PREDICTIVE PERSONALISED WORKOUT AND
DIETARY GUIDANCE SYSTEM
BY
ALICIA CHUA XIU WEN

A REPORT
SUBMITTED TO
Universiti Tunku Abdul Rahman
in partial fulfillment of the requirements
for the degree of
BACHELOR OF COMPUTER SCIENCE (HONOURS)
Faculty of Information and Communication Technology

(Kampar Campus)

JUNE 2025



COPYRIGHT STATEMENT

© 2025 Alicia Chua Xiu Wen. All rights reserved.

This Final Year Project report is submitted in partial fulfillment of the requirements
for the degree of Bachelor of Computer Science (Honours) at Universiti Tunku
Abdul Rahman (UTAR). This Final Year Project report represents the work of the
author, except where due acknowledgment has been made in the text. No part of this
Final Year Project report may be reproduced, stored, or transmitted in any form or
by any means, whether electronic, mechanical, photocopying, recording, or
otherwise, without the prior written permission of the author or UTAR, in

accordance with UTAR's Intellectual Property Policy.

Bachelor of Computer Science (Honours)
Faculty of Information and Communication Technology (Kampar Campus), UTAR



ACKNOWLEDGEMENTS

I would like to express my sincere thanks and appreciation to my supervisors, Ts Dr Mogana
a/p Vadiveloo, for her invaluable guidance, continuous support, and expert advice throughout
this research. Her insightful feedback and encouragement were instrumental in shaping this
project.

I am also sincerely thankful to the Faculty of Information System and Communication
Technology (FICT) at Universiti Tunku Abdul Rahman (UTAR) for providing the necessary
resources and academic support.

Lastly, I acknowledge all the researchers and developers whose previous work laid the

foundation for this project.

iii
Bachelor of Computer Science (Honours)
Faculty of Information and Communication Technology (Kampar Campus), UTAR



ABSTRACT

The COVID-19 pandemic has increased the use of fitness and dietary mobile applications.
While existing fitness and dietary applications offer useful functionalities, they often fail to
deliver personalised recommendation that account for individual differences. This project
proposes the development of the “Predictive Personalised Workout and Dietary Guidance
System”, a comprehensive mobile application designed to address the shortcomings of existing
systems. This application utilises publicly available datasets and integrates artificial
intelligence to analyse user data such as weight, height, gender, and age, offering tailored
recommendations that evolve with user progress. Deep learning models were integrated and
evaluated to predict users’ Body Mass Index (BMI) classification. During the development
phase in, three predictive models were implemented and evaluated: a Deep Neural Network
(DNN), a U-Net-based Convolutional Neural Network (CNN) and a Random Forest. Among
them, the CNN model achieved the highest test accuracy of 90.36%, but DNN and Random
Forest only achieved a test accuracy of 88.70% and 85.00%, respectively, proving the U-Net-
based CNN model is more effective and reliable for BMI classification. This result highlights
the advantage of using a U-Net-based CNN architecture for personalised health predictions
within the application. Unlike existing systems, which often focus primarily on exercise
tracking with minimal dietary support and lack of suitable workout recommendations. The
application will include functions such as fitness and dietary tracking, community platform to
enhance user engagement and motivation, artificial intelligence (Al) chatbot that support users
with personalised guidance, and weight tracking function. In addition, the system implements
a personalised dietary module that uses Al to analyse meals’ macronutrient intake, enabling
users to adopt a more health-oriented diet. With the comprehensive functions offered by the
system, users are expected to benefit from more precise and adaptable health guidance, thereby

improving long-term commitment and overall health outcomes.

Area of study: Mobile Application Development, Deep Learning

Keywords: Mobile Application, Fitness, Deep Learning, Machine Learning, Firebase, Body
Mass Index (BMI) Classification, Artificial Intelligence (AI) Chatbot
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CHAPTER 1

Chapter 1

Introduction

1.1 Background information

In recent decades, global health has faced a major challenge in the form of rising obesity rates
and associated lifestyle diseases. The World Health Organisation (WHO) reported that over
2.5 billion adults were overweight in 2022, with 890 million classified as obese, highlighting
the need for more effective health interventions tailored to individual needs [1]. Traditional
approaches to fitness and nutrition management have often relied on generic advice that fails
to consider the user's physical condition, personal preferences, and evolving goals. As a result,
such methods have led to limited success in fostering long-term behaviours change and
improving public health outcomes [2]. However, despite their popularity, many of these
platforms still rely on generalised algorithms and static recommendations that do not adapt to
individual progress or changing needs, leading to user dissatisfaction and eventual
disengagement [3].

The field of personalised health systems, particularly those using artificial intelligence (AI)
techniques, seeks to resolve these shortcomings by offering data-driven insights tailored to
each user. Key metrics such as Body Mass Index (BMI), Basal Metabolic Rate (BMR), and
Total Energy Expenditure (TEE) are central to delivering effective, personalised
recommendations. By learning from user behaviours and physiological data, Al-driven
applications can dynamically adapt workout and dietary plans over time. These smart systems
surpass conventional apps by providing ongoing feedback, suggesting modifications, and
adjusting to user goals in real-time [4][2].

Equally important in driving user success is the social dimension of health platforms.
Research shows that community engagement—via peer interaction, group challenges, and
progress sharing—can significantly enhance user motivation and commitment [4]. Platforms
like Strava [5] have demonstrated the impact of clubs and leaderboards in fostering a sense of
belonging, while FITTR [6] and MyNetDiary [7] incorporate features such as Al chatbots and
group discussions to provide emotional and informational support. These components are vital
in promoting sustained engagement and turning health goals into daily habits.

In summary, the intersection of mobile technology, Al, and health science offers a
compelling opportunity to design intelligent, responsive systems that go beyond traditional

1
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CHAPTER 1

fitness tracking. The proposed system builds on this foundation by integrating Al-based
personalisation, flexible fitness and diet planning, and social interaction features to deliver a
user-centric, evolving experience. For readers unfamiliar with the technical aspects, it is
essential to understand that this project not only involves app development but also
incorporates machine learning techniques to interpret user data and provide meaningful,

personalised health recommendations in real-time.

1.2 Problem Statement and Motivation

Due to the lockdown of COVID-19 pandemic, fitness application has led to an increase
in demand among people [3]. This is because fitness centres and gyms were forced to close or
switch to digital. During the first half of 2020, health and fitness application downloads grew
by 46% worldwide, and the daily active users increased by 24% from Q1 to Q2 in year 2020
[8]. Fitness applications have the ability to improve users' exercising consistency, maintain
their fitness habits, and encourage regular walking habits [4]. Furthermore, existing similar
systems such as Strava [5], MyFitnessPal [9], FITTR [6], and MyNetDiary [7], play a crucial
part in guiding users towards a healthy lifestyle by providing personalised fitness routines,
progress monitoring, food recommendations, and social aspects that build a sense of
community. These features enable users to follow good habits, create achievable exercise goals,
and stay inspired on their path to a healthy lifestyle. Therefore, the growing popularity of fitness
apps, along with their ability to provide personalised guidance and assistance, has the potential
to improve public health and promote better lifestyles around the world.

This project is motivated by the crucial need to solve the limitations of existing fitness and
dietary application. As users seek tools that match their individual measurements and exercise
goals, the lack of personalised recommendations and flexibility in current applications can lead
to frustration, reduced motivation, and ultimately, abandonment of the platform. Furthermore,
many fitness applications lack community features, limiting users of the social support and
peer motivation that are crucial to maintain long-term dedication to their health goals [10].
Moreover, this project is motivated by a desire to fill these gaps by developing an application
that not only provides tailored and evolving guidance but also fosters a supportive community
environment, thereby increasing user engagement, satisfaction, and overall success in

achieving fitness and dietary goals.
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CHAPTER 1

1.3 Project Scope and Direction

This project will deliver an Android based mobile application aimed at health-conscious
individuals, fitness enthusiasts, and users seeking personalised dietary and workout guidance.
It addresses the lack of personalisation and adaptability in existing fitness and dietary mobile
applications by developing a comprehensive data-driven mobile application.

Unlike generic mobile applications, this system combines Artificial Intelligence (AI)-
driven personalisation, and community support into a single platform, offering a holistic
solution for sustainable health management. To support prediction and recommendation
features such as Body Mass Index (BMI) category analysis, the application utilises publicly
available datasets, including the Fitness Exercises using Body Fat Percentage (BFP) & Body
Mass Index (BMI) [11] from Kaggle, ensuring data-driven accuracy and model training

integrity.

1.4 Project Objectives
The primary objective of this project is to develop an application that accurately analyses user
data to deliver personalised fitness and dietary guidance. This is achieved through the following
sub-objectives:
1. To implement adaptive recommendations
To provide workout recommendations based on user preferences.
2. To integrate tracking tools
To enable users to log in their meals, exercises, and anthropometric data, with
automated calories and nutrient calculations.
3. To build a community platform
To facilitate social interaction through challenges, leaderboards, and peer support
forums.
4. To implement an Artificial Intelligence (AI) chatbot
To provide instant, personalised advice through integration with relevant Application

Programming Interface (APIs).
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CHAPTER 1

1.5 Impact, Significance, and Contribution
This project addresses a critical gap in digital health tools by combining personalisation,
adaptability, and social engagement. Its contributions include:
1. Improved health outcomes
Tailored recommendations increase adherence to fitness plans, directly combating
obesity trends.
2. Technological innovation
Integration of deep learning for dynamic adaptation sets a new standard for health
mobile applications.
3. Social impact
Community features foster accountability and motivation, addressing the isolation often
felt in fitness journeys.
4. Scalability
The use of public datasets ensures the system can adapt to diverse populations and

evolving health trends.

By bridging the divide between generic advice and individual care, this system has the potential

to revolutionize how users approach health management in the digital age.

1.6 Report Organisation

The details of this report are organised into seven chapters. Chapter 2 presents the literature
review of existing related systems and relevant machine learning and deep learning models.
Chapter 3 discusses the system design, such as the system block diagram, system flowchart,
and database design. Chapter 4 outlines the methodology and approaches used in the system,
including the system architecture, system requirements and the project timeline. Chapter 5
shows the system implementation on hardware, software, configurations, and operations.
Chapter 6 provides an in-depth evaluation and discussion on the system and the machine
learning and deep learning models. Finally, Chapter 7 concludes the report by providing

recommendation for further improvements.
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Chapter 2

Literature Review

In recent years, the rapid advancement of technology has significantly impacted the fitness and
dietary industry, allowing the development of fitness and dietary systems. Fitness and dietary
system play an important role in promoting the health and wellbeing of individuals and
communities. This chapter will be focus on reviewing and examining the existing fitness and
dietary application, evaluating the methods and functionalities of existing application. In
addition, this chapter will also introduce machine learning and deep learning models that have

been applied to enhance prediction and user interaction in the application.

2.1 Introduction to Machine Learning Models

Machine Learning is a branch of artificial intelligence (Al) that focusses on the development
of algorithms capable of learning patterns from data and generating predictions without being
explicitly programmed with specific rules. It includes a variety of techniques like as supervised,
unsupervised, semi-supervised, and reinforcement learning. In supervised learning, models are
trained on input-output pairs to determine feature-label mappings, which are often used in
classification and regression problems. Unsupervised learning, on the other hand, seeks to
identify hidden structures within unlabelled datasets using techniques such as clustering and
dimensionality reduction, whereas semi-supervised learning mixes limited labelled data with a
higher proportion of unlabelled data to increase generalisation. Reinforcement learning
focusses on sequential decision-making problems, where agents learn to maximise cumulative
rewards by interacting with an environment. [12] [13]

Traditional machine learning models are less computationally expensive and can perform
well on small or organised datasets. They also provide interpretability, as algorithms like
decision trees or logistic regression frequently provide insights into feature significance and
decision rules. However, machine learning models have difficulties in handling high-
dimensional or unstructured data. Despite these challenges, machine learning is still widely

used in many sectors, including healthcare and finance. [12][13]
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CHAPTER 2

2.1.1 Random Forest

Random Forest is one of the most widely used ensembles learning algorithms in machine
learning, introduced by Breiman as an improvement over individual decision tree [14]. As
shown in Figure 2.1.1, it works by building a large number of decision trees during training
and integrate their outputs to make more robust and accurate predictions [14].

In the Figure 2.1.1 below, each tree in the random forest is trained on a bootstrap sample
of the original dataset, a process known as bagging, which introduces diversity among the trees
and reduce variance. At each node split, a randomly chosen subset of features is considered
rather than the entire set, minimising correlation between trees and improving generalisation
capability. For classification problems, the model predicts the class label on majority voting

across trees, but for regression problems, it averages the numerical outputs [14].

Training Data Instance

Model D%ﬁggn
Training
Model Bagging (Voting Majority)
Testing |
Prediction Output

Class A

Figure 2.1.1 Visualisation of random forest model

The architecture’s benefits in its resilience to overfitting, robustness to noise and outliers,
and ability to manage categorical and continuous data adequately [15]. Furthermore, random
forest useful by quantifying how much each feature contributes to reducing prediction error,
making it valuable for feature selection and interpretation [15].

Despite these advantages, random forest is not without limitations. Training and inference
can be computationally expensive when the number of depth of trees is large, which can limit
scalability for very high-dimensional datasets. Although random forest is more interpretable
than some ensemble methods, the combination of many trees complicates tracing individual
decision routes, making it less transparent than simpler models. Its model performance also
highly dependent on hyperparameters such as the number of trees, the maximum depth of each
tree, the minimum samples required for splits, and the number of features considered at each
node. Proper parameter adjustments balance the bias-variance trade-off, preventing the model

from underfitting or overfitting. [16] [14]
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CHAPTER 2

2.2 Introduction to Deep Learning Models

Deep learning model is a subset of machine learning, which uses artificial neural networks with
multiple layers to automatically learns pattern from data [17]. As shown in Figure 2.2.1, these
networks consist of three primary layers: an input layer that receives raw data, hidden layers
that transform data through mathematical operations, and an output later that generates
predictions [17]. Each neuron applies an activation function to introduce non-linearity,

enabling the model to learn intricate relationships in the data.
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Figure 2.2.1 Visualisation of deep learning model

The training process in deep learning involves two key steps: forward propagation and
backpropagation. During forward propagation, data flows through the network, and the model
makes prediction [17]. The difference between these predictions and actual outcomes is
quantified using a loss function, such as Mean Squared Error. In backpropagation, the model
adjusts the weights and biases of its neurons using gradient descent, an optimization algorithm
that minimizes prediction errors [17]. This cycle repeats over thousands of iterations or epochs,
refining the model’s accuracy.

