PEOPLE'S DEMOCRATIC REPUBLIC OF ALGERIA

MINISTRY OF HIGHER EDUCATION AND SCIENTIFIC RESEARCH

MOHAMED BOUDIAF UNIVERSITY - M’SILA

7  FACULTY OF MATHEMATICS AND COMPUTER SCIENCE
I “f‘ COMPUTER SCIENCE DEPARTMENT Waa

dluuall - aludgs 2000 daoly
Université Mohamed Boudiaf - Msila

THESIS

Submitted in partial fulfillment of the requirements for the degree of Master

Specialty: Computer Sciences
Option: Artificial intelligence

By: MIHOUBI Hadil
SAOUDI Racha

CALORIE BURN PREDICTION

Publicly defended on:13/06/2023 in front of the jury composed of:

Dr. DEBBI Hichem MBU of M’sila President
Dr. HEMMAK Allaoua MBU of M’sila Supervisor
Dr. CHALABI Nourelhouda MBU of M’sila Examiner

Academic Year: 2022 /2023




ACKNOWLEDGMENT



Dedication

To our dear parents

Al o3 b il 5S5 (f ial € S8 daiall saa oz il U ol o) A gl 5 25 ) 13 a3 sl
Jao ol ey ain Jefy el yd s i dlas ) Ol eal s A JS Tlle el gdlu ol bae 5 0S¢l o Adsaal
"l e

Li)@é}:.u

Acknowledgment

above all, thankful and heartfelt gratitude to god, we thank to express our respect for

Mr. HEMMAK Allaoua guidance.

we would like to thank our parents and siblings who have supported us during this

academic journey and our entire lives.

and our friends for their invaluable assistance, continuing encouragement. We thank
jury members for the honor they have given us by agreeing to evaluate and judge this

humble act.



TABLE OF CONTENTS

General INTFOAUCTION ......cccuiiiiiiiiicicee et st b e s bt e sre e 9
CHAPTER ettt ettt et bt e st esa b e s bt e e sabe e e sabe e e bt e e sabeeesabeeesabeeeanneenas 10
CALORIE BURN SYSTEM...ciiiitiiiiiitteete ettt sttt ettt sbe e st e s it e sabe e e sbee e sabeeeaneeenas 10
INEFOTUCTION ..ttt s b et sttt e b e st b e bt e esneeanens 11

I U1 o 1= 3 =Yg o [ Vo =1 [0 TSP 11

2. Calorie and energy DAIANCE .........oocvei et aaeas 11

3. Factors affecting Calorie DUIN ..........oooiii it s 12

4. Basal MetaboliC RALE.......c..cociiriiiiiiieie et 13

4.1 Calculating daily Calorie DUIN ..........oooiiiieceec e 14

TR = 101 1T o JoF= (o o 1= PSS 15

51  How to measure calorie DUIMMEd..........ccciriiiiiiiiiiice s 15

5.2  Calories burned in physical @CtIVILY .........c.cccoviiiiiiiiiie e 16

5.3  The calories burned in typical WOrKOUL ...........coooveiiiiiiiiiicee e 16

5.4  Workout that burn the MOSt CAlOFIES .......c.eeouiriiiiiicec e 17

6.  Activity tracker and fitNESS APPS......ccccveeiiiee et e e et st e e sre e et e e sba e e sreeeaaeas 17

7. Benefits 0f DUINING CAlOFIES........oiiiiie e et 18

S VAV £ |V (o} o 10 g gl o= (0] g TSP 18
(O70] 0 10] 111 [0 o FR TP U USSP U PRPROPPTTRRRUPURPOON 19
CHAPTER T .ttt e et e e e s bt e e s bttt e s e bt e e e s smbe e e e saabeeeeeaanreeeeaans 16
MACHINE LEARNING ...ttt ettt ettt e sttt e e s st e e s abbe e e e s mreeeesnbees 16
INEFOTUCTION: ...ttt b et b et s b et she et e s ae e bt s bt e bt e ane s bt eneenneennens 21

1. MACHINE LEARNING .....ooieie ettt ettt ettt e s s e e s 21

2.1, DEIINITION. ...ttt bbbttt 21

2. Types of MAChiNg LEAINING ......ccueiiiei ittt ettt st st e et e e ebr e e s beeesareeeneeas 22

TN U o =T VA 17T N 1= - g o] [ oo RS 22

3.1.1. R0 =253 (0] o USSP 23

3.1.2. (O P13 1 [or= 1 [ ] TR ORRPPPPT 24



3.1.3. FOMBCASTING ...ttt sttt st sae e st e bt e san e e s e saeenaneens 24

3.2, UNSUPEIVISEd 1EAIMING ....oouiiiiiiiiieieeiee ettt sttt st sbeesaeesneens 25

