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ABSTRACT: The project "SmartBite: Deep Learning-driven Food Recognition and Calorie Estimation for Intelligent
Diet Monitoring" presents a novel approach to enhance diet monitoring and promote healthy eating habits applying
methods from deep learning. The principal aim within this undertaking aims to accomplish accurately recognize
different food items and estimate their calorie content in real-time, providing users with intelligent and personalized
diet monitoring capabilities. To achieve this, we utilized the Python programming language and employed the
MobileNet architecture model for food recognition and calorie estimation. The project was trained and evaluated using
the Food 101 dataset, consisting of 37,046 food images across 101 distinct food classes. Through an extensive training
process, our model achieved remarkable results, obtaining a training accuracy of 97.00% and a validation accuracy of
98.00%. This high level of accuracy demonstrates the efficacy that was suggested approach in accurately recognizing
and categorizing various fooditems. The SmartBite system offers several key features to users. By leveraging deep
learningalgorithms, it analyzes the The online framework's picture provided to determine a specific food item within
seconds. Furthermore, the system estimates the calorie content of therecognized food, providing users with crucial
information to monitor their dietary intake effectively. The intelligent diet monitoring capabilities of Smart Bite
empower users to make knowledgeable choices regarding what to eat choices. By tracking and analyzing their daily
food intake, People may learn more about their nutritional habits, set personalized goals, and make necessary
adjustments to achieve a balanced and healthy diet. SmartBite exemplifiesthe successful implementation of deep
learning techniques, specifically employing the MobileNet architecture, for food recognition and calorie estimation.
With its high accuracy, real-time processing, and intelligent diet monitoring capabilities, SmartBite has Being able to
transform the way individuals track and manage their dietary habits, promoting healthier lifestyles and well-being.
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I. INTRODUCTION

The field of computer vision and deep learning has witnessed remarkable advancements in recent years, revolutionizing
various industries and applications. One such application is food recognition and calorie estimation, which plays a
pivotal role in intelligent diet monitoring and nutrition management. Accurately identifying and quantifying food items
is crucial for individuals seeking to make informed decisions about their dietary intake and maintain a healthy lifestyle.
With Expansion in smartphones given the growing prevalence of food- related health concerns, evolution of during
robust and efficient systems for food recognition and calorie estimation has become an area of significant research
interest.

The aim of this project is to propose and develop a comprehensive and advanced system, called "SmartBite: Deep
Learning-driven Food Recognition and Calorie Estimation for Intelligent Diet Monitoring," that leverages state-of-the-
art deep learning techniques to address the challenges associated with accurate food recognition and calorie estimation.
By combining deep learning methodologies, a comprehensive food dataset, additionally innovative features, this system
intends to give consumers knowledge reliable and user- friendly tool for monitoring their dietary intake and promoting
healthier eating habits.

The existing approaches to food recognition and calorie estimation possess constraints that prevent them from
effectiveness and practicality. Traditional methods often rely on handcrafted features or rule-based systems, which are
limited in their ability to capture the rich and complex characteristics of food items. These approaches are susceptible to
variationsin lighting conditions, viewpoints, and food presentation styles, resulting in decreased recognition accuracy.
Additionally, many existing systems have limited food class coverage, making it challenging to recognize and classify
a wide variety of food items accurately. Furthermore, the absence of real-time calorie estimation capabilities in most
systems restricts users from obtaining immediate insights into the nutritional aspects of their diet.
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II. LITERATURE REVIEW

Within this work, DeepCalorie—a deep learning methodology that estimating calorie content from food images. The
model employs Neural networks are generated using convolutions (CNNs) to extract features from food images and
predicts calorie counts using regression techniques. Experimental results demonstrate high accuracy compared to
traditional methods,showcasing its potential for practical calorie estimation applications.

Calorie Mama utilizes deep learning techniques to estimate calorie content from smartphone- captured food images.
The system employs a profound multilayer neural networks. trained ona large dataset of labeled food images and their
corresponding calorie values. Evaluation shows promising accuracy and real-time performance, highlighting its
suitability for mobile health and dietary tracking applications.

This study proposes a deep learning-based approach for calorie estimation from food images. By leveraging transfer
learning with pre-trained CNN models, the system achieves robust performance in calorie prediction across various
food types. Experiments indicate competitive accuracy compared to manual calorie counting methods, emphasizing
its potential to facilitate dietary monitoring and nutrition management.