Unlike traditional machine learning, deep learning model offers significant advantages
through its ability to autonomously perform feature engineering, generating new, meaningful
features from limited or unstructured data without human intervention [18]. Deep learning also
scales efficiently with large datasets, optimizing parameters across full cycle learning to
improve precision. Its capacity to automate feature extraction reduces time and effort in
preprocessing, while its adaptability allows it to tackle diverse data formats and evolving
challenges [18]. These strengths make deep learning indispensable for tasks requiring data-

driven insights.
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2.2.1 Deep Neural Network (DNN)

Deep Neural Network (DNN) is the foundational architecture of deep learning, consisting of
multiple layers of interconnected neurons [18]. Unlike shallow networks, DNNs leverage
hierarchical layers to learn increasingly abstract representations of data to uncover non-linear

relationship.

Simple Neural Network Deep Learning Neural Network

@ nput Layer (0 Hidden Layer @ Output Layer

Figure 2.2.2 Comparison between simple neural network and DNN

However, DNNs face significant challenges, including high computational costs,
scalability issues, overfitting risks, dependency on large, labelled datasets, lack of
interpretability, or even ethical vulnerabilities like adversarial attacks [19]. These limitations
complicate deployment in real-world application.

To effectively train a DNN, several hyperparameters must be carefully tuned to optimize
performance and prevent common issues such as overfitting. Key hyperparameters including
the learning rate, which controls how quickly the model adjusts its weights during training. The
number of hidden layers and neurons per layer determine the model’s capacity to learn complex
patterns as more layers and neurons generally allow for greater expressiveness but increase the
risk of overfitting. The batch size dictates how many samples are used in one forward or
backward pass, where smaller batch sizes provide more updates but introduce noise. The
number of epochs defines how many complete passes through the training dataset the model
performs. Additionally, activation functions like Rectified Linear Unit (ReLU) or sigmoid are
important for introducing non-linearity into the model, and regularization techniques such as

dropout or L2 regularization are often used to mitigate overfitting [20].
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2.2.2 Convolutional Neural Network (CNN)

Convolutional Neural Network (CNN) is a specialized class of deep learning models designed
for processing grid-like data, such as images, by leveraging spatial hierarchies [21]. CNNs
excel at capturing local patterns through its convolutional layers. As in Figure 2.2.3, in the
convolutional layers, these layers apply learnable kernels to input data to detect spatial features
[22]. Each filter slides over the input, computing dot products to generate feature maps [22].
The pooling operations (e.g., max-pooling) progressively reduce spatial dimensions, enhancing
translational invariance [22]. Positioned at the network’s end, these layers aggregate high-level
features for classification or regression. This also includes the dropout and regularization,
which is to prevent overfitting by randomly deactivating neurons during training, ensuring

robustness to noise [23].

The Architecture of Convolutional Neural Networks

Input Convolution Pooling Fully Connected Output

(N N N N )
i
NI

Feature Extraction Classification

Figure 2.2.3 Architecture of CNN
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2.2.2.1 U-Net

The U-Net architecture, a CNN variant, introduces symmetric expanding paths to recover
spatial resolution lost during down sampling. U-Net is characterized by its U-shaped encoder-
decoder structure with skip connections, as shown in Figure 2.2.4. The encoder extract features

from input, and the decoder utilises these features to create a segmentation mask.

Layer7
Layer6 I‘

' Conv+BatchNormalization+RelLU f Pooling operation

f§ Upsampling Layer — Skip-Connection
Figure 2.2.4 Architecture of U-Net

The encoder consists of convolutional blocks and pooling operations. Each block in the
convolutional blocks uses two consecutive 3x3 convolutions to extract spatial features, batch
normalization for stable training, and ReLU activation which introduce nonlinearity while
mitigating vanishing gradients [24]. While the decoder recovers spatial resolution through up
sampling layers, feature concatenation, and convolutional blocks [24].

One of the critical innovations of U-Net is their skip connections, which allow addressing
information loss during down sampling by directly transferring encoder features to decoder
[24].

In addition to its architectural strengths, U-Net’s performance is significantly influenced
by several critical hyperparameters. One of the key parameters is the kernel size in
convolutional layers, which determines the receptive field and plays a role in capturing local
versus broader spatial features. Another essential consideration is the convolutional layer
configuration. For example, whether each block contains one or two convolutional layers
before pooling. More complex configurations can extract richer features but also increase
training complexity. Additionally, the number of pooling and up-convolutional layers defines
the depths of the encoder-decoder structure, which affects how well the model can abstract

features [25]. Proper tuning of these parameters significantly improves model performance.
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2.3 Evaluation of Existing Similar System

2.3.1 Strava

Strava [5] is a fitness-oriented mobile application available in both Google Play Store and
Apple App Store that primarily focuses on tracking, recording, and analysing user’s running
and cycling activities through GPS device or mobile. Strava is a strong fitness application

which records over 30 types of activities, covers 100 million athletes in 195 countries.
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Figure 2.3.1 Main features in Strava

It supports various features including filterable exercise recommendation, real-time
exercise tracking and recording, community aspects, and user analytics as shown in Figure
2.3.1. As unlock additional paid features such as smart routing with 3 dimensional (3D) maps,
downloading favourite routes to use offline, segment leaderboards, advanced training analysis,
design own challenges, progress tracking and more, users have to subscribe to the Strava
membership.

The home page of Strava allows user to directly view their analysed weekly report on
number of activities, total workout time and total workout distance, suggest available
challenges available to users, workout posting by the Strava members, and lastly a button
allowing users to post their workout activity to the community.

The filterable exercise route recommendation is the highlighted feature available in
Strava. This feature allows user to filter and get new recommended route by length, difficulty,
elevation and surface. The system will suggest a new route for the users based on their filtering.

However, these features only available to the Strava members. Other than following the
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exercise as per the given recommended routes, users are also allowed to “run in their own way”
using the real-time exercise tracking given. This feature support music playing while exercise,
which is connected to the music applications, sports choosing such as run, trail run, walk, ride,
swim skate and more, build own custom routes in their website, and heart rate sensing using
other devices like health wristband. After the user completed their workout, the workout history

will be logged into the history and users are able to view them in the activities analysis.
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Figure 2.3.2 Clubs and challenges of Strava

Other than physical workout activity tracking and analysing, Strava also provide a platform
for users to interact with other Strava users in the community feature. According to Figure
2.3.2, users will be recommended by the nearest available clubs from them. The figure shows
the sub-features in the clubs. Users can view an overview of the club, access activity feeds
posted by club members, share the club with others, create workout posts, and check weekly
statistics. These statistics include the workout distance rankings of club members, the total
activities performed by members, the overall workout distance of the club, and more. Club
members are encouraged to share their workout activities as a post in the club, and club

members are allowed to like and comment on it.
Additionally, Strava also offers various challenges allow users to take part into. As
shown in Figure 2.3.2, once user joined a challenge, there will be a progress bar showing user’s
challenge progress, other details on the challenge, and a leaderboard of the challenge

participants. Users will earn a digital finisher’s badge once they have completed their
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challenge. These community feature in Strava increase the Strava user’s workout engagement

and interaction, enhancing their workout experience and increase user activity.

2.3.2 MyFitnessPal

MyFitnessPal [9] is a well-known nutrition tracking application that helps users create healthy
habits with its all-in-one food, exercise, and calorie tracker. This application is featured as the
GQ 2022 Fitness Awards “Best Fitness App” [26] and receives 3.7 million 5-star reviews due
to its comprehensive workout-tracking tools, including detailed macronutrient information,

weight-tracking, and customisable goals.
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Breakfast °
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Figure 2.3.3 Main features of MyFitnessPal

There are several main features provided by MyFitnessPal. The highlighted feature in the
system is the calories and macronutrient counting. Users are provided with initial goals, by just
answering on few questions while creating their user profile, including age, height, weight,
gender, goal weight and so on. MyFitnessPal sets the user daily calorie goal in net calories
which defines as [calories consumed (food) — calories burned (exercise) = net calories]. In order
to obtain user’s calories consumption, MyFitnessPal has a wide range of food dataset which
contains over 18 million global foods to easily track and calculate the calories consummation.

Based on Figure 2.3.3, other than calorie features, MyFitnessPal also provide exercise
recording feature to allow users to log in their exercises including cardiovascular, strength, or
workout routines. The exercise logging feature contains up to 300 types of exercise available
for user to log and track their calories burned. Furthermore, MyFitnessPal provides plan
features, which provide meal plans, workout plans, and more for users to reach their goals.

There are more additional features provided by MyFitnessPal under the “more” section, such
13
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as intermittent fasting, sleep tracking, glucose tracking, recipe discovery, weekly report and so

on.
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Figure 2.3.4 Dietary tracking of MyFitnessPal

Figure 2.3.4 above shows the dietary tracking feature in MyFitnessPal which contains over
18 million global foods. Users can log their food taken using the search function. For example,
user search for curry noodle, there will be results of different types of curry noodles with
estimated calories and net weight in grams. This feature also supports food meal scanning or
barcode scanning. However, these action only available to MyFitnessPal premium users. Users
are also allowed to save their favourite meal and recipe for fast logging and create own food if

the food is not inside their database.
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Figure 2.3.5 Nutrients and macronutrients distribution of MyFitnessPal

After logging a food taken, user is able to see the nutrients distribution they have taken
such as protein, carbohydrates, sugar fat, or even cholesterol, sodium, potassium and so on as
shown in Figure 2.3.5. MyFitnessPal will evaluate the nutrient goal and calculates the nutrient
left they should take by subtracting the total nutrient they have taken. Users can also see the
macronutrient ratio they have taken, and/or adjust their preferred macronutrient percentage

ratio.
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233 FITTR
FITTR [6] is a mobile fitness and coach application, which focuses on virtual coaching to

provide tailored plans, fitness guidance, and supportive community to help users to achieve

their fitness goals.
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Figure 2.3.6 Main features of FITTR

FITTR contains various features including fitness and nutrition coaches, nutrition and diet
logging and tracking, health tracker such as walking steps and weight, and community
discussions. Users able to select certified fitness and nutrition coach, online personal training
coach, personalised clinical diet planning coach or even mental guidance coach. The system
covers a wide range of coaches from physical to mental. As shown in Figure 2.3.6 above, users
are able to view available coaches, review their ratings and comments from other users, view
coaches’ specialties and certificates, and their posts on the community. If users are interested
to the particular coach, users are able to chat with the coach or proceed to payment for fitness

coaching.
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Figure 2.3.7 Dietary and food logging of FITTR
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Based on Figure 2.3.7 above, FITTR allow users to plan their targeted meal plan for every
day, calculate their targeted calories taken. Once user tick on the checkbox indicating that they
have taken the meal, the system will calculate their consumed calorie with the macronutrients.

This feature is helpful for users who wants to plan their dietary earlier, tracking how much is

their targeted calories taken.

0 0B O Rnt. ¥5%8
< Chat & Groups Qa §
Al JF

Food Pharmer Steps Challenge!

y.gro

Chats

F 4

) g

FITTRAI

95! 488 0 =M. 3%

{ /& FITTRAI®

Losing weight effectively and sustainably
involves & combination of proper nutrition,
regular physical activity, and lifestyle
changes. Given your current stats and goals,
here's o detailed, customized plan for you:

### 1. ##Caleulate Your Caloric Needs?*

To lose weight, you need to create o calorie
deficit, meaning you burn more calories than
you consume. Let's start by calculating your
Basal Metabolic Rate (BMR) and Total Paily
Energy Expenditure (TDEE)

BRER $#BUR Calculation (using the
Mifflim-5¢t Jeor Equation):#%

A\ \text{BMR] = 10 \times \text{waight (k)]
+ 6,35 \times \text{height (cm)] - § \times
\text{age (years)] +5\)

N[ \text{BMR] = 10 \times ¢4 + 625 \times
15¢ - 5 \times 204 5\]

\[ \text{BMR] = ¢40 + 962.5 - 100 + 5\]

A\ \text[BMR] = 1307.5 \, \test{kecal/day]
\

Ehid $9TDEE Caleulation:##

Your TDEE depends on your activity level
Here are general multipliers for different
activity levels

- Sedantary (little or no exercise): BMR ¥ 12

~ Generate Health Summary © Diet tool & T

Figure 2.3.8 Al chatbot of FITTR

Bachelor of Computer Science (Honours)
Faculty of Information and Communication Technology (Kampar Campus), UTAR

17



CHAPTER 2

Other than the common features similar to other fitness app, FITTR has a standout
feature which is the FITTR artificial intelligence (Al) chatbot. The FITTR Al chatbot offers
personalised guidance providing workout recommendations or diet tips, and 24/7 real-time user
feedback and support. Figure 2.3.8 as an example, asking question “How to lose weight?” to
the FITTR AI chatbot, the chatbot reply in 5 detailed steps to user including calculate caloric
needs with detail calculating steps, diet plan, exercise plan, lifestyle changes, and progress
tracking. This Al chatbot can serve as a virtual fitness coach, providing user a personalised

support and motivation to help users to achieve their health goals.

2.3.4 MyNetDiary

MyNetDiary [7] is a dietary planning application focuses on calorie counting and exercise
tracker with over 20 million members worldwide. The application aims to reach their dietary
goals by finding a diet that fits users’ lifestyle, allowing users to set their desired weight loss

target, and track food, physical activities, and nutrients for better planning and scheduling.
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Figure 2.3.9 Calorie counting and tracking of MyNetDiary

The highlighted main feature of MyNetDiary is their calorie counting and tracking
feature based on the user’s body mass index (BMI). As shown in Figure 2.3.9, MyNetDiary
provide detailed calorie tracking, allowing users to log in their meals taken and calculate their
calorie taken. Users are able to view the calorie they have taken for each meal, and the calories

form the macronutrients. Users are allowed to customise their macronutrients distribution. As
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for example, users who wish for faster weight loss may need to follow the low-carb
macronutrients distribution to limit high-calorie carb taken by replacing with proteins and fats.

However, this feature only available for the premium users.
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Figure 2.3.10 Dietary planner of MyFitnessPal

Based on Figure2.3.10 above, MyFitnessPal provide a comprehensive of dietary
planner, from menu to recipe & meals. The application provides menu planned by their
professional dietician, for various type of macronutrients distribution including low carb diet,
high-protein diet, low-fat diet and so on. Additionally, the application provides various
premium low-calorie recipes and meals, with detailed information such as preparation time,
estimated calorie, estimated weight, ingredients needed and so on. This feature convenience to

save user’s time and effort, providing a well-balanced diet.
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Figure 2.3.11 Additional features of MyNetDiary

Other than the main features, MyNetDiary also provide additional features such as

community as illustrated in Figure 2.3.11. Users are allowed to discuss and share their thoughts

through the community, joining groups, inviting friends, chat with others, and ask question to

the registered dietician (RD). The application also contains features in user profile, allow user

to track their body measurements, health and custom data, import recipe from the web, search

recipe over the 370,000-recipe database, and so on. The additional feature available make

MyNetDiary a comprehensive platform as a dietary planning application.
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2.4 Critical Analysis of Existing Related System

Table 2.4.1 Pros and cons of existing related system

- Allow users to log and track their
meals, including calories count and
nutrition taken.

