
managing disorders such as diabetes or cardiovascular diseases more efficiently. Al-
powered meal planning systems may be created to recommend optimized meal selections
based on an individual's health history, nutritional objectives, and dietary preferences.

7.5 Closing Remarks

This research illustrates the revolutionary capacity of Al in food identification and
nutritional assessment, establishing a basis for more accurate, accessible, and
individualized dietary monitoring solutions. The research effectively incorporates deep
learning methodologies for automated food recognition and nutritional assessment,
demonstrating its use in health, fitness, and medical fields. Notwithstanding current
problems, including dataset biases, computational restrictions, and difficulties in
identifying mixed food items, the results underscore the viability of Al-assisted dietary
evaluation. As deep learning progresses, datasets expand, and computational optimization
enhances, future Al-driven nutrition systems will further enhance their accuracy,
efficiency, and practical usefulness. Future advancements in this domain will be essential
in fostering healthy dietary practices, equipping individuals with sophisticated, data-
informed nutritional insights. As Al-enhanced food identification systems advance, they
will substantially impact public health by assisting individuals, healthcare practitioners, and
policymakers in making informed nutritional choices. By overcoming current limits and
adopting new technologies, Al-driven nutrition monitoring can transform how individuals
monitor and regulate their meals, resulting in enhanced health and well-being worldwide.
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