FoodCal introduces a deep learning framework designed for accurate calorie estimation from images of diverse food
items. The model integrates a combination of CNN architectures and recurrent neural networks (RNNs) to capture
spatial and sequential dependencies within food images. Results demonstrate superior performance in calorie prediction
tasks, illustrating its efficacy for personalized nutrition assessment and health monitoring.

O Title: ""DeepFood: Deep Learning-Oriented Foodie Picture Identification using
Dietary Assessment'

Abstract: DeepFood presents A complete education solution for recognizing food items andestimating their calorie

content from images. The approach utilizes a multi-task learning strategy with CNNs to simultaneously identify food

categories and predict calorie values.

Evaluation on benchmark datasets shows significant improvements in accuracy overconventional methods,

underscoring its potential for enhancing dietary analysis and nutritional counseling.

II1. EXISTING SYSTEM

The earlier system was designed using a six-layer Convolutional Neural Network (CNN) architecture for food
recognition. It aimed to classify food images into 20 distinct food classes. The system utilized a dataset consisting of
food images specifically categorized into these 20 classes.During the training phase, the system achieved an
impressive accuracy of 93.29%. This high accuracy indicated that the system effectively learned and recognized
different foods throughout area limited set of classes. The training process involved the optimization of network
parameters through backpropagation and gradient descent algorithms.Upon completion of the training phase, the
system was subjected to testing using unseen data. During the testing phase, it achieved an accuracy of 78.7%. This
slightly lower accuracy could be linked to a specific challenges posed by new and previously unseen food images. The
system encountered difficulties in accurately classifying food items that differed significantly from the ones
encountered during training.The six-layer CNN architecture employed in the existing system played a vital role in
achieving the achieved accuracy levels. CNNs have been created tailored to image recognition tasks, utilizing multiple
layers of convolutional and pooling operations To get out of the supplied structural characteristics images. The
architecture's ability to capture spatial dependencies and learn complex patterns in images helped create an system's
success in food recognition.

DISADVANTAGES OF EXISTING SYSTEM:

While the existing system for food recognition using a six-layer Convolutional Neural Network (CNN) architecture
demonstrated notable achievements, it also had certain limitations and disadvantages that should be acknowledged.
These drawbacks impacted its overall performance and effectiveness in real-world scenarios.

Limited Food Classes: One significant limitation of the existing system was its restriction to only 20 food classes. This
constrained classification capability restricted the system's abilityto recognize and categorize More options for food
items accurately. It could have been suitable for applications that require recognition and estimation of a more
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extensive variety offood categories.

Lower Testing Accuracy: During the testing phase, the existing system achieved an accuracy of 78.7%. This relatively
lower accuracy indicates that the system encountered challenges when confronted with unseen or unfamiliar food
images. It struggled to accurately classify food items which was very different from what encountered during the
training phase.

Limited Generalization: The existing system's performance in handling new and diverse food images may be limited
due to overfitting. Overfitting occurs when the model becomes too specialized in recognizing the training dataset,
resulting in reduced generalization ability. As a consequence, the system may struggle to accurately classify food items
can depart from your particular qualities that make one training set.

Lack of Calorie Estimation: The existing system focused solely on food recognition, lacking thcapability to estimate the
calorie content of the recognized food items. Calorie estimation was an important aspect of diet monitoring and giving
consumers access to comprehensive nutritional information. Without this feature, the system may fall short in
delivering a holisticand insightful dietary analysis.

IV. PROPOSED SYSTEM

The proposed system, "SmartBite: Deep Learning-driven Food Recognition and CalorieEstimation for Intelligent Diet
Monitoring," introduces a comprehensive and advanced approach to food recognition and diet monitoring. By
leveraging deep learning methodologies and incorporating innovative features, the proposed system intends to
overcome the shortcomings associated with the existing system and offer improved accuracy, functionality, and
usability.