- Allow users to choose their desired

customised nutrition distribution.

Application Pros Cons
Strava - Provide filter-able workout routes | - Focuses primarily on exercise
recommendation. tracking only, with minimal support
- Having a strong community aspect, for dietary tracking.
allowing users to participate in
challenges.
MyFitnessPal | - Have wide database of foods and | - Does not provide suitable workout
nutritional information. recommendations.
- Offers calorie and macronutrient
calculating and tracking.
FITTR - Provide meal plans suggested by | - Difficult to use interface.
nutrition experts. -Lack of fitness tracking and
- Offers daily different workout plans. recommendation.
- Allows asking questions and chatting
with its Al chatbot.
MyNetDiary - Calculate the amount of calorie users | - Does not suggest dietary meal
can take based on their BMI. recommendation.

-Does not provide  workout

suggestions.

Strava [5] performs well in providing filterable exercise route recommendations,

allowing users to easily find and select routes that suit their preferences and desired difficulty

levels by different aspects including running distance, running elevation and so on. This

application’s major community feature encourages social connection with other users or

friends, by allowing users to join or compete in challenges, and join clubs to find friends,

discuss on workouts, or even motivate on another. However, Strava is major in exercise

monitoring, with no assistance for diet tracking and recommendation. This constraint may be

a disadvantage for users looking for a more comprehensive approach to their fitness journey,

as they would need to use a separate app for diet and nutritional tracking and meal planning.
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MyFitnessPal [9] has wide database of foods and nutritional information, which makes
it an effective application for dietary planning and consumption tracking. It allows users to
manage their dietary with the application’s calorie and macronutrient calculation and tracking
tools. This tool is helpful for users who wants to control their diet in a nutritionally balanced
way. It also allows users to log their exercise done to calculate their consumed calories.
However, MyFitnessPal lack of personalised workout suggestions. Users have to rely on
outside sources for customised exercise routines. This might be a disadvantage for user who is
finding for personalised workout recommendation.

FITTR [6] offers various important features, including nutrition expert recommended
meal plans, and daily workout training plans, making it a flexible app for diet and fitness. This
application also provides other features like body mass ratio (BMR) calculator based on user’s
BMI and body fat percentage, goal calculator based on user’s current weight, desired weight,
target week, and total energy expenditure (TEE). Moreover, it includes a highlighted feature
which is the Al chatbot, which allows users to communicate and ask questions, to provide
personalised assistance and direction for users. Although FITTR performs well in both dietary
and workout planning, it lacks fitness tracking and personalised workout suggestions based on
user’s BMI or BMR. Furthermore, it has a complex layout which packs a lot of information
and features into a single screen, which can make the interface appear cluttered. Users may
find 1t difficult to locate specific features or information due to the overwhelming amount of
content presented at once.

MyNetDiary [7] is an excellent tool for users who want to keep track of their nutrition
taken in detail. This application calculates the number of calories that users can consume
depending on their BMI and allows them to log and track their meals, including calorie counts
and other nutritional information. Users can also select their preferred customised
macronutrient distribution, such as low-carb distribution, low-fat distribution and so on.
Furthermore, it provides various premium dietary plans that coached by different dietician
experts. Additionally, this application does allow users to find and log their exercise, and to
calculate the calories consumed. However, this application obviously focuses on the dietary
recommendation only, and it does not provide any workout or exercise recommendation for

users.
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2.5 The Mifflin St. Jeor Equation
The Mifflin St. Jeor equation is one of the most widely used equations for calculating an
individual’s Basal Metabolic Rate (BMR), which represents the number of calories the body
requires to maintain essential physiological functions [27]. This equation was first introduced
by Mifflin and has become a standard in nutritional science due to its accuracy across a
population of healthy adults [28].
The equations are defined as follows in e.q (2.1) and e.q (2.2), where weight is measured
in kilograms, height in centimetres, and age in years:
e For males:
BMR = (10 X weight) + (6.25 X height) — (5 X age) + 5
e.q2.1)
e For females:
BMR = (10 X weight) + (6.25 X height) — (5 X age) — 161
e.q(2.2)
Compared to other formulas such as the Harris-Benedict equation, the Mifflin St. Jeor

equation is considered to provide more accurate predictions of resting energy expenditure. For

this reason, it is commonly used in both clinical and fitness application. [28]

2.6 The Exercise Calorie Calculation Equation

In addition to calculating daily calorie requirement through BMR, it is essential to estimate the
calories expended during physical activities. Exercise energy expenditure can be calculated
using the Metabolic Equivalent of Task (MET) formula, which quantifies the intensity of
physical activities relative to resting energy expenditure [29]. The general equation [30] for

calculating exercise calories is shown in e.q (2.3):

(MET level of activity x 3.5 X Weight(kg) X duration(minutes))
200

Exercise Calories =

e.q(2.3)

Where MET level of activity represents the intensity of the exercise, with 1 MET defined
as the energy cost of sitting quietly at reast, Weight is the body weight of the individual in
kilograms, and duration is the duration of the exercise session in minutes.

This formula is widely recognized and is recommended by the American College of Sports
Medicine (ASCM) for estimating caloric expenditure during various forms of physical activity.
The MET values for different exercises can be referenced from standardized compendiums

such as the Compendium of Physical Activities. [29]
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Chapter 3
System Design

This chapter highlights the system design of the project. It explains the overall design of the
proposed system, providing a top-down view of the system, beginning with the system
architecture, use case diagram, activity diagram, block diagrams, and flow diagrams, followed
by specifications of each system component, the design of the database architecture, and the

interaction between components

3.1 System Architecture

= o Firestore
.<:J> @ Dart {—>| MeFirebase
Deep 4.
Gemini

Figure 3.1 System Architecture Diagram

The Figure 3.1 above represents the high-level architecture of the proposed project, an Android
based mobile application developed with Flutter and integrated with Firebase for backend

services and deep learning (DL) for personalised predictions.

This architecture follows the Model-View-Controller (MVC) design pattern and is
structured to ensure maintainability, scalability, and integration of artificial intelligence

features.

In the MVC architecture, which is the core of the application. This layer contains the main
logic of the application, developed using the Dart programming language. It is divided into

multiple functional layers for clarity and modularity:
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Table 3.1 MVC architecture overview

View Handles the User Interface (UI) to display data such as user registration. The view
layer is important to collect input for the users and output their goal to them through

the view layer.

Service Acts as a mediator between the view and backend. This layer manages API calls to

Firebase Authentication and Firestore Database to perform backend data service.

Model Defines the structure of logic of application data, which is used to perform data

parsing or basic validation. This layer ensures a clean separation of data and logic.

Deep Responsible for processing user input and generating predictions. The deep learning

Learning model is run locally using TensorFlow Lite, by taking data from the model layer and

sends predictions back to the service or view for display.

Firebase is used in this project to handle core backend operations, such as user
authentication and cloud data storage. Firebase Authentication handles secure user registration
and login, which may support various methods including email/password, Google sign-in, or
other authentication providers. Firestore Database is a Cloud-based NoSQL database that stores
real-time data such as user profiles. The Gemini Application Programming Interface (API) is
integrated to provide advanced Artificial Intelligence (AI) powered functionalities, including

chatbot interactions and nutrition analysis of custom meals.
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3.2 Use Case Diagram and Description

Register/Login

Edit Profile

Log Weight

Change Password

Figure 3.2 illustrates the use case diagram of the proposed system. It outlines the interactions
between the actor and the system, highlighting the key functionalities available to the actor.

The diagram serves as a conceptual framework that guides the development and detailed

Delete Account

View Workout or

Dietary History

Add Meal

Interact in
Community
Interact with
Al Chatbot

Figure 3.2 Use Case Diagram of the proposed system

explanation of the use case descriptions presented in the following section.
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3.2.1 Use Case Description

Table 3.2 Use Case Description for “Register/Login”

Use Case ID UcCo01 Version 1.0
Use Case Register / Login
Purpose To authenticate users and provide access to their account
Actor User
Trigger User enters the application
Precondition -
Scenario Name Step Action
Main Flow 1 User enters the application
2 System displays welcome screen with options of “Register” or
“Login”
3 User selects either:
e Register: User enters required details (first and last name,
email, password)
e Login: User enters registered email and password
Sub Flow — User | 2a.1 System checks whether user is already logged in
is already logged
in 2a.2 System directs user to the homepage
Sub Flow - 3a.l System validates whether the email address is taken for other
Profile account user
Completion for 3a.2 System direct user to profile completion after registered with an
User account
Registration 3a.3 User fills in basic personal information (height, weight, age,
gender)
3a.4 System validates input fields
3a.5 User selects “Continue”
3a.6 System analyses user’s BMI category and display suitable goal
using pre-trained deep learning model.
3a.7 User is allowed to select their desired goal if their BMI category
falls under “normal” category
3a.8 User selects “Continue”
3a.9 System directs user to the homepage
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Sub Flow — 3b.1 System validates the credentials against stored account records
Login to Existing
Account 3b.2 System directs user to the homepage
Alternate Flow - | 3b.1.1 System displays error message
Invalid fields 3b.1.2 Return to Main Flow Step 3(Login) / Sub Flow 3a.3
Alternate Flow — | 3a.5.1 System validated that email address is taken
Email is Already
Taken 3a.5.2 System displays error message
3a.5.3 User is required to re-enter email
Rules 1. A new account can only be created with an email that does not
already exist in the system
2. Password must be at least 8 characters.
3. The system uses deep learning model to predict user BMI based on
entered height, weight, gender, and age
4. If the user is already logged in, the system should bypass the login

screen and redirect to the homepage
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Table 3.3 Use Case Description for “Edit Profile”

2.

Use Case ID ucCo002 Version 1.0
Use Case Edit Profile
Purpose To allow users to edit their account profile
Actor User
Trigger User selects “Edit Profile” under profile settings
Precondition User is logged into the system
Scenario Name Step Action
Main Flow 1 User selects “Edit Profile” under profile settings
2 User edits profile
3 System validates input fields
4 User selects “Save Changes”
5 System update user’s profile to the database
Alternate Flow - | 3a.l System displays error message
Invalid Input 3a.2 User is required to re-enter input
Rules 1. User can only edit their own account profile

All mandatory fields must be filled before saving changes
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Table 3.4 Use Case Description for “Log Weight”

Use Case ID UCo003 Version 1.0
Use Case Log Weight
Purpose To allow users to update their weight data
Actor User
Trigger User selects “Log Weight” under the weight dashboard from the homepage
Precondition User is logged into the system
Scenario Name Step Action
Main Flow 1 User selects “Log Weight” under the weight dashboard from the
homepage
2 User edits current weight input field
3 System validates input field
4 User selects “Save Weight”
5 System updates user’s weight to the database
6 System navigates user back to the weight dashboard
Alternate Flow - | 3a.l System displays error message
Invalid Input 3a.2 User is required to re-enter input
Rules 1. System should recalculate user’s suggested daily calorie intake
2. System should re-predict user’s BMI category
3. System should regenerate suitable workout recommendation once

BMI category changes due to new weight log
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Table 3.5 Use Case Description for “Log Exercise”

Use Case ID ucCo04 Version 1.0
Use Case Log Exercise
Purpose To allow users to log exercise based on given exercise list
Actor User
Trigger User selects “Log Exercise” from the workout page
Precondition User is logged into the system
Scenario Name Step Action
Main Flow 1 User selects “Log Exercise” from the workout page
2 System displays log exercise page with available exercise list
3 User selects exercise start time, exercise type, and fills in the
exercise duration
4 System validates exercise duration validity
5 System calculates the estimated calories burned based on the
exercise calories formula
6 User selects “Log Workout”
7 System saves exercise to the database
8 System displays confirmation message and navigates user back to
the workout page
Alternate Flow - | 4a.l System displays error message
Invalid Input 4a.2 User re-enters valid exercise duration
Rules 1. User must log only exercises they have personally performed.
2. The system must update the user’s workout history with the new log

entry
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Table 3.6 Use Case Description for “Edit Goal”

Use Case ID uCo005 Version 1.0
Use Case Edit Goal
Purpose To allow users to edit their goal
Actor User
Trigger User selects “Edit Goal” from the weight dashboard
Precondition User is logged into the system
Scenario Name Step Action
Main Flow 1 User selects “Edit Goal” from the weight dashboard
2 System displays the edit goal page
3 User selects their desired goal
4 User selects “Save Goal”
5 System updates user’s goal to the database
6 System displays confirmation message and navigates user back to
the weight dashboard
Sub Flow — 3a.l System does not allow user to edit their goal
User’s BMI
category falls
outside “normal”
Rules 1. Only users with a “normal” BMI category are allowed to edit their
goal
2. System should recalculate user’s suggested daily calorie intake
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Table 3.7 Use Case Description for “Change Password”

Use Case ID uUCo006 Version 1.0

Use Case Change Password

Purpose To allow users to change the account password

Actor User

Trigger User selects “Change Password” in profile setting

Precondition User is logged into the system

Scenario Name Step Action

Main Flow 1 User selects “Change Password” in profile setting
2 User enters current password, new password and confirm password
3 User selects “Change Password”
4 System validates user input
5 System updates user password to firebase authentication
6 System displays confirmation message and navigates user back to

profile setting

Alternate Flow — | Sa.l System displays error message

Password Less

Than 8

Characters/

Confirm S5a.2 User is required to re-enter input fields

Password Do Not

Match/ Current

Password Wrong

Rules -
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Table 3.8 Use Case Description for “Delete Account”
Use Case ID ucoo7 Version 1.0
Use Case Delete Account
Purpose To allow
Actor User
Trigger User selects “Delete Account” in profile setting
Precondition User is logged into the system
Scenario Name Step Action
Main Flow 1 User selects “Delete Account” in profile setting
2 System displays delete account page
3 User enters current account password
4 User type confirmation phrase
5 User tick required acknowledgement
6 User selects “Delete My Account Forever”
7 System displays final warning message
8 User selects “Yes, Delete My Account”
9 System validates user password, confirmation phrase, and
acknowledgement
10 System deletes user account
11 System displays confirmation message and navigates user to
registration/login page
Alternate Flow - | 10a.1 System displays error message
Invalid
Password/
Invalid 10a.2 User is required to enter valid password/ enter valid confirmation
confirmation phrase / tick acknowledgement
phrase/ Not
acknowledged
Rules 1. Once deleted, the account and all associated data are permanently
removed and cannot be recovered
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Table 3.9 Use Case Description for “Logout”

login

Use Case ID UCo008 Version 1.0
Use Case Logout
Purpose To allow users to logout of current account
Actor User
Trigger User selects “Log Out” from profile setting
Precondition User is logged into the system
Scenario Name Step Action
Main Flow 1 User selects “Log Out” from profile setting
2 System ask confirmation for account logout
3 User selects confirm
4 System logout current account and navigate user to login page
Rules 1. System should remove user saved credentials to avoid automatically
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Table 3.10 Use Case Description for “Add Meal”

Use Case ID uco09 Version 1.0
Use Case Add Meal
Purpose To allow users to add meal to their today’s meal
Actor User
Trigger User selects “Add Meal” from the diet page
Precondition User is logged into the system
Scenario Name Step Action
Main Flow 1 User selects “Add Meal” from the diet page
2 System displays add meal page
3 User selects mealtime and adds meal
4 User selects either to add meals from the available recipe library or
customise their meal
5 System validates whether the mealtime is added with meal
6 System adds the meal to database
Sub Flow — User | 4a.l User selects “Recipe Library” from the tab
Selects Meals 4a.2 System displays list of recipes from available recipe library
from Recipe 4a.3 User selects add button on desired meal
Library 4a.4 Return to Main Flow Step 5
Sub Flow — User | 4b.1 User selects “Custom Meal” from the tab
Customise their | 4b.2 System displays meal customisation screen
Meal 4b.3 User enters the meal name
4b.4 User can choose either to analyse nutrition values using Al or
manually insert nutrition values. If user selects analyse using Al,
system should pass meal name to API to analyse nutrition
breakdown, and display on the screen
4b.5 Return to Main Flow Step 5
Alternate Flow — | 6a.1 System displays replace message and ask user do they want to
Selected replace with new meal
Mealtime is 6a.2 User selects either replace or cancel
added with meal
6a.3 Return to Main Flow Step 3 / Step 5

Rules

1.