K T O O 1115 (=1 [ o OO TP PPOPRTPPPOPPON 26

3.2.2. AASSOCIALION ...ttt ettt ettt et h e sttt et h e et 26

3.3, Semi-SUPEIVISEd EAIMING .....cc.eiiiiiieiitieriteee ettt sttt st sb e saeesaneens 27

3.4, Reinforcement IEAINING ......cooeiiiiiiieiieriee ettt ettt e sb e e e ens 27

3. Machine Learning algorithmsS ...........oooiiiiiiiiiieieeeeee et 28

O I 1o To Y- T T TS1S] o] o S 28

4.2, Support Victor Maching (SVM)......uee ittt ettt snaee e 29

VT (€110 1@ R I 2 -To | =11:] (o] o SR 30

A4, NAIVE DAYES.....eeiciieeeiee ettt e e e e st e ettt e st e e sebe e e ssteeesaeesaseeesnteeesseesnseeeanteeennseeennes 30

4.5, RANAOM TOFEST.. ..ottt e et 31

4.6, DECISION TR ....ceiiuiiiieieett ettt e b e sb e bt e s 32
CONCIUSTON ...ttt b et b et b e et s bt e b s bt et sbe e bt sbe e bt eanesbeennens 33
CHAPTER T oottt ettt ettt e sa e e bt e e sabe e e sabe e e bt e e sabeeesabeeesabeeeanreeeas 29
STATE OF THE ART ettt ettt ettt st e sa et e bt e e s bt e e sttt e sab e e sbbeesbeeesabeeeabeeenas 29
INEFOTUCTION ..ttt sb et b bt st e b st be e bt e e sneennen 35

1. REIBEEA WOTK ...ttt b et sb e sb e s 35

2. Calorie CAICUIALON .......cc.eiiiiiiiie et 36
CHAPTER TV ettt ettt et bt e st e sa bt e e bt e e sabt e e sabe e e eab e e sabeeesabeeesabeeeaneeeeas 39
DESIGN METHODOLOGY ....coiiiiieiite ettt ettt ettt ettt sttt e bt e e st e e sabe e sbe e e sabe e e sabeesbteesabeeesabeesaneeas 39
INEFOTUCTION ...ttt b et b et s b et b e s bt et sb et saee b e 39
1. ProbIematiCal..........ooiiiiiiiii et 39

P Y, [=1 1 oo (o] (o1 | VAR (=T PSSR 39

3. Build maching 1earning MOGEL...........oooiiiiiiiiiiee e e e e 40

L AN o) o I To%=td o) g W g (oTo [=1 [T 0T AT 42
CONCIUSTON ...ttt b bbbt h e bt e st b e et s bt et nb e et e sbe e bt ebe e bt eanenbeennens 44
CHAPTER V ettt ettt ettt e e st e e e s b bt e e s ab b et e s eabb e e e s smbeeeesnbeeeesanreeeeaans 34
IMPLEMENTATION & RESULTS ..ottt ettt ettt e st e e s ee e 34
INEFOTUCTION ..t b et b et b et sh et sae et s bt et s ae e besaeenneennen 46

1. ANAcoNda eNVIFONMENT .....c..oouiiiiiiiiiieiteteet ettt ettt b et b e bt et sbeenesaeenees 46

110 DEIINMITION. c.ciitiiieete et s b ettt ettt ettt e nneenne 46

2. PYLNON TANQUAGE ...ccvvieeiieeciee ettt ettt et e e st e e st e e e tb e e saba e e sabeeesaeesabaeesabeeesareesnseeas 47

2.1 DEIINITION. ..ottt 47

A =1 T 011 (0] YRR 47

P20 T 1011 = | g To e V21 Vo o PR 47



2.4, JUPYLEE NOTEDOOK ......eeiiiiieeie e 48

2.5, PYtNON TIDFAIIES. ..c..eiiiiiieeee et sne e 48
25.1. UMDY -ttt sttt e e st e st e sa e s bt e e sab et e sareessneesabeeesareesnneenan 48