System Architecture

Pre-
processing
and Feature

MobileNet Predicted Model Loss
Architecture. Results: Food and Model

Food 101
Image
Dataset

Selection name with Accuracy

Calorie details Graph

Fig 1. System Architecture

The core component underlying the system that is being suggested as the utilization of a deeper and more sophisticated
MobileNet architecture for food recognition. This architecture has demonstrated exceptional performance in image
classification tasks, enabling the system to achieve higher accuracy rates. With its increased capacity to learn intricate
patterns and features, Further can be delivered by the proposed method. precise and reliable food recognition results.
To facilitate accurate and comprehensive food recognition, The justice system that is being suggested leverages the
Food 101 dataset, which comprises the diverse range of 101 food classes. This expanded coverage enables the
system to recognize and classify a wide variety of food items accurately. Users can benefit from a more inclusive and
comprehensive food recognition experience, enabling better tracking and monitoring of their dietary intake.
Furthermore the food recognition recommendations arrangement incorporates calorie estimation capabilities. Through
utilising helmholtz deep learning models and the extensive food dataset, the system can estimate the calorie content of
recognized food items in real- time. This characteristic gives tourists access to immediate and Informative facts
regarding the issue nutritional aspects of their diet, empowering Allow yourself to decide with knowledge. about their
food choices and monitor their calorie intake effectively.

The suggested plan of action emphasizes adaptability and scalability. It is designed to handle larger datasets and
accommodate expanding food class categories as needed. With its flexible architecture and advanced deep learning
techniques, the system can meet the increasing demands for comprehensive food recognition and diet monitoring. This
adaptability ensures the system's ability to keep pace with evolving dietary trends and user requirements.

The proposed system features a user-friendly interface that integrates a web framework with the proposed model. Users
can effortlessly analyze food images, with the system providing clear and organized displays of recognized food items
and their corresponding calorie estimations. The intuitive design of the user interface aims to enhance the user
experienceand encourage sustained engagement with the system.

IJMRSET © 2024 |  AnISO 9001:2008 Certified Journal | 12754


http://www.ijmrset.com/

International Journal of Multidisciplinary Research in Science, Engineering and Technology (IJMRSET)

| ISSN: 2582-7219 | www.ijmrset.com | Impact Factor: 7.521| Monthly, Peer Reviewed & Referred Journal|

!)" D

[

s:% L | Volume 7, Issue 7, July 2024 |
IMIISET | DOI:10.15680/IJMRSET.2024.0707154 |

ADVANTAGES OF PROPOSED SYSTEM:

The proposed system, "SmartBite: Deep Learning-driven Food Recognition and CalorieEstimation for Intelligent Diet
Monitoring," provides a number of benefits over currentsystems. These advantages contribute to improved accuracy,
enhanced functionality, and a more user-friendly experience, making it a valuable tool for intelligent diet monitoring.
The key advantages of the proposed system are as follows:

Enhanced Accuracy: By utilizing a deeper and more sophisticated MobileNet architecture, The alternative approach
suggested produces more accurate results. in food recognition. This improved accuracy ensures more reliable and
precise identification of a wide variety of food items, enabling users to track their dietary intake with greater accuracy.
Our proposed system achieved Training Accuracy of 97.00% and Validation Accuracy of 98.00%.

Real-time Calorie Estimation: The suggested blueprint besides acknowledges food items but also estimates their calorie
content in real-time. By leveraging deep learning models and the extensive food dataset, users can receive immediate
insights into the nutritional aspects of their diet. Real-time calorie estimation empowers users to make knowledgeable
choicesregarding their diet choices and monitor their calorie intake effectively.

Adaptability and Scalability: The technique suggested was developed for implementation adaptable and scalable,
accommodating larger datasets and expanding food class categories as needed. This flexibility ensures ensuring its
structure is capable of maintaining evolving dietary trends, user requirements, and advancements in food recognition
technology.

V. MODULE DESCRIPTION

Dataset:

In the first module of Food Recognition and Calorie Estimation, we developed the system to get the input dataset. Data
collection process is the first real step towards the real development of a machine learning model, collecting data. This
is a critical step that will cascade in how good the model will be, the more and better data that we get, the better our
model will perform. There are several techniques to collect the data, like web scraping, manual interventions. Our
dataset is placed in the project and it’s located in the model folder. The dataset is referred from the popular standard
dataset repository kaggle where all the researchers refer it. The dataset consists of 37,046 food images. The following is
the URL forthe dataset referred from kaggle

Importing the necessary libraries:

We will be using Python language for this. First we will import the necessary libraries such as keras for building the
main model, sklearn for splitting the training and test data, PIL for converting the images into array of numbers and
other libraries such as pandas, numpy, matplotlib and tensorflow.