Each mealtime must have only one meal entry (if a new meal is

added, the system must ask whether to replace the existing one)

Bachelor of Computer Science (Honours)
Faculty of Information and Communication Technology (Kampar Campus), UTAR

36



CHAPTER 3

Table 3.11 Use Case Description for “View Workout or Dietary History”

Use Case ID ucCo10 Version 1.0
Use Case View Workout or Dietary History

Purpose To allow users to view their history on workout and diet
Actor User

Trigger User selects ‘calendar’ button on workout or dietary page
Precondition User is logged into the system

Scenario Name

Step Action

Main Flow

1 User selects ‘calendar’ button on workout or dietary page

2 System displays workout or dietary history:

For workout history

e System displays workout history with statistical data and
filterable tags (by exercise category and time)

For dietary history

e System displays workout history with statistical data,
filterable by custom date, weekly, or monthly

Rules

1. System must retrieve and display accurate historical data from the
database
2. Ifno history is available, the system must display an empty state

message (e.g., “No history found”)
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Table 3.12 Use Case Description for “Interact in Community”

Use Case ID UCo11 Version 1.0
Use Case Interact in Community
Purpose To allow user to interact with other users in community page
Actor User
Trigger User selects “Community” from the bottom navigation bar
Precondition User is logged into the system
Scenario Name Step Action
Main Flow 1 User selects “Community” from the bottom navigation bar
2 System displays the community page
3 User selects the ‘add’ button on the bottom right corner to post
new feed
4 System displays create post page
5 User selects desired channel to post
6 User writes on their thoughts
7 User clicks on “Share” button
8 System store user’s post to the database
9 System displays confirmation message and navigates user back to
the community page
Sub Flow — Like | 3a.l User likes or comment on posts by hitting the like button or
and Comment comment button to write a comment
Sub Flow — View | 3b.1 User selects ‘card’ icon on the top right corner of community page
Own Posts
3b.2 System displays all posts posted by the user with likes and
comments count
Rules 1. User can only post under one channel at a time
2. User can only delete own posts
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Table 3.13 Use Case Description for “Interact with AI Chatbot”

Use Case ID ucCo12 Version 1.0

Use Case Interact with Al Chatbot

Purpose To allow user to interact with the Al Chatbot

Actor User

Trigger User selects “Ask AI” widget from the homepage

Precondition User is logged into the system

Scenario Name Step Action

Main Flow 1 User selects “Ask AI” widget from the homepage

2 System display the ‘FitFuel AI’ page
3 User enters prompt and sends
4 System responds to the user’s prompt

Alternate Flow — | 3a.l User enters prompt that is irrelevant with fitness, nutrition, or

Irrelevant wellness.

Prompt 3a.2 System responds with: “I'm specialized in fitness and nutrition
advice. Please ask me about workouts, exercise routines, diet plans,
meal planning, or health-related nutrition questions!”

Rules 1. All chatbot interactions must be displayed in a conversational format

(user prompt — chatbot response)
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3.3 Activity Diagram
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The activity diagram in Figure 3.3 provides a detailed representation of the operational flow
within the proposed system. It models the sequence of activities performed by both the user
and the system, structured into two swim lanes. This separation of responsibilities shows the
interaction between user actions and system processes.

Once a user has registered an account using an email address and password, the user
proceeds to complete their profile by providing essential information such as gender, age,
weight, and height. The system will then store the user profile data in the database and initiates
the prediction of the user’s BMI category using a pre-trained deep learning model. Based on
the predicted BMI category, users are directed to different goal-setting screens. Users with a
normal BMI category are free to select their goal (lose weight, maintain weight, or gain
weight), whereas users classified as underweight are automatically assigned to gain weight,
and those classified as overweight are assigned to lose weight.

Upon completion of the goal-setting stage, users are redirected to the homepage of the
application, which functions as the central navigation page. The homepage connects with a
bottom navigation bar that grants access to the workout page, dietary page, and the community
page. The profile settings menu is accessible via the top-right corner of the homepage.

Within the homepage itself, three primary functionalities are available. First, users may log
their weight, which allows the system to update the stored data, and re-predict the user’s BMI
category. Secondly, users with a normal BMI category are permitted to edit their goal. Lastly,
users may interact with an Artificial Intelligence (AI) chatbot, which is supported by the
Gemini API (gemini-2.0-flash). This feature enables users to submit prompts related to fitness,
diet, or general wellness, which are parsed by the system to the API and returned with
contextually relevant responses.

The workout page presents users with a list of recommended exercises, that are mapped
according to the user’s BMI category, selected goal, and suggested exercise categories. Based
on these mappings, suitable exercises are displayed. Users may log exercises by selecting an
activity and specifying the duration. The system will then estimate the calories burned by
calculating using predefined formula and stores the data into the database. A workout history
feature allows users to review past exercise records and filter them for statistical analysis.

The dietary page works by calculating a suitable daily nutritional distribution based on the
user’s goal. Within the add meal function, users can either select meals from a predefined recipe
library or create a custom meal entry. For customised meals, the system offers two approaches:

manual input of nutritional values or automated nutritional analysis via the Gemini API. The
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analysis provides estimates for calories, proteins, carbohydrates, and fats. In the dietary page,
users may also access their dietary history, with options to filter and analyse their nutritional
intake over time.

The community page serves as a social engagement platform within the application. Here,
users can view posts categorised into community channels, such as general community, fitness
enthusiasts, and healthy nutrition. Users may also upload posts, as well as interact with others
through likes and comments, thereby fostering peer engagement and motivation.

Finally, the profile settings section provides four key functionalities: edit profile, change
password, delete account, and log out. The edit profile function enables users to update their
personal information such as first and last name, age, gender, and height. This will prompt the
system to re-predict the user’s BMI category based on the updated personal information. The
change password function will update user credentials securely through Firebase
Authentication. The delete account option ensures that all user data and associated records are
permanently removed from the database. The log out function clears saved user credentials,
thereby preventing automatic re-login from prior sessions.

In summary, the activity diagram shows the entire lifecycle of the user interaction, from
registration to ongoing fitness and dietary management, supported by backend systems. This
ensures that the application provides a data-driven experience that aligns with users’ health

goals while also offering opportunities for community support and interaction.
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3.4 System Block Diagram
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Figure 3.4 System Block Diagram
The system block diagram, as illustrated in Figure 3.4, provides an overview of the main
components, functions, and data flows within the system. The design follows a modular
architecture that integrates both frontend user interactions and backend services.

At the highest level, the system begins with the user, who interacts with the mobile
application through the login and registration interface. The user registration process interacts
with the deep learning model prediction and the Firestore Database. The User authentication is
managed using the Firebase Authentication, which validates user credentials and ensures
authorised access to the system.

Once authenticated, user profile data and subsequent activities are stored in the Firebase
Firestore Database, which serves as the central database for user information, exercise logs,
dietary records, and community interactions. The Firestore database operates in real time,
ensuring that updates such as weight logs are immediately reflected in the application.

The system also integrates a Deep Learning Model that predicts the user’s Body Mass
Index (BMI) category based on personal data (age, gender, weight, and height). This model is

invoked whenever a user updates their weight or profile details, and the prediction results are
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stored back into the Firestore database for subsequent use in goal setting, workout
recommendations, and dietary calculations.

To support content-driven features, the system utilises a Local JSON Repository, which
stores smalls size static datasets such as predefined recommended exercise categories based on
user BMI category and goal, and recipe lists with nutrition breakdown. These repositories
enable efficient retrieval of structured information without requiring constant remote API calls.

For advanced functionality, particularly natural language processing in Al chatbot and
nutritional analysis, the system integrates the Gemini API. The Al chatbot uses Gemini to
interpret user queries related to fitness, diet, and wellness, while the dietary module uses the
same API to analyse custom meal entries, returning estimated calories, protein, carbohydrates,
and fats.

Overall, the system block diagram demonstrates how the mobile application connects
frontend user interactions with backend services and intelligent APIs, ensuring secure

authentication and efficient data storage.

3.5 System Components Specifications
The system consists of multiple interconnected components that work together on user

interaction, data processing, storage and external services. The main components are:
3.5.1 User Interface Components
Table 3.14 below shows the visible modules within the mobile application where the user

interacts with the system.

Table 3.14 Function modules with description

Function Module Description
Login/Registration Provides account creation, authentication, and secure access to the system.
Homepage Central hub that provides access to logging weight, editing goals, and
interacting with the Al chatbot. It also connects to other function modules
such as workout and dietary.
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Workout Supports exercise recommendations, exercise logging/deleting, calorie
burn calculation, and workout history tracking.

Dietary Enables users to add/delete meals from the recipe library or by creating
custom meal, with dietary history and nutritional statistics accessible for
analysis.

Community Allows users to view, upload, and interact with posts categorised into

channels, supporting engagement. It also sends notifications to the user

once user receive interaction from other users.

Profile Settings

Offers functions such as editing profile information, changing passwords,
deleting accounts, logging out, and accessing support pages including

Support, Terms of Service and About Us.

3.5.2 Processing and Logic Components

This layer represents the computational core of the system, where user inputs are transformed
into meaningful outputs through a combination of predictive modelling, decision rules, and

data-driven calculations. The processing and logic components are described as in Table 3.15:

Table 3.15 Processing and logic components with description

Component

Description

BMI Prediction Logic

A pre-trained deep learning model to predict user’s Body Mass Index
(BMI). The model classifies users based on parameters such as height,
weight, age, and gender into categories of severe thinness, mild thinness,
moderate thinness, normal, overweight, obese, or severely obese. This

prediction serves as the foundation for subsequent recommendation rules.

Goal Assignment

Logic

The system incorporates rule-based logic to determine user’s achievable
goals according to their predicted BMI category. Users in the normal BMI
range are permitted to select their own fitness goals (lose, maintain, or gain
weight). By contrast, underweight users are restricted to a “gain weight”
goal, while overweight users are assigned to a “lose weight” goal. This
enforces medically safeguards

appropriate guidance and against

contradictory user decisions.

Calories Burn

Processing

The workout module applies formula-based calculation to estimate calories
burned during physical exercises. When a user logs an exercise along with

its duration, the system utilises standard metabolic equivalent (MET)
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values to calculate energy expenditure. These results are stored as calorie
burned in the database and contribute to the user’s workout history and

statistical analysis.

Exercise
Recommendation

Rules

A recommended exercise categories mapping rules aligns user BMI
categories and goals. The mapping is supported by static data stored in
local JSON repository, which contains predefined recommended exercise
categories, and exercise lists. This logic enables the system to adapt its

suggestions according to user-specific needs.

Suggested  Nutrition

Breakdown Processing

The dietary module computes a daily nutritional distribution tailored to the
user’s goal. Macronutrient allocations for calories, protein, carbohydrates,
and fats are dynamically generated. Specifically:

e Users with ‘lose weight’ goal: Target calories are set 10% lower
than the calculated maintenance calories, with macronutrient ratios
of 0.33 protein, 0.45 carbohydrates, and 0.22 fats.

e Users with ‘gain weight’ goal: Target calories are set 10% higher
than maintenance calories, with macronutrient ratios of 0.24
protein, 0.48 carbohydrates, and 0.28 fats.

e Users with ‘maintain weight’ goal: Target calories are equivalent
to maintenance calories, with macronutrient ratios of 0.28 protein,

0.44 carbohydrates, and 0.28 fats.

Meal Customisation

For custom meal entries, the Gemini API is invoked to automatically
analyse nutritional values, whereas users also retain the option to input
values manually. This ensures that dietary tracking remains both flexible

and accurate.

Chatbot Query
Handling

The Artificial Intelligence chatbot integrates with the Gemini API to
provide interactive responses to user prompts. Queries related to fitness,
dietary guidance, or general wellness are parsed and transmitted to the APIL.
The system then processes the returned response to be displayed in the user

interface.
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3.5.3 Data Management and Backend Components

The data management and backend components are responsible for securely handling user data,

maintaining application state, and supporting real-time interactions across the system. These

components ensure that information is stored persistently, synchronised efficiently, and

retrieved accurately whenever it is required. The major backend elements are described as in

the Table 3.16 below:

Table 3.16 Data management and backend components with description

Components

Description

Firebase

Authentication

Firebase Authentication provides a secure mechanism for user identity
management. It supports functions such as registration, login, password
reset, and account deletion. Credentials are verified using Firebase’s cloud-
based service, avoiding unauthorised access. Authentication tokens are
session, secure

generated and validated during each enhancing

communication between frontend and backend.