25.2. PANGAS ... ettt nareea 48

25.3. MAEPIOTID ... st 48

254, SEADOIN ..ttt e e sttt et 49

2.5.5.  SCIKIT-TBAIN ..ot 49

2.5.6. REGUEST ...ttt s sttt e e s sttt e e e ssabte e e s satbaee s srabeeeesanbeeesennees 49

2.5.7.  TeNSOMIOW. ....eiuiiiiiiiiiieitc et 49

2.5.8. KIS .. 49

2.8, FIASK e 49

2.7, FIUBEEE .ot st 50

Bi DALASEL ... e e 50
3L, DAA SOUICE....coiiiiiiiciie ettt s 50

4. Machine [earning MOAeIlING .........cooveiiiii it 55
o T Ofo] | 1= ot Vo [ = L U P 55

4.2, Data Pre-PrOCESSING ....ccioveeeireeeiteeeiteeeitreesteeesteeestaeesteeeseseessaeesbeeesreesssseesseeesnsesesssesennns 55

T D - - =T T 1)V 1SR 55

4.4, Machine [earning MOAEl .........cccuoiiiiii oo e 55

4.5, EVAIUALION ..ottt 56

B RESUIT ..ttt 56
(AN o o] [oF AT g T =] - (oL RS 58
TS w1 £ o - o[- TSRS 58

TS - Tolo ] o To o - o[- TSR 59
6.2.1. =0 T o o T Vo[- TP 60

I A 1o - Yol T I 1Y o Lo [ ISR 62
CONCIUSTON ...ttt b bbbt h e bt e st b e et s bt et nb e et e sbe e bt ebe e bt eanenbeennens 63
GENERAL CONCLUSION ...ttt ettt sttt ettt e sttt e e s st e e e s aabee e e s snreeeenans 53
BIBIOGRAPHY ettt et e s sttt e e st e e s e bt e e e s ab et e e s bbeeeesnreeeesanbees 65