Retrieving the images:

In this module we will retrieve the images from the dataset and convert them into a format Being fit for training and
testing the model. This involves reading the images, resizing them, and normalizing the pixel values. We will retrieve
the images and their labels. Then resize the images to (128, 128) as all images should have same size for recognition.
Then convert the images into numpy array.

Splitting the dataset:
In this module, the image dataset will be divided into training and testing sets. Split the dataset into Train and Test.
80% train data and 20% test data. This will be done to train the model on a subset of the data, validate the model's
performance, and test the model on unseendata to evaluate its accuracy. Split the dataset into train and test. 80% train
data and 20% test data.

Building the model:

The concepts of Brain networks with convolutions are extremely powerful successful in image recognition. The key
part to understand, which distinguishes CNN from traditional neural networks, is the convolution operation. Having an
image at the input, CNN scans it many times to look for certain features. This scanning (convolution) can be set with 2
main parameters: stride and padding type. As we see on below picture, process of the first convolution gives us a set of
new frames, shown here in the second column (layer). Each frame contains an information about one feature and its
presence in scanned image. Resulting frame will have larger values in places where a feature is strongly visible and
reduced values in the areas whereby no or little such features. Afterwards, the process is repeated for each of obtained
frames for a chosen number of times. In this project I chose a classic Mobile Net model which contains only two
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convolution layers.

The latter layer we are convolving, the more high-level features are being searched. It works similarly to human
perception. To give an example, below is a very descriptive picture with features which are searched on different CNN
layers. As you can see, the application of this model is face recognition. You may ask how the model knows which
features to seek. If you construct the CNN from the beginning, searched features are random. Then, during training
process, weights between neurons are being adjusted and slowly CNN starts to find such features which enable to meet
predefined goal, i.e. to recognize successfully images from the training set.

Between described layers there are also pooling (sub-sampling) operations which reducedimensions of resulted frames.
Furthermore, after each convolution we apply a non-linear function (called ReLU) to the resulted frame to introduce
non-linearity to the model.

Eventually, there are also fully connected layers By the conclusion in question network. The last set of frames obtained
from convolution operations is flattened to get a one-dimensional vector of neurons. From this point we put a standard,
fully-connected neural network. At the very end, for classification problems, there is a softmax layer. It transforms
results of the model to probabilities of a correct guess of each class

MobileNet | CNN model

Architecture:

MobileNets: Efficient Convolutional Artificial Neural Networks for Implications in Ubiquitous Seeing paper from
Google.They developed a class of efficient models called MobileNets which mainly focuses on mobile and embedded
vision applications. In one word the main focus of their model was to increase the efficiency of the network by
decreasing the number of parameters by not compromising on performance.

VI. RESULT

Nutrition Report

Fig2. Chart

Model Loss

Model /]ccu/mcq

—= Validation/Test Accuracy
Taining Accuracy

2s  s0 75 100 125 150 7S 200
Epochs

Fig 3. chart
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The project, "SmartBite: Deep Learning-driven Food Recognition and Calorie Estimation for Intelligent Diet
Monitoring," has successfully developed an advanced device integrating deep learning techniques techniques, an
extensive food dataset, and innovative features to enable accurate and comprehensive food recognition and calorie
estimation. Through the implementation of a deeper and more sophisticated MobileNet architecture, the system
achieves enhanced accuracy in food recognition, ensuring reliable identification of a wide variety of food items. The
integration of the Food 101 dataset, consisting of 101 food classes, expands the system's recognition capabilities,
enabling it to classify a diverse range of food items accurately.

VII. CONCLUSION

In conclusion, the "SmartBite" project provides a robust and accurate solution for intelligent diet monitoring. The
system's ability to recognize a wide range of food items, estimate their calorie content in real-time, and offer a user-
friendly interface empowers individuals to make informed decisions about their diet and fosters healthier eating habits.
The project's achievements pave the way for continued research and development in the field of food recognition and
diet monitoring, aiming to revolutionize the way we track and manage our dietary intake for improved overall health
and well-being.
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