Firebase

Database

Firestore

The system utilises Firebase Firestore, a cloud-based NoSQL database, to
store structured user data in real time. Firestore manages information such
as user profiles, weight logs, workout logs, meal logs, and community
posts. Data is organised into collections and documents, allowing for
scalability and efficient querying. Firestore’s real-time synchronisation
feature ensures that updates made by users are immediately reflected across

devices.

Local

Repository

JSON

A static JSON repository is included within the application to store
predefined content such as exercise lists, recommended exercise
categories, and recipe libraries. The approach reduces dependency on

external APIs while ensuring fast access to reference data.

Integration

External Services

with

The backend layer also interacts with external APIs such as Gemini. The
Gemini API processes natural language queries and nutritional analysis
requests, while the backend ensures smooth communication by formatting

requests and storing relevant responses when necessary.
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3.6 Circuits and Components Design

This section describes the detailed design of the system components, focusing on how the
backend, storage, and user interface are structured and interact with one another. The design
ensures proper data management, scalability, and integration between the different functional

modules of the mobile application.

3.6.1 Firestore Database Design

The backend storage of the system is managed using Google Firestore, a NoSQL cloud
database. The database is structured into two main top-level collections, which is the Users and
Community. As shown in Figure 3.5 below, each of them contains documents and sub-

collections that support the functionality of the application.
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- consumedCalories, |- consumedCalories| userld | l-userld | _ userld - userld - userld - userld
- consumedCarbs | |- consumedCarbs o - userName - userName ) - userName ) |- userName
- consumedFats - consumedFats - 7N - S
|- consumedProtein | |- consumedProtein |
A NG A

Meals Weight Workout

ra N/ ra N T

s - r N N g ~ /T Doc 1 | Doc2 Doc 1 | Doc2

:‘>ch 1 I?oc 2 Doc 1 Doc2 Doc 1 | L exe::‘i’s‘(:e E - content - content - content - content
:g:;;:es :ruhrsles - imestamp | |- imestamp - exercise s -timestamp | - timestamp - timestamp | |- imestamp

= - |weight | [-weight | - category et gory - userld - userld - userld - userld

il ;’g n C :’;:’:m r r;let a duration -userName | |- userName |-userName | |- userName
B T - duration B b / / " J
- mealName | - mealName - caloriesBurned | - caloriesBurned
- mealTime | - mealTime - onsetTime - onsetTime
- timestamp | - timestamp - timestamp ) - timestamp ),
- userld - userld : S —
|- date | |- date

Figure 3.5 Firestore Database Design
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The Users collection stores individual user profiles, identified by their unique user Id (uid).
Each user document contains personal attributes such as age, gender, weight, height, first and
last name. To support functional features, each user document includes 3 sub-collections:

e Meals: records daily meal intake with nutritional values for each meal

e Weight: stores timestamped user’s weight history

e  Workout: records user’s exercise logs with calories burned

The Community collection manages user interactions and social features. It is divided into two
main parts:
e Notifications: which contains the userNotifications sub-collection used to store alerts
such as post likes and comments
o Posts: which consists of generalPosts and clubPosts sub-collections. Each post
document stores content, author information, timestamp, likes and comments count.

Posts also include a comments sub-collection for user replies.

This design supports scalability by separating personal data from community data, while
maintaining a clear hierarchy of collections and sub collections. The use of sub-collections
ensures efficient data retrieval, allowing the application to quickly query specific subsets of

information, such as a user’s meal history.

3.6.2 JSON Repository Design

The system integrates statis JSON files as lightweight repositories for predefined dataset or
rules. These enable fast local access to structured information, reducing the need for frequent
database queries or API calls. The 3 key JSON files used in the system are described as shown
in Table 3.17 below:
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Table 3.17 JSON Repository Design

File

Description

Example

Exercise list

This file stores a categorised list of
exercises grouped into four categories:
Cardiovascular, Strength Training,
HIIT, and Low-Impact Exercise. Each
entry specifies the exercise name and its
corresponding Metabolic Equivalent of
Task (MET) value, which is used to

calculate estimated calories burned

"Cardiovascular": [

{
"name": "Jogging ",

"met": 8.0

Exercise

recommendation

This file defines the mapping between

BMI categories, user goals, and
recommended exercise categories. Each
BMI categories is associated with one
or more exercise categories tailored to
user’s health goal. This mapping serves
as the foundation for the workout

recommendation logic.

"normal": [
{
"goal": "lose weight",
"exercise category":
"cardiovascular, HIIT"
H
]

Recipes

This file stores a library of recipes with
detailed nutritional information. Each
recipe entry contains metadata such as

preparation  time, cooking time,

servings, and even step-by-step

directions. Nutritional values, including
calories, fats, carbohydrates, and
protein, are also included to support

meal tracking and logging.

{
"name": "Chicken Stir-
Fry",
"prep_time": "20 mins",
"cook time": "20 mins",
"total time": "40 mins",

"calorie": 344,

"fats": 7,
"carbs": 45,
"protein": 25
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3.7 System Components Interaction Operations
This section explains how the different system components interact during the user operations.
Each operation involves coordinated communication between the user interface, processing

logic, and backend storage.

3.7.1 User Registration and Authentication

fills in
registration
details

Firebase
Authentication Firestore create
validates user document
credentials
[ ]
v
fills in
personal details
I
v v
trigger deep
learning prediction Firestore stores
to predict user BMI user details
category
"normal" BMI A
selects
goal

v

Firestore stores
user details

v

Access to system
homepage

O

Figure 3.6 Flowchart of User Registration and Authentication

Figure 3.6 shows the flow of user registration and authentication. The process begins when a
new user provides registration details such as email and password. The Firebase Authentication
will validate the credentials whether the email is taken. If successful, a user document is created

in Firestore.
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Next, the user fills in personal details (age, gender, height, and weight). At this stage, the
deep learning model is triggered to predict the BMI category, which is then stored in Firestore.
If the BMI category is normal, the system prompts the user to select their desired goal (gain,
maintain, or lose weight). This goal is stored alongside the BMI category. Finally, once all

details are recorded, the user gains access to the system homepage.

3.7.2 Logging Weight

Inputs new
weight value

Validates and stores
new weight entry in
Firestore

v

trigger deep
learning prediction
to predict new BMI
category

BMI category update new
chanaed? associated goal in
gec Firestore

Figure 3.7 Flowchart of Logging Weight

Figure 3.7 shows the flow of logging new weight. The process begins with inputting new
weight values by the user. The system will then validate the input and create a new weight
document to store new weight timestamp in the weight collection in Firestore. Meanwhile, the
system will trigger the deep learning model to re-predict user’s latest BMI category using their
new logged weight. If the BMI category changes, the system will assign new goal that is

associated with their new BMI category.
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3.7.3 Editing Goal

T

Retrieve user goal
and BMI category

"normal”
BMI category?

edit goal

update new user
goal in Firestore

< [

Figure 3.8 Flowchart of Editing Goal
Figure 3.8 shows the flow of editing goal. The system will first retrieve the user’s current BMI
category. If user’s BMI category falls under “normal” category, users are allowed to edit their
goal, and the system will update user’s new goal to the Firestore. Else, users are not allowed to

modify their goal.

3.7.4 AI Chatbot

input and
sends prompt

Y

parse prompt to
external API

related
prompt?

display error
message

parse back API
response to the
user

Figure 3.9 Flowchart of AI Chatbot
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Figure 3.9 shows the flow of Al Chatbot interaction. The process starts with user input and
then sends in the prompt to the system. The system will then parse the user input to the external
Gemini APL. If user’s input is related to fitness, diet, or general wellness, the system will parse
back the API response to the user. Else, the system should display error message to tell user to

send in only fitness, diet, or general wellness related prompt.

3.7.5 Logging Exercise

selects exercise,
datetime, and input
duration

v

retrieve MET value
from JSON
repository

v

calculate estimated
calories burned

v

Stores workout data
in Firestore

Figure 3.10 Flowchart of Logging Exercise

Figure 3.10 shows the flow of logging exercise. The process starts with selecting an exercise,
datetime, and input exercise duration. The system will then calculate calories burned using
formula: MET value x weight x duration / 200 and stores user workout data in Firestore under

the workout collection.
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3.7.6 Adding Meals

recipe library custom meal

y Y
retrieve recipes Input
from JSON meal name
repository

manual

Input nutrition
Select meal values

to add

parse meal name to
external API

A 4

Fills in analysed
nutritional values

v

.| Stores meal data
in Firestore

Figure 3.11 Flowchart of Adding Meals

Figure 3.11 shows the flows of adding meals. The process starts with allowing users to select
whether they want to add meal from the available recipe library, or to customise their meal.
For adding meals from the recipe library, the system will retrieve recipes from the JSON
repository to allow users to select meal from the library. For meal customisation, users will
first require inputting meal name. Then users may choose to manually input nutrition values or
analyse nutrition values using Al. For Al nutrition analysis, the system will first parse the meal
name to the external API. The system will then receive response from the external API, then
automatically fills in the analysed nutritional values provided by the external API. Once all

done, the meal data will be stored in Firestore, under the meals collection.
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3.7.7 Community Interactions

9

v v

create post and
select posting
channel

interact with other
users' posts

y y

Store posts in
Firestore based on
posting channel

Create notification
document, stores comment
or likes in Firestore

O

Figure 3.12 Flowchart of Community Interactions

Figure 3.12 shows the flows of community interactions. There are 2 main user functions in the
community. Firstly, users may create post and select posting channel. The system will then
store the user post in Firestore based on their selected posting channel. Secondly, users may
interact with other user’s post by tapping like or commenting. The system will then store the

user interaction in Firestore and create notification documents to be sent to the post author.
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Chapter 4
System Methodology/Approach

This chapter presents the methodology and approach used in the system, system specifications,

and timeline of the project.

4.1 Methodology Used

Deploy

Review

Plan ” Design Launch

Figure 4.1 Stages in Agile Methodology

In this project, the system will follow the Agile methodology, complemented by the Software
Development Life Cyle (SDLC) framework. Agile methodology is an iterative and incremental
approach to software development that priorities flexibility, customer collaboration, and
adaptability to changes [31]. Unlike traditional methodologies such as waterfall approach,
which requires a linear and sequential process, while Agile allows for a more fluid and dynamic
development cycle. According to the studies of the Standish Group’s SHAOS Report (2015)
[32], Agile methodology has a higher success rates compared to waterfall approach. In the
waterfall approach, each phase of the project must be completed before moving on to the next,
making it difficult to adapt to changes or new requirements once development has begun [33].
This can create challenges in addressing unforeseen issues that arise during the development
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process. In contrast, Agile breaks the project into smaller, manageable iterations [31]. Each

iteration involves planning, designing, development, testing, and deployment, allowing us to

deliver functional software more frequently and gather feedback earlier in the process. This

methodology is the most suitable for projects that require adaptability and user-centric design,

making it an excellent fit for the proposed system.

4.2 System Requirements

4.2.1 Hardware Requirements

Table 4.1 Laptop Specifications

Laptop Specifications

Operating System

Windows 11 Home 64-bit

Central Processing Unit (CPU)

AMD Ryzen 7 PRO 5850U with Radeon Graphics 1.90
GHz

Memory (RAM)

16GB

Manufacturer

Lenovo

Table 4.2 Smartphone Specifications

Smartphone Specifications

Operating System Android 14
Processor Exynos 2200
Display Resolution 1080 x 2340 pixels
Memory (RAM) 8GB

Manufacturer Samsung Electronics

Bachelor of Computer Science (Honours)
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4.2.2 Software Requirements

Table 4.3 Software Specifications

Development

Tools

Visual Studio Code: The main Integrated Development
Environment (IDE) for writing, debugging, and managing the
Flutter and Dart codebase

Android Studio: Used primarily for Android SDK integration
and emulator testing

Google Colab: Cloud-based environment for deep learning model

training and experimentation

Programming
Languages and

Frameworks

Flutter: The main framework for developing the system

Dart: Programming language for application logic and Ul
development

Python: Used to build and train the deep learning model before
deployment to the system.

SDKs and

Libraries

Android SDK: Provides necessary libraries and build tools for
Android app development
TensorFlow Lite: Lightweight machine learning framework for

deploying trained deep learning models on mobile devices

Backend

Services

Firebase Authentication: Provides secure user login and
registration
Firebase Firestore Database: A NoSQL cloud database for

storing system data

External APIs

Gemini API: Provide Al-driven natural language processing to

power the chatbot feature in the system
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4.3 Timeline
4.3.1 Timeline of the FYP1
Table 4.4 Timeline of the FYP1

Weeks (1 |2 |3 |4 |5 |6 |7 (8 |9 |10 |11 |12 |13 |14

Progress

Complete user

interface design

Dataset collection

System front end

design

Set up Google

Firebase

Complete system
functions in

VSCode

Deep learning

model training

Integrating model

into the system

System testing

Report Writing

Presentation

The timeline for the FYP1 has been carefully planned and divided into weekly tasks
over a 14-week period, as illustrated in Table 4.4. In the initial, the focus is on completing the
user interface design using Figma, ensuring a clear and intuitive layout for the application.
Dataset collection is planned to begin in Week 3, followed by system front-end design in Week
4 and 5, meanwhile setting up the Google Firebase. While the system flow will be developed
in Week 6 to 8 since it needed much effort on coding multiple pages with Google Firebase
backend implementation. Deep learning model training is initiated in Week 9 and continues

through Week 10; this model is developed specifically to classify user’s Body Mass Index
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(BMI) category based on user input data. During this period, model optimization and evaluation
are carried out. Integration of the trained model into the system is slated for Week 11, allowing
ample time for system testing and report writing in Week 11 and 12. The final stage is the
preparation for the project presentation in Week 13 and 14. This timeline ensures a structured
and progressive development approach, allowing for continuous iteration and refinement

throughout the semester.

4.3.2 Timeline of the FYP2

Table 4.5 Timeline of the FYP2

Weeks |1 (2 |3 |4 |5 |6 (7 (8 |9 |10 |11 [12 |13 |14

Progress

Dataset collection

Completing
Workout Module

Completing
Dietary Module

Completing
Profile Setting

Integrate Al
chatbot feature

Integrate

community feature

System refinement

System testing and

deployment

Report Writing

Presentation
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The main tasks to be completed in FYP2 is as shown in Table 4.5, begins with dataset
collection in Week 1, and the workout module will be started after the dataset collection in
Week 3. Then, I dietary module is scheduled to be completed during Week 5 and 6, focusing
on developing a model that provides calorie intake suggestion based on user input data.
Integration of the trained model will take place in Week 5 and 6, followed by the
implementation of the Al chatbot feature in Week 6. The community feature will be developed
between Week 7 and 8. System refinement is prioritized in Week 9 and 10 to ensure optimal
performance and functionality before proceeding to testing and deployment in Week 10 and
11. The final phases include report writing in Week 11 and 12, and presentation preparations

in Week 13 and 14.
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Chapter 5

System Implementation

5.1 Integrating Google Firebase
Google Firebase is a cloud-based platform developed by Google to provide backend services
for mobile and web applications. It offers powerful tools such as user authentication, real-time
databases, and cloud storage. In this project, Firebase is used to handle core backend
functionalities including Firebase Authentication and Firestore Databases.