AN o] 1 = (o1 1 70



LIST OF FIGURES

Figure 1.1 iENergy DAIANCE. ......c.eoiiiiieeeee et sttt 12
Figure 1.2 :BMR TOTMUIBS ......coiuiiiiiiiieieieee ettt st et st e st e naee e 15
Figure 2.1 : Machine learning general SChEME.........ooivii e 22
Figure 2.2 : Maching LEarNiNg tYPES ......veeevereiieeeieeesieeertee sttt e seteesereesnteeessseessaeessseeesssesssseesssesssnsessnsees 22
Figure 2.3 : SUPEIVISEA LEAINING ...veeevviieiieeeiieeeieeesiee ettt eeteeeseteessaeessbeeesateeessaeessseeesssessnsseesnseeesnsessnseens 23
Figure 2.4 : UNSUPErVISEd I€AINING.........eiiiiieeiieeiieeerteeesteeeieeeseteesteesteeesteeeeaeessteeessseesnnseessseeesnseseseens 26
Figure 2.5 : Semi-SUPEIVISEA LEAINING ....cccviieiieeeieeesteeerttee ettt e seteeste e st e e sveeseaeeenteeessteeesseesnseessnsesensnens 27
Figure 2.6 : ReiNfOrcement LEAIMNING........ccciiiiiieeiiee e sieeerteeetee st eeteeste e e sveeeeaeesnteeesnseessnseesnseessnsesennsens 28
Figure 2.7 : Linear regresSion EXAMPIE.........coociieiiiieiiie ettt re e s eae e e te e e st eeesseeenteeesnreeennneas 29
Figure 2.8 : Principle of the SYm algorithim ...........cuoiiiiiiiiie et 30
Figure 2.9 : Principle of XghooSt algorithm ...........c.oeoiiii i e 30
Figure 2.10 : NaIVe DAYES CIaSSITIEN .......eiiiiiieiie e et eeaeeas 31
Figure 2.11 : Random FOrest PrinCiPIe L......coocueieiieieciee ettt et e e e e sre e e snreeeneaeas 32
Figure 2.12 : PrinCiple Of ABCISION TrBE .......vii ittt ettt e e rae e s re e e sareeennneas 33
Figure 3.1 : Calories CAlCUIALON..........cocieieciee ettt e e e seb e e ers e e entaeesareeennneas 37
Figure 3.2 : Calories CAICUIALON 2........cc.viiiiiiecieecee sttt e et e e st e et e e sta e e setaeesnreeennneas 38
Figure 4.1: MethOdOIgY STEPS ....vvveeeieeciie ettt sttt ettt e st e e e e sbe e e s b e e e eaeesabeeessbeesnsseesnseeesnresannneas 40
FIQUIPE 4.2: WOTK FIOW......eiiieiiieciiee ettt ettt et e st e e st e e s ab e e s aba e e s st eeesnteeensaeesntaeesnreeannneas 40
Figure 4.3: USES CASE QHAGIAIM .....ccveieiieeeiieeeiie e st e e stee et eesteeeseveestaeessbeeesaseeesaeesaseeessseesnsseesnsaeesnsesannnens 43
Figure 4.4: FIOW Chart diQIam ........coccveiiiiiieiiee ettt e st e st e e veeetae e st e e e sabeesnseesntaeesnreeennneas 44
o[0T D L =) SRR 51
o [8] CeRoT A C =T oo T o] o] A RS UTSS 52
o[0T (Y T=r: T g I Vo RSP 52
Figure 5.4: MEaN NBIGNT........oi et e ettt e et e e e ta e e st e e e snteeesaeesntaeesareesnneeas 53
Figure 5.5: MEAN WEIGNT ........ooeiee et e ettt e e st e e e ba e e st e e e snteeesaeesnteeesareesnneeas 54
o[0T R O] 1 =1 -1 { o] DRSSP 54
Figure 5.7: Correlation Of attriDULE ..........oooiiiieece e et st e e 55
FIgure 5.8: Data fTrAIME .....cocuiiieiiee ettt et s e e et e e s abe e e s abeeebaeesabeeesateeensbeesntaeesnreeenseeas 56
Figure 5.9: Gender data CONVEISION ..........ccviiiiiieeiieeecreeeereeeteeestveesstreesteeesabeeebaeesabeeessseessseesnresesaresenneeas 57
Figure 5.10: SPItting Of 0ala.......ccocvieiiiiecee et et e e st e st e e eab e e sbe e e snteeenaaeas 57
Figure 5.11: Training Of 0ala........ccccveiiiiiiiieccce et re e e tr e st e e e sar e e stb e e eabeeesnreeennneas 57
Figure 5.12: PrediCtion 0N teSt AALA .........ccciiieiieeciec ettt e te e et e e eba e e sabee e sabeeennaeas 58
Figure 5.13: Mean absolute error aNd ACCUNACY ........uieireeeireeerreeeiteeeitreesteeesreeestreesbeeesateeensseesteeesaresansneas 58
Figure 5.14: PrediCtive SYSTEIM .....ccvii ettt ettt s e et e e s te e e st e e ebae e sabeeesabeeenbaeeentaeesateeenneeas 58
Figure 5.15: WEICOMING PAGE ....veeeieeeeiiee ettt ettt ettt e et e et e e st e e et e e sbe e e s ateeebaeesabeeesabeeensseesnteeesareeenseeas 59
FIQUIPE 5.16: HOME PAGE ...ecutieeitiee et ettt ettt e et e e stte e et e e st e e e st be e e tbeesabeeesabeeenbaeesabeeesatesasseesnteeesaresaseens 59
Figure 5.17: Calories CAICUIALOL .........cccueiiiuiieeiie ettt te e e eta e e st e e et e e ebaeeebaeesateeennneas 61
FIQUIe 5.18: RESUIL PAGE ..o eeeeeeiee ettt ettt ettt ettt e st e st e st e e st e e e aeeesateeesnseeenteesnseeeanseeennens 61
FIgure 5.19: COACNES LIST .....eeiiuiieiiieeeiee ettt ettt et e st e e st e e st e e et e e sabeeesnteeenteesmseeesnseeenneeas 62

FIgure 5.20: CONTACT US PAGE ... vttt eeeeeeiieeeeitteettee ettt e ettt e ettt eebeeesateesttee s bteesateeeseeesabeeesnseesnseesnseeeanseeeneens 63



GENERAL INTRODUCTION



GENERAL INTRODUCTION

General Introduction

Today, technology has become one of the most important areas of human life. It plays a major role

to determine the future especially artificial intelligence.

Artificial Intelligence (Al) is one of the most important technologies of our time. Al is a field of
computer science that focuses on the creation of intelligence machines that can perform tasks that
would typically require human intelligence, such as visual perception, speech recognition. Al systems
are designed to learn and improve overtime, using algorithms that enable them to recognize patterns
in data, make predictions, and take actions based on their analysis, these systems rely on techniques
such as machine learning, deep learning, and natural language processing to simulate human

intelligence and perform complex tasks.

Machine Learning (ML) is a subset of Al that involves training algorithms to recognize patterns
in data and make predictions based on that data, it is a way of enabling machines to learn and improve
over time without being explicitly programmed to do so ML algorithms are used in a wide variety of
applications such as image recognition, speech recognition natural language processing, and

predictive modeling.

The main idea in this project is all about apply our machine learning models in order to find out
how many calories each individual will burn by gathering the right dataset. Pre-processing of the
records needs to be done before the statistics feeding operation after that data analysis is completed.
Then by using some visualization techniques the data arranged as graphs and plots, we use XGBoost

regressor as machine learning model.
Hence, this document is divided into five chapters

In the first chapter we described briefly the field of the burned calorie and its factors.

In the second chapter we provide a definition of artificial intelligence and machine learning that’s
also its types and algorithms.

The third chapter consists to present the state of the art and related work to the same subject.

The fourth chapter we talk about the methodology and design of our project.

In the last chapter we describe the design and the implementation of our application then we dress
some comments, discussions and deductions.
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CHAPTER I — CALORIE BURN SYSTEM

Introduction

The human body needs calorie to survive, without energy he would die, people absorb this energy
from food and drink.
If people consumed only the number of calorie needed every day, they would probably have healthy
lives. Calorie consumption that is too low or too high will eventually lead to health problems. And

that’s why the human body needs to burn calorie, and this what we are going to explain in this chapter.
1. Understanding calories

The amount of energy in an item of food or drink is measured in calories. When we eat and drink
more calorie than we use up. Our bodies store the excess as body fat, if this continues, over time we

may put on weight. [1]

A calorie is a measure of energy expenditure and stored energy. The calories referred to in diet
(calories eaten) and exercise (calories burned) are kilocalories. [2]A calorie is the amount of energy
that is needed to raise 1 gram (g) of water by 1°C. this measurement can be applied to lots of different
energy releasing mechanisms outside of the human body, for the human body calorie are a measure

of how much energy the body needs to function [3]

As a guide, an average man needs around 2.500kcal (10.500kj) a day to maintain a healthy body
weight. For average woman, that figure is around 2.000kcal (8.400kj) a day. [1]

2. Calorie and energy balance

Our bodies need energy to keep us alive and our organs functioning normally. When we eat and
drink, we put energy into our bodies, our bodies use up that energy through everyday movement,
which includes everything from breathing to running. to maintain a stable weight, the energy we put
into our bodies must be the same as the energy we use through normal bodily functions and physical

activity.

An important part of a healthy diet is balancing the energy we put into our bodies with the energy
we use. For example, the more physical activity we do, the more energy we use. if we consume too

much energy on 1 day, we just try to take in less energy on the following days. [1]

11



CHAPTER I — CALORIE BURN SYSTEM

Energy is another word for "calories". Our energy balance is the balance of calorie consumed
through eating and drinking compared to calorie burned through physical activity. What we eat and
drink is ENERGY IN. What we burn through physical activity is ENERGY OUT.

We burn a certain number of calorie just by breathing air and digesting food. We also burn a certain
number of calorie (ENERGY OUT) through our daily routine.

An important part of maintaining energy balance is the amount of ENERGY OUT (physical
activity) that we do. People who are more physically active burn more calorie than those who are not

as physically active.

The same amount of ENERGY IN (calories consumed) and ENERGY OUT

(calories burned) over time = weight stays the same

More IN than OUT over time = weight gain

More OUT than IN over time = weight loss [4]

This figure explains how to get energy balance by the calories consumed and calories burned (as

shown in figurel.1)

S I - \ABALANCE

Calories Calories
Consumed Burned

'l'“ Malntenance""'

Calories
Burned

Cal
alories \‘

Consumed Ga\“

ea
‘\\\\\)\l

Calories

Consumed "
Calories

lllll%i};;: ed

(U3t 1N BARBELL |

Figure 1.1 Energy balance [5]

3. Factors affecting calorie burn

Many factors how many calorie a person burns each day, some of the factors that influence daily

calorie burn are not is a person’s control while others can be changed these factors include: [3]
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CHAPTER I — CALORIE BURN SYSTEM

e Age: the older person is the fewer calorie burned per day.

e Sex: men burn more calorie than women.

e Amount of daily activity: those who move more, burn more calories.

e Body composition: those with more muscle burn more calorie than those who have less muscle.
e Body size: larger people burn more calorie than smaller people, even at rest.

e The mogenesis: this the amount of energy the body uses to break down food.

e Pregnancy: pregnant woman burns more calorie than non-pregnant women.

e Breast-feeding: women who are breast-feeding also burn extra calories.

4. Basal Metabolic Rate

It is essential for the body to use energy continuously for maintenance and to function correctly.
Although the body burns some of its calorie through physical activity, basal metabolism accounts for
around 80% of energy expenditure.

Basal metabolism refers to all of the processes that keep the body alive, functioning, and healthy,

these include:

* Breathing.

* Blood circulation.

* Cellular growth and repair.
* Brain and nerve function.

 Temperature control.

These metabolic processes require a constant supply of energy, so the body is always burning
calories, even when a person is resting or sleeping.
BMR is the number of calorie that the body burns every 24 hours due to basal metabolism.
Essentially, it is how many calories a person would use in day if they just rested and did no physical
activity.

Many different factors affect BMR including age, body, sex, and genetics, for this reason,
everyone’s BMR is different. [3]

13



CHAPTER I — CALORIE BURN SYSTEM

4.1 Calculating daily calorie burn

Being able to work out how many calories are burned each day is essential to any person looking
to maintain, lose or gain weight. Knowing what factors contribute to calorie burning can help a person
alter their diet or exercise program to accommodate the goal. An accepted method to calculate how

many calories a person burns each day is the harris-bendict formula.

Originally developed in the early 20th century, it was revamped in 1984 and again in 1990 to help
improve its accuracy. The Harris-benedict formula is a relatively simple process in which a person
multiplies their basal metabolic (BMR) by their average daily activity level.

BMR is the number of calorie a person burns by simply existing. BMR varies based on age, sex,
size, and genetics, to calculate BMR, a person uses inches for height, pounds for weight, and years
for age in the following formulas:

* For men: 66+(6.2*weight) +(12.7*height) -(6.76*age). (1)

 For women: 655.1+(4.35*weight) +(4.7*height) -(4.7*age). (2)

The result of the BMR calculation are then used to multiply against the average daily activity of the

person. Points are awarded based on how active a person is.
Points for activity levels are as follows:

* 1.2 points for a person who does little to no exercise.

« 1.37 points for a slightly active person who does light exercise 1-3 days a week.

* 1.55 points for a moderately active person who performs moderate exercise 3-5 days a week.

* 1.725 points for a very active person who exercise hard 6-7 days a week.

* 1.9 points for an extra active person who either has a physically demanding job or has a particularly

challenging exercise routine.

When the BMR is calculated and the activities points are determined, the two scores are multiplied.
The total is the number of calorie burned on an average day. For example, to calculate how many
calorie a 37-year-old, foot-tall, and 170-pound man who is moderately active burns, the formula
would look like:

(66+(6.2*170) +(12.7*72) -(6.76*37)) *1.55=2.766 calorie/ day. (1)

14



CHAPTER | - CALORIE BURN SYSTEM

This figure activity shows that a man of this age, height, weight, and activity level can consume 2.766
calorie and maintain his current weight, he could increase or decrease weight by consuming more or
less than this amount over the course of serval days [3]

This figure presents the BMR formulas for men and women (as shown in figurel.2).

BMR FORMULAS

(10 x weight [kg])
BMR = + (6.25 x height [cm])
- (5 x age [yrs]) + 5

MEN

(10 x weight [kg])
BMR = +(6.25 x height [cm])
- (5 x age [yrs]) - 161

WOMEN
H

www.inchcalculator.com

Figure 1.2 BMR formulas [6]
5. Burning calories

The amount of calorie that people uses by doing a certain physical activity varies, depending on a

range of factors, including size and age.

The more vigorously on activity, the more calorie use. For example, fast walking will burn more
calorie than walking at a moderate pace. If the person wants gain weight, it could mean regularly eat

and drink more calorie than before.

To lose weight, need to use more energy than consume it, and continue this over a period of time.

The best approach is to combine diet changes with increased physical activity. [1]
5.1 How to measure calorie burned

If we looking for a means to acutely measure the number of calorie we just burned from a workout,

unfortunately, it’s