Before starting with Firebase Authentication and Firestore Databases, ensure the Firebase
Command Line Interface (CLI) is installed to allow signing in to Firebase account, to create

and configure a project.

android Fireba
apiKey: °
appId: '1:5

messagingSend
projectid: °
storageBucket: *

Figure 5.1.1 Firebase options in Flutter

5.1.1 Firebase Authentication
To allow users to register and log in securely, Firebase Authentication was integrated into the
system. Firebase Authentication provides a simple and secure method to manage user sign-up,

sign-in, and authentication processes using email and password credentials.

FitFuel + H o
Authentication o

Signinmethod  Templates  Usage  Settings | % Extensions

Sign-in providess .

Add new provider

# fc?? Bk 0> @

Figure 5.1.2 Firebase Authentication setup
During the setup, the authentication method was enabled in the Firebase Console, as shown
in Figure 5.1.2. Users can create a new account by providing their email and password, which

are then securely verified and stored within Firebase Authentication. To integrate the Firebase
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Authentication in the system, a plugin called ‘firebase auth’ is required to use the Firebase
Authentication API. Detailed integrations are shown in Figure 5.1.3 and Figure 5.1.4. The
integration ensures that users’ credentials are securely managed without having to manually

handle sensitive data, enhancing the overall security and user experience of the application.

> firebase_auth_in F firebase_auth_servis

seAuthServ:
th _auth =

UserCredential credential = await _auth.cre
1: email,

redential.user;

ror occured');

ait _auth

1, password);

geRoute(builder: ont => CompleteProfileview()),

Figure 5.1.3 Code snippets of signing up using Firebase Authentication
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Hey There,
Create an Account

é First Name welcome Back,
Login to Your Account
é Last Name
M Email
Email
ﬁ Password
|€| Password

D By continuing, you accept our Privacy Policy and
Terms of Use

Oor

New to FitFuel? Register

Register

or

Already have an decount? Login

Figure 5.1.4 Sign Up and Sign In page of the application

5.1.2 Firestore Database

To store user data such as personal information, Firestore Database was integrated into the
system. Firestore is a scalable and flexible NoSQL cloud database. In this project, once a user
registered their profile, details such as first name, last name, weight, are stored under their
unique User ID (UID) in the Firestore Database. To implement Firestore integration, the
‘cloud_firestore’ plugin was added to the Flutter project. The configuration and examples of
how user data is stored are illustrated in Figure 5.1.5 and Figure 5.1.6. Firestore’s real-time
updating capability ensures that any changes made by the user are instantly reflected in the

application, enhancing data consistency and system responsiveness.

roller.text,
troller.text,

Figure 5.1.5 Example of code snippets of updating data to Firestore Database
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FitFuel «
23 (default)

+ Start collection

users

Cloud Firestore

I3 users =
+ Add document

7GuDK4SRd9ci0FN7JPcfzD0s

8La3UwEBDSUGIQ46NhTYKZEYS .

9NsrvGUESkcOSquimMin
ARvVBzka7P2WJBgBLCbs
AXBCrKcQ4o04ARSBNrnvVZ

i AtttjJCUxvwxdS2fqoiX

HRzghyr6fybKBIUCPFWivOdA.. >

HS4BabyEbPax5vr sRBEYyXMK
QUVjahDuGbTebbwxEpcz7xI7.
RJ831ig5SHGCTUEXsUx8wi

Suuv5IAKTOPh7BpxrXLREVVA..

UsUx0sf7QgfDTGzMHFGHMhzb..

[E] HRzqhyr6fybK8IUcpFWjvOdA9el3

+ Start collection
+ Add field
BMIcase: "Normal"
age: "26"
createdAt: April 26, 2025 at 7:39:53PM UTC+8
email: ‘oliviadean@gmail.com”
firstName: "olivia®
gender: "Female"
goal: "maintain weight"
height: "165"
lastName: "dean”
uid: "HRzghyré6fybK8IUcpFWjvOdAgel3"

weight: "55"

Figure 5.1.6 Document stored under User collection after user completed user profile

5.2 Google Gemini API Implementation

The Google Gemini Application Programming Interface (API) was integrated into the system
to provide artificial intelligence (AI) support for the system which deliver natural and context-
aware responses to users and enhancing interactivity.

To begin the integration, an API key was generated from the Google Al Studio platform as
shown in Figure 5.2.1, and it is securely stored in the project environment file to prevent
unauthorised access. Hardcoding the API key directly into the source code raise security risks,
therefore, developers are encouraged to store API keys in secure locations to ensure safe and

reliable integration.

Google Cloud e fitfuel Search (/) for resources, docs, products, and more Q_ Search

+ 8000 : @

PI APIs & Services 4 Credentials + Create credentials ~ »~ Restore deleted credentials

Enabled APIs & services Create credentials 1o access your enabled APIs. Leam more (4
it Library

A Remember to configure the OAuth consent screen with information about your application Configure consent screen

o= Credentials

Auth consent screen
APl Keys

0D ® HName
O ® Generative Language API Key

S»  Page usage agreements

Bound account (3 Creation date Restrictions Actions

Aug 13,2025 Generative Language API -~ Show key  }

O ® Generative Language API Key Aug, 2025 Generative Language API - Showkey §

OAuth 2.0 Client IDs

Figure 5.2.1 Setup of the Gemini API key within the project

In the Flutter project, the HTTP package was installed to facilitate the API communication
between the system and the Gemini API endpoint. With this setup, the system is able to send
user input as requests and receive responses from Gemini for further processing.
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5.3 Creating a BMI Category Prediction Model

A Body Mass Index (BMI) category prediction model was developed to predict user’s BMI
category within the application. The model predicts whether a user falls into categories such as
severe thinness, mild thinness, moderate thinness, normal, overweight, obese, or severely
obese, based on input features including weight, height, age, and gender.

To build the prediction model, a publicly available dataset [11] was pre-processed using
Pandas for data manipulation and scikit-learn for data normalisation, label encoding, and
handling class imbalance with the SMOTE technique. This ensured a balanced dataset for
training, validation, and testing. The features were scaled using MinMaxScaler, while
categorical features were one-hot encoded to prepare them for classification tasks.

The model itself was implemented in TensorFlow and Keras, where a U-Net based
Convolutional Neural Network (CNN) was constructed to classify BMI cases. The training was
carried out in Google Colab, which provided a cloud-based GPU environment for faster
computation. Training, validation, and test datasets were created using an 80:10:10 split, and
the model was trained with early stopping to prevent overfitting. The details of the model
hyperparameters will be further discussed in Chapter 6.1.2.

Finally, the trained model was converted into TensorFlow Lite (TFLite) format, enabling
deployment on mobile devices. This ensures that the prediction tool runs efficiently within the
application, allowing users to receive real time BMI category predictions directly from the

application.
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5.4 User Registration
220 N o N =l @ 22l MR » N Al @
Hey There, Let's complete your profile
Create an Account Hiwithelpusiterkmowmoreaboutyol
& emaie v
& il St

= r .
o Anna @
M liliana@gmail.com ©) eo °

& .........‘ o 1]
By continuing, you accept our Privacy Policy and

or

Already have an account? Login

Figure 5.4.1 User Registration steps of the application

For each new user registration, users are required to create a new account using unregistered
email address and complete their profile by inputting basic information including gender, age,
weight, and height. Each time user registers a new account, the system will create a new user
document with unique user identifier (uid) in the Firebase Authentication and stores user data
in the Firestore database. Figure 5.4.2 and Figure 5.4.3 below shows the implementation steps

and results in Firebase Authentication and Firestore Database.
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? user = await auth.signupwithEmailAndPassword(email, password);
if (user I=

e.instance.collection( ‘users").doc(user.uid).set(
lastName,
email,
": Fieldva serverTimestamp(),

r?> signUpWithEmailAndPassword (
email,
assword,

= ential credential = await auth.createUserWithEmailAndPassword(
email: email,
password: password,
)i
return credential.user;
h (e

print('Some error oc

Figure 5.4.2 Code snippets of handling new user registration

Q_ search by email address, phone number, or user UID c

Identifier Providers Created | Signed In User UID

lilianaé@gmail.com Sep 18,2025 Sep 18,2025 zrN08oFhRuQBmnpLsCbDggP... |_|:|
e72e9hnU0Eccda... email: ’lilianab@gmail.com”
yirXItusJqzs0q.. firstName: "Lily"
zrNBBoFhRUQBmN... > gender: ‘Female

goal: "maintain weight"

height: "165"

lastName: "Anna’

uid: "zrNO8oFhRuQBmnpLsCbDggPkJr23"

weight: "60" -

Figure 5.4.3 New user document creation in Firebase Authentication and Firestore Database

5.4.1 Model Prediction

Upon successful registration, after users complete their profile by providing their height,

weight, age, and gender, the system immediately invokes the integrated deep learning model

to predict the user’s initial Body Mass Index (BMI) case. This prediction help classify the

user’s body condition into specific BMI categories, such as Severe Thinness, Moderate

Thinness, Mild Thinness, Normal, Overweight, Obese, Severe Obese.
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As shown in Figure 5.4.4, the system dynamically outputs a corresponding goal for the

user:

o If the user’s BMI case is classified as Normal, the system allows the user to freely
select their desired goal, choosing between maintaining weight, gaining weight, or
losing weight based on their personal preference.

e However, if the user’s BMI case falls into underweight categories, the system
automatically sets the goal to gain weight.

e Similarly, if the BMI case is categorized as overweight or obese, the system

automatically sets to goal to lose weight to promote healthier outcomes.

824 o4l 8:26 AN |
8:23 \ N |

Your Body Analysis

Choose Your Goal

Maintain Weight
Stay at your current weight while - &

staying active and healthy.

You are °verweight You are Mild Thinness

° You're slightly overweight. A You'e slightly underweight. We

combination of moderate exercise and recommend gaining weight through a
Great news! Your BMI is in the normal balanced diet can help you achieve a balanced diet rich in proteins and
© range. You can choose any goal that fits healthier weight. healthy fats.

your preference
Based on your body analysis, we've @ Based on your body analysis, we've
@ selected the best goal for you. selected the best goal for you.

Figure 5.4.4 Different outcome for different BMI categories in initial goal setting page.

To implement the BMI prediction in the system, a prediction model in discussed previously
in Chapter 5.3, that has been converted into TensorFlow Lite (.tflite) format has to be ready in
the project’s assets folder. Figure 5.4.5 below shows the steps to invoke a prediction model to
predict user’s BMI category. The implementation works by using the interpreter to interpret
BMI category using user’s height, weight, age, and gender inserted previously in the user

profile completion page. The system will then predict and map user’s predicted BMI category
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modelFile = await _getModelFile(
interpreterOptions = Inte
_interpreter = await Interpreter.fromFile(
modelFile,
options: interpreterOptions,
)s
_modellLoaded =
catch (e

predictionList = outputs[e];

maxIndex = predictionList.indexot
predictionList.reduce((curr, next) => curr > next ? curr : next),
3

predictionResult = _bmiCaseMapping|maxIndex]| ?? “Unk

El
: predictionResult,

Figure 5.4.5 Code snippets of integrating model prediction into the system

A comprehensive explanations and discussions regarding the prediction mechanism,
architecture, and performance of the deep learning model used in this application are provided
in Chapter 6 to provide a clearer understanding of how user data is utilised to generate accurate

Body Mass Index (BMI) category outcomes.

5.5 User Profile

The system features a user profile functionality, which allows users to view and manage their
personal information within the application. The user data will first show in the profile page
by retrieving user data from Firestore Database based on their UID. Users may edit their profile
and save their new profile. Once new profile is saved, the new user data will be updated to the

Firestore Database. Details of implementation are shown in Figure 5.5.1 and Figure 5.5.2.
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7:40 ACLEN 740 [T

< Profile <«

TzeKhee Lam
khee! CIm{g\ngﬂ\ com

Edit Profile

First Name
Account
TzeKhee
. . .
/' Edit Profile > Last Name
Lam
**+ Change Password 2>
Age
22
© Delete Account >
Gender
[ Llog Out N ® Male (O Female
Height
General 50.0
@ support >
@ Terms of Service >

Figure 5.5.1 User profile of the application

Future< N i
if (userId == null

ntent: Text("Your profile has been updated™),
duration: Duration(seconds: 2),

.

Navigator.

Figure 5.5.2 Code snippets of updating new user profile
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5.6 Log Weight

The system provides a log weight feature that enables users to conveniently track their weight
progress over time. On the Home Page, a dedicated “Weight’ section is available where the
user’s most recently logged weight is displayed. This allows users to monitor their latest weight
status at a glance immediately upon launching the application.

Users can access the weight dashboard by clicking on the weight section. Inside the
dashboard, users are able to log a new weight entry. As shown in Figure 5.6.1, a simple and
user-friendly page is provided for users to input their new weight value. After entering and
confirming new weight, the system updates the user’s weight data in the Firestore Database
under their unique user ID (UID). Each time the user updated their new weight, the deep
learning model will predict again user’s new BMI case and update to the Firestore Database.
Once the new weight is successfully saved, the updated weight is immediately reflected on the

Home Page in the weight section.

LI s ARA+E 2578 9@ 257 x®..@
@ < YVgighg Tr?’cker < =
S Log Your Weight
Track your fitness journey by recor

@ September 18, 2025 70.0 kg -0.4kg

weight

*] @
¥4 Consumed 0 keal
70.4kg Need entries rrent Weight Weight Trends w n ~
# Burned O keal

70

Weight Trends w u M
Ask Al

.
save Weight

s
Recent Entries Viewlall >
+ Log Weight 3= Edit Goal

70.0 k
e 0
Recent Entries View Al > '

Figure 5.6.1 Weight dashboard and log weight screen of the application

Today's Meals
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5.7 Edit Goal

The system allows users to edit their goal from the weight dashboard. As shown in Figure 5.7.1,
the user is provided with a page which shows their current goal, and goal editing section.
However, users who currently BMI category prediction falls outside the “normal” range are

not allowed to edit their goal.

8:35 v4n 8:34 v4n
< Edit Goal 14 Edit Goal
Gain weight
Current Goal Select Your Goal
Lose weight
Lose Weight
Select Your Goal
My Focus on calorie deficit and cardio

exercises

Lose Weight
Focus on cadlorie deficit and o ) ) .
cardio exercises Maintain Weight

ﬁé Balance your diet and exercise
routine

Maintain Weight

m Balance your diet and exercise ) )
routine Gain Weight
Focus on calorie surplus and o
strength training
Gain Weight
~ Focus on calorie surplus and
strength training @ ou are Mild Thinness. You are nc

suggested to modify your goa

Figure 5.7.1 Editing goal page of the application

5.8 AI Chatbot

The Al chatbot provides interactive assistance, acting as a health companion for user
throughout the application. The chatbot can be accessed via the homepage, where users are
presented with a conversational interface.

As shown in Figure 5.8.1, users can input free-text questions such as “How to lose weight?”
or “where do you live?”. The system sends the query to the Gemini API, which processes the
request and returns a context-aware response. However, if user’s text questions are not related
to fitness, dietary, or general wellness, the system will response with error message as shown
in Figure 5.8.1. For clearer explanation, Figure 5.8.2 below shows the system instruction that

is given to the Gemini API. The Chatbot should only respond to related topics.
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306 @ % N B, 3002@a%
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Key Principles for Weight Loss
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« caloric Deficit: To lose weight, you
need to burn more calories than you

consume. Aim for a deficit of 5600-750

calories per day to lose o . -
approximately 1-2 pounds per week I'm specialized in fitness and nutrition
advice. Please ask me about workouts,
« Balanced Diet: Focus on whole, exercise routines, diet plans, meal
unprocessed foods. planning, or health-related nutrition
« Proteins: Lean meats, poultry, questions! "T'®

fish, beans, lentils, tofu

« Carbohydrates: Fruits,
vegetables, whole grains (brown
rice, quinoa, oats)

+ Fats: Avocados, nuts, seeds, olive
oil

» Regular Exercise: Incorporate both
cardiovascular exercise (running,
swimming, cycling) and strength
training

* Hydration: Drink plenty of water
throughout the day.

Sampole Meal Plan (Adiust portions based

Figure 5.8.1 AI Chatbot screen of the application

apiKey: _apiKey,
systemInstructio ontent.system('""
You are Fit as ialized fitness and nutrition ant. You ONLY

alized in fitness and nutrition

Figure 5.8.2 System instruction to the Gemini API

5.9 Log Exercise

The log exercise feature enables user to document workouts for calorie burn tracking. On the
workout page, a “Log Exercise” button is provided, redirecting users to a log exercise page
where they can select an exercise and input exercise details including start time and duration.
As shown in Figure 5.9.1 below, users will select an exercise from the exercise list listed on
the log exercise page. The list of exercises is categorised into different exercise categories

including Cardiovascular, Strength Training, HIIT, and Low-Impact Exercise. After choosing
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desired exercise and input exercise duration. The system will calculate the estimated calories

burned from the exercise using e.q (2.3): MET x 3.5 x weight x duration / 200.

To show the list of exercises on the screen, an exercise list data in JSON file format is ready

in the system. As shown in Figure 5.9.2, exercises with MET values are listed under its

corresponding exercise category.

2T a8% - LT, @G 321 s . B G ERSECE T B B, @G
< Log Exercise < Log Exercise
Workout
Exercise Start Time Dancing N
Workout Recommendation All> ariatior
Daily recommendation for you B
© 18/9/2025 at 3:27 PM >
LA Hiking
s e . ©
Exercise Category
Bicycling, 20+ mph Lat pulldown
Strength Training HIT Jump Rope >
ariatior
@ 30 minu & 30 minutes
# 560 keal # 280 keal Select Exercise Type L]
[ Expert [@ Advanced
Cycling N Duration
stior
30 min v
Log Exercise
Dancing N
e Selected Exercise
Recent Workout m Hiking & )
Hiking MET: 6.8 | Calories per hour: 50
= °
K, Push-ups 20 min Estimated Calories Burned
15 September, 9:45PM 93 cal
Jump Rope 5 254 cal
C r 1ET = 3.5 = waight x duration(min))
& Lat pulldown 20 min e
5 September, 9:15AM 197 cal
] [ 4 Duration Log Workout
Workout t
Enter duratior min v

Figure 5.9.1 Log exercise screen of the application

"Strength Training”: |[[|
"name" :

"met™:

"name™ :
"met”: 3.8

"name”: "
"met™:

"name”: "
"met™:

"Push-ups”,

"Pull-ups”,

Figure 5.9.2 Design of exercise list data in JSON file format
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Once user logs the workout, the Firestore stores data in the workout collection with fields

of category, duration, MET, calories burned, and timestamp. The exercise is further used for

exercise history viewing.

5.10 View Workout History

The system also provides a comprehensive workout history page with statistical data, where
users can track all past exercises in chronological order. As shown in Figure 5.10.1, each
workout entry displays details such as exercise name, duration, calories burned, and timestamp.

The history page retrieves records dynamically from Firestore. The interface is designed
with clear filtering options, including filtering by workout categories, or time period. This

allows users to review their progress over specific time periods or view specific data on selected

exercise category.
3:39

<

Workout History

Filter Workouts

o Cardiovascular

Time Period

([ AuTime )  Today

=

Figure 5.10.1 View workout history of the application
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5.11 Workout Recommendation

The system delivers workout recommendations based on the user’s BMI case. As shown in
Figure 5.11.1, when the user navigates to the workout recommendation section, the system will
display a list of exercises that is suitable for their predicted BMI category and goal.

The recommendation works by obtaining the user’s BMI category and goal from the
Firestore, the system will then map user’s BMI category and goal with exercise
recommendation. The details of the exercise recommendation JSON file format design are
shown in Figure 5. 11.2. Once user is mapped with suitable exercise category, the system will
obtain list of suitable exercises from the exercise list shown previously in Figure 5.7.2 and
display all recommended exercises as shown in Figure 5. 11.1. For example, a user with BMI
category of “normal” who wants to “gain weight” will be suggested to do strength training or
low-impact exercise. The system will then display all suitable exercises from strength training

and low-impact exercise category on the screen.

345 £9,..@
& Recommended Exercises

44 recommended exercises found

@ Search exercises.. )
\_ /

Filters Reset
Category
v All cardiovascular strength training
Difficulty
v Al Beginner Intermediate Advar
&5 "
Bicycling, leisurely Bench press
1 trength training
® 257
12 L |
il Int ih A 1
Squats Dips
\gtt .
® m (C] m
A 184 ke # 140 kcal

il Intermediate th Intermediate

Figure 5.11.1 Workout Recommendation of the application
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]

’
mild thinness™: [

gth training, low-impac
g g P

1,

“normal”:

ength training, low-impac

"goal": "maintain
“exercise category scular, strength training”

mgoal”s "
"exercise

1

“over weight”: [

ry": "HIIT, strength training”

Figure 5.11.2 Code snippets on the design of workout recommendation in JSON file format

5.12 Add Meal

The add meal feature allows users to record their daily food intake for nutritional monitoring.
On the dietary homepage, users can access to the add meal page. Where the add meal page
allows user to either add meal from the recipe library or customise their meal, as shown in
Figure 5.12.1.

For the recipe library, it works by obtaining recipes that is predefined and stored as JSON
file in the system. As shown in Figure 5.12.2, each recipe comes with details including recipe
name, preparation time, cooking time, total time, servings, ingredients, directions, calories,
fats, protein, and carbs.

For the meal customisation, it works by allowing user to input the meal name and even the
nutritional values manually. Users are also allowed to use the ‘Al Analyse’ function which will
parse the meal name to the Gemini API. As shown in Figure 5.12.3, the Gemini API will
response with JSON object of calories, protein, fats, and carbs, which is used to reflect on the

custom meal page. The nutritional analysis result is shown in Figure 5.12.4.
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Figure 5.12.3 System instruction to the Gemini API
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5.13 View Dietary History

The dietary history page provides an overview of all logged meals. User can view entries

organised by date, with each entry displaying calories and macronutrient breakdown. As shown

in Figure 5.13.1, user may choose to view dietary statistical data by selecting custom date from

calendar, or to view weekly or monthly statistical data. The dietary data is dynamically

retrieved from the Firestore and sorted by date and mealtime.
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Figure 5.13.1 Dietary history of the application
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5.14 Create Post in Community

The community module allows users to share updates, achievements, and questions with others.
On the Community Page, users can tap on the “+” button on the bottom right corner to draft
new content. As shown in Figure 5.14.1, users may compose text posts and select their desired
channel (general community, fitness enthusiasts, or healthy nutrition) to be posted on. Once
submitted, the post is stored in the community collection under either the generalPosts or
clubPosts in the Firestore. The post is instantly published to the community feed. This feature
enhances the social interaction and creates a supportive environment for users pursuing similar

goals.

gl Nl | D ¢yl = N 2l CED
. X Create Post

Community | TR |

Fitness Enthusiasts © Posting to ) i
General Community

General Community
John Doe
Share your thoughts

T test test

5d ago |

First week using this app and I'm already
feeling more energetic! Anyone else here
just started their journey?

L A& o

N Naky Kim

22d ago

Today | ate 1000kcal

Q3 3

-
Community

Figure 5.14.1 Creating post in the application
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5.15 Interact with Others’ Post in Community

The system allows users to engage with posts by liking or commenting. When a user selects a
post, they are presented with interaction options as shown in Figure 5.15.1. Liking a post
increments the like counter in Firestore (Figure 5.15.2), while commenting adds a new
document under the comments collection of the selected post (Figure 5.15.3). All interactions
are updated in real time, ensuring the post reflects the latest engagement activity. For every
interaction, the system will create a notification document which is used to notify the post

owner on the interaction (Figure 5.15.4).

Comments

celina chua 21d ago
try Caesar salad

John Doe Just now
my favorite is chicken sandwich

Write a comment... e

Figure 5.15.1 Commenting on post in the application
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E wrz2wBuYAdMoluu7BOUb  § I® comments = i E AqlldvmTJoM5mslJGu1C :
+ Start collection + Add document + Start collection
comments > Aq1ldvmTJoM5ms1JGuliC > + Add field
QJ7NsKxuwlfRV7zigCo9 content: "wow!impressive!"
gY8xXCXD1CTBCBGCWPbg i . s +
+ Addfield timestamp: August 26, 2025 at 7:36:41 PM UTC+8
& userId: "yjrXItU5JqZs0qG8rudssuilgJw1”

commentsCount: 3
userName: “celina chua”

content: "Today | ate
1000kcal”
likes
8 "yjrXItusJgZs0qG8rus
1 "8dEyl0gffhcANZOMb:
2 "tNUXsasTkTZv3iSyxS

timestamp: August 26,
2025 at
6:48:00PM
UTC+8

L [ 4
4 »

Figure 5.15.3 Comment document in Firestore
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Figure 5.15.4 Notification document in Firestore
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Chapter 6

System Evaluation and Discussion

6.1 Comparing Overall Performance Between Models

This section presents a comprehensive evaluation and comparison between three trained
predictive models developed for BMI case classification: the Deep Neural Network (DNN)
[20], the U-Net, a Convolutional Neural Network (CNN) architecture [25], and the Random
Forest [14]. The objective was to determine the most effective model that not only achieve high
prediction accuracy but also generalise well to the data, minimizing the risk of overfitting. The
evaluation was conducted using a pre-processed Body Mass Index (BMI) dataset [11] in which
only essential features including height, weight, age, and gender were retained for model input.
This ensures that the models focus exclusively on core features to predict accurate BMI

classifications.

6.1.1 Deep Neural Network (DNN)

The DNN model [20] was designed as the initial baseline for BMI case classification. The
architecture was relatively deep, consisting of three hidden dense layers, progressively
reducing in size to enable hierarchical feature learning. The architecture and training

configuration are as follows:

Table 6.1 Training configuration of DNN

Input layer 4 neurons

Hidden layers First Dense layer: 256 neurons with ReLU activation
Second Dense layer:128 neurons with ReLU activation

Third Dense layer: 64 neurons with ReLU activation

Output layer 7 neurons with Softmax activation for multi-class classification
Optimizer Adam optimizer with a learning rate of 0.001

Loss function Categorical crossentropy

Epochs 150

Batch size 64

86

Bachelor of Computer Science (Honours)
Faculty of Information and Communication Technology (Kampar Campus), UTAR



CHAPTER 6

6.1.2 Convolutional Neural Network (CNN)

The U-Net architecture [25] was adapted in this project to process tabular data by applying 1-

Dimensional (1D) convolutions, allowing efficient feature extraction from the input attributes.

The adapted U-Net CNN architecture consisted of three major components: an encoder, a

bottleneck, and a decoder, followed by a fully connected classification head. The key
components of the model architecture are as follows:
Tabel 6.2 Training configuration of U-Net based CNN
Input Layer Input shape (4,1), treating each feature as a single channel 1D input.
Encoder Path Three encoder blocks, each consisting of:
e 1D convolutional layer (kernel size=2, ReLU activation)
e Batch normalization
e MaxPoolingl D
The number of filters increased progressively (8, 16, 32) across the
encoder blocks to capture more complex features at deeper layers.
Bottleneck A convolutional layer with 64 filters and batch normalization
Decoder Path Three decoder blocks, each consisting of:
e UpSamlinglD
e 1D convolutional layer
e Batch normalization
e Skip connections from corresponding encoder layers to
enhance feature learning
The number of filters decreased symmetrically (32, 16, 8) during
decoding.
Classification e Flattened the output of the final decoder layer
head e Fully connected dense layer with 32 neurons
e Dropout layer (rate = 0.5)
e Output dense layer with 7 neurons using softmax activation
Training e Loss function: categorical crossentropy
configuration e Optimizer: Adam with learning rate of 0.001
Epochs 200
Batch size 64
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6.1.3 Random Forest

The random forest algorithm [14] was implemented in this project as one of the benchmarks
models for BMI category classification. Random Forest is an ensemble learning method that
constructs multiple decision trees during training and outputs the class selected by the majority
of tress [14]. The model training configurations are shown in the table 6.3 below:

Table 6.3 Training configuration for Random Forest Model

Input features Weight, Height, Gender (encoded), Age

Number of tress | BMIcase (with 7 categories: mild thinness, moderate thinness, severe
(n_estimators) thinness, normal, overweight, obese, severe obese)

Train-Test split 80:20

Hyperparameter e RandomizedSearchCV with 50iterations

tuning e 5-fold cross-validation

e scoring=accuracy

Best parameters e n_estimators=351
found e max_depth=25

e max_features=log2

e min_samples_split=8
e min_samples leaf=3

e Dbootstrap=True

optimizer Randomized hyperparameter search across predefined ranges

Random state 42

6.1.4 Model Performance Evaluation
The performance of DNN, U-Net based CNN, and Random Forest are evaluated across various
metrics, including accuracy, precision, recall, and F1-score [34], as summarised in Table 6.4.
These metrics provide a comprehensive view of each model’s performance and allow
comparison between different models.

The accuracy measures the overall proportion of correctly classified samples against the
total number of samples. It is calculated using the Equation (6.1), where TP is the number of
true positives, TN is the number of true negatives, FP is the number of false positives, and FN

is the number of false negatives.

~ TP +TN
ACCUracY =Tp L TN + FP + FN

e.q (6.1)
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Precision focuses on the correctness of positive predictions, representing the proportion of
correctly predicted positive instances among all predicted positives. It is defined using
Equation (6.2), where a higher precision value indicates that the model produces fewer false

positives.
TP

p . . -
recision TP + FP

e.q (6.2)

Recall measures the ability of the model to correctly identify positive instances, expressed
as the ratio of correctly predicted positives to the total actual positives. It is defined using
Equation (6.3), where a higher recall value indicates that the model is effective at capturing

actual positives, with fewer false negatives.
TP

Recall = TP+—F1V

e.q (6.3)

The F1-score provides a harmonic mean between precision and recall, offering a balanced
evaluation when both metrics are important. It is calculated as shown in Equation (6.4). Unlike
accuracy, which only measures overall correctness, the F1-score evaluates how well the model

balances precise predictions with capturing relevant cases.

2 X Precision X Recall

F1— e =
seor Precision + Recall

e.q (6.4)

Table 6.4 Evaluation score of DNN, U-Net based CNN and Random Forest

Metric DNN U-Net CNN Random Forest
Training Accuracy 85.58% 92.85% 95.30%
Validation Accuracy | 88.41% 91.14% 83.35%
Test Accuracy 88.70% 90.36% 85.00%
Precision 88.99% 90.46% 83.80%
Recall 88.70% 90.36% 83.35%
Fl-score 88.71% 90.38% 83.43%
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The Deep Neural Network (DNN) achieved a training accuracy of 85.58%, suggesting a
relatively steady learning process without severe overfitting. Its validation accuracy of 88.41%
and test accuracy of 88.70 indicate strong generalization ability, as the model performed better
on unseen data than during training. This could cause by the effective regularisation and the
model’s capacity to capture the essential structure of the dataset without overfitting to noise.

Furthermore, the DNN demonstrates a precision of 88.99% and recall of 88.70%, resulting
in an Fl-score of 88.71%. These balanced scores confirm that the model is effective at
minimising both false positive and false negatives. However, while the DNN produced stable
results, its overall performance was slightly lower compared to the U-Net based Convolutional
Neural Network (CNN), suggesting that it captured feature in the data less effectively.

The U-Net based CNN outperformed the other models across most metrics. It achieved a
training accuracy of 92.85%, with validation accuracy of 91.14% and test accuracy of 90.36%.
Unlike Random Forest, the gap between training and validation accuracy was relatively small,
indicating strong generalization.

The CNN also produced the highest precision of 90.46%, recall of 90.36% and F1-score of
90.38%, demonstrating its effectiveness in consistently identifying BMI cases while
maintaining predictive correctness. The architecture’s encoder-decoder structure, coupled with
skip connections, likely allowed it to capture both global and local feature patterns from the
input data, which enhanced its predictive performance. Overall, the U-Net CNN established
itself as the most robust and generalisable model in this study, showing an excellent balance
between accuracy and class sensitivity.

The Random Forest model achieved the highest training accuracy at 95.30%, suggesting
that it learned the training dataset extremely well. However, this strong performance raised
concerns about overfitting. The validation accuracy dropped to 83.35%, and the test accuracy
further settled at 85.00%, both significantly lower than the training accuracy. This highlights
the model’s limited ability to generalise to unseen data, a common issue when ensemble models
overfit to specific patterns or noise in the training set.

In terms of other metrics, the Random Forest achieved precision of 83.80%, recall of
83.35%, and F1-score of 83.34%. Despite being acceptable, these results fall below of those of
the DNN and U-Net CNN, suggesting that the Random Forest produced more false positives
and false negatives overall. This suggests that while Random Forest was effective in capturing
relationships within the training data, it struggled to maintain consistency when faced with new
samples.
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To further support the evaluation, proving U-Net CNN achieve better model performance

than the DNN, the training and validation accuracy curves for both DNN and U-Net CNN were

plotted, as shown in Figure 6.1 and Figure 6.2.
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Figure 6.1 Training and validation accuracy curves of DNN model
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Figure 6.2 Training and validation accuracy curves of U-Net CNN model
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In the DNN model (Figure 6.1), the training accuracy showed a steady increase
throughout the epochs. However, the validation accuracy fluctuated significantly, with
irregular sharp drops and recoveries. This instability indicates that the DNN model had
difficulties generalizing to unseen validation data and was prone to slight overfitting, as
reflected by the divergence between training and validation accuracy curves after
approximately 80 epochs.

On the other hand, the U-Net CNN model (Figure 6.2) demonstrated a much smoother and
more stable learning curve. The training and validation accuracies increased simultaneously
with minimal fluctuation and remained closely aligned throughout the training process. This
close alignment suggests that the U-Net-based CNN model generalised well to new data,
reducing the risk of overfitting and ensuring consistent performance.

Overall, these results confirm that the U-Net CNN model demonstrates better
generalization ability, higher predictive performance, and greater robustness compared to the
DNN model.

In summary, among the three models, the U-Net CNN achieved the best balance between
training, validation, and test performance, making it the most reliable model for BMI case
classification. The DNN also performed competitively, showing consistent results across
datasets without significant signs of overfitting. In contrast, the Random Forest, despite its high
training accuracy, showed weaker generalisation, underlining the risks of overfitting in
ensemble methods. The evaluation confirms that deep learning models, particularly the U-Net
based CNN, are most suitable for this dataset, as they leverage feature representation learning

to achieve higher model performance compared to traditional machine learning approaches.

6.2 Model Architecture Analysis
6.2.1 Analysis between DNN and U-Net CNN
Although the DNN model achieved high accuracy during training, its performance was

consistently lower than the U-Net-based CNN model across validation and test datasets.

Lack of Feature Extraction Capability

The DNN model consists of dense layers. While dense layers can model complex non-
linear relationships, they are not specialized for feature extraction. Unlike convolutional layers,
dense layers do not learn spatial or local patterns effectively. In contrast, the U-Net CNN
architecture utilises 1D convolutional layers in the encoder path, which enables the model to
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automatically learn hierarchical and localized features from the input data. As a result, the CNN

is able to capture meaningful patterns that the DNN may overlook. [17]

No Encoding-Decoding Structure in DNN

The U-Net-based CNN employs an encoder-decoder structure with skip connections. This
allows the network to learn more comprehensive structure for accurate classification [35]. On
the other hand, the DNN lacks such an encoding-decoding mechanism and simply stacks dense
layers, which can cause the model to struggle in capturing complex features relationship

necessary for BMI case classification.

Insufficient Depth and Parameter Efficiency

Although the DNN architecture used multiple hidden layers, it was still relatively shallow
compared to the deeper feature extraction performed by the U-Net CNN’s convolutional
blocks. CNN models are parameter-efficient because convolutional layers share weights across
spatial locations, enabling deeper architectures without massive parameter explosion. Dense
layer, however, require independent weights for each connection, learning to less efficient

learning. This makes DNNs more prone to overfitting while training [36].

Overfitting Behaviour

Finally, the training curves in Figure 6.1 showed that the DNN model began to overfit after
approximately 80 epochs, as reflected by the increasing divergence between training and
validation accuracy. This suggests that despite high training performance, the DNN failed to
generalise to new data. In contrast, the U-Net CNN maintained a tight match between training
and validation performance in Figure 6.2, indicating better control over overfitting due to its

regularization and architectural advantages.

Thus, the architectural limitations of DNN have collectively explained why the U-Net-

based CNN model achieved better performance for BMI case classification in this application.
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6.2.2 Analysis between Deep Learning and Machine Learning Models

While deep learning models such as DNN and U-Net CNN leverage layered architectures to
automatically extract and transform features, the Random Forest model follows a
fundamentally different machine learning approach.

Ensemble-Based Feature Splitting

Random Forest is built upon an ensemble of decision trees, where each of the trees trained on
bootstrapped samples with randomised feature subsets. This design reduces variance and
improves robustness, explaining its strong training performance. However, its recursive
splitting process relies on predefined thresholds and does not extract hierarchical feature
interactions as deep learning do. This makes Random Forest effective for structured tabular

data but less capable of learning layered patterns.

Generalisation Challenges

Compared to U-Net CNN, Random Forest struggle to maintain performance across validation
and test sets despite achieving high training accuracy. The absence of architectural mechanisms
such as feature extraction or encoding decoding structure constrained its generalisation ability.
Deep learning models, particularly the U-Net CNN, were able to balance complexity with

efficiency, while Random Forest showed signs of memorising training specific patterns

Overall, machine learning like Random Forest provided strong baseline results, but deep
learning models like U-Net CNN captured more complex feature patterns, making them better

suited for this dataset.
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Chapter 7

Conclusion and Recommendation

7.1 Conclusion

The project has designed, developed, and evaluated a personalised workout and dietary
guidance mobile application that integrates deep learning to predict Body Mass Index (BMI)
cases, recommend workouts and nutrition, and foster community engagement for healthier
lifestyle management. The system was implemented using Flutter as the primary development
framework, Firebase for backend services, and TensorFlow Lite for deploying predictive
models. Additional support was provided through external resources such as the Gemini API
for chatbot interactions and publicly available datasets for nutrition library.

The project successfully achieved its objective by combining several core modules
including user registration and login, weight logging, goal management, meal tracking,
exercise logging and recommendations, and community interaction features. The user of
Firestore collections allows efficient organisation of user-specific data. Meanwhile, the
predictive model for BMI case classification enhances the application’s practical value beyond
simple data logging.

The project has implemented and evaluated three predictive approaches including DNN,
U-Net based CNN, and Random Forest, where the U-Net CNN model achieved the strongest
model performance due to its ability to capture localized feature interactions through
convolutional and skip-connection structures.

With the comprehensive solutions of the system, users will experience not only accurate
BMI category predictions but also meaningful lifestyle support through structured workout
plans, nutritional guidance, and progress monitoring. By providing recommendations and
tracking, the system empowers users to make informed decisions in their daily health routines,
fostering consistency and long-term behavioural changes.

Ultimately, the system is designed to not only as a predictive tool, but as a holistic digital
companion for health management, supporting users in achieving sustainable well-being and

fitness outcomes.
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7.2 Recommendation
Although the project successfully achieved the proposed objectives, but it still remains
opportunities for further enhancement and refinement. The following recommendations are
suggested for future work:
1. Model Improvement and Expansion
While the implemented models performed reasonably well, their robustness could be
improved by training on a larger dataset with broader demographic coverage. This

would increase the generalisability of predictions across diverse user populations.

2. System Features and Functionality
The system may be integrated with smartwatches or fitness trackers, which allow real-
time data collection on steps, heart rate, and calories burned, reducing reliance on

manual inputs.

3. User Experience and Engagement
The system could be expanded with gamification elements by adding achievement
badges, progress streaks, or leaderboards, which could further motivate users to engage

consistently with the application.

4. Technical Enhancements
The system can be further enhanced by introducing offline support for core features,

ensuring that the system remains both adaptive and accessible for a wide range of use.
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<  Dietary History < X Create Post
Community " A
calendar Weekly Monthly

ss| Postingto
General Community m “*  Fitness Enthusiasts g

< September 2025 > . S
Fitness Enthusiasts John Doe
share your thoughts
Monthly Summary J ..lohn e
ad ag
Avg Daily Days Tracked Avg Me Personal record today: Bench pressed 60 kg
na2z2 4 3 for the first time!! &
; A t O 0 D o
rotein ) carb Avg Fa
49
T te“siuﬁost
Monthly Statistics | tried HIIT for the first time today... wow, |

underestimated how tough it is & Any tips
for recovery?

L A Bo

Daily Calories Trend

| 1
Meal Distribution

Breakiast - 4(36%)
Lunch - 3 (27%)
Dinner - 3(27%) Community
snack 1(9%)
¢35 Eal o =il a1 CEB) ¢35 B Ra - =5 il il CRE) ¢35 m e . Fhall il CEE)
&« Notifications H & MyPosts (] & Profile
All W Likes M Comments All Posts (1) By Type John Doe
johndoe@test.com
Naky Kim commented on your .
Fitness Enthusiasts 4dago }
|| post Account
Just now
Personal record today: Bench pressed 60 kg
for the first time!! 122 # Edit Profile 2>
Yo M Tap to view details >
**+ Change Password -2
® Delete Account >
[ Logout >
General
@ support 2>
o Terms of Service —
[ AboutUs >
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Edit Profile

First Name

John

Last Name

Doe
Age
28

Gender

® Male

Height

O Female

180

Save Changes

¢35 B R . G

&  Terms of Service

\J
N
FitFuel Terms of Service

Please read these Terms of Service carefully
before using the FitFuel application. These
terms govern your use of our Al-powered
fitness and dietary guidance system.

1. Acceptance of Terms

2.

435 BN - SRR 5 74 ¢35 B R - SO 5 74

“ Change Password & Delete Account

Current Password

& Enter your current password o A

Danger Zone
New Password

a Enter your nev

Account deletion is permanent and
PNy irreversible

Confirm New Password
B What will be deleted:

o

Confirr ) new passy
Po firm your r pa

e Security Tips

Change Password

« Export your d
Verify Your Identity
o confirm
& Enter your passw o
¢ BN ey ¢ BN . ey
& Support & About Us

>r contact

FITFUEL

red Fitness Companion

Frequently Asked Questions

How do | update my profile? v

a Our Mission
How do | reset my password? v
How do | delete my account? v

How does the Al workout

v
recommendation work?

ng
Can | track my nutrition without G through cutting-edge Al technc
premium?
How do | sync my fitness tracker? v
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APPENDIX 2

POSTER

Data & Modeling System Design Development
. BMI dataset « Flutter « Agile methodology
« Deep Learning « Firebase (Auth& Firestore) (iterative sprints)
» Tensorflow Lite + Gemini API

Metric U-Net CNN Random Forest
Training Accuracy B5.58% 92.85% 95.30%
Validation Accuracy | 88.41% 91.14% 83.35%

Test Accuracy 88.70% 90.36% §5.00%
Precision 88.99% 90.46% 83.80%
Recall 88.70% 90.36% 83.35%
Fl-score 88.71% 90.38% 83.43%

PEPOT S wan P e Pewr

Choose Your Goal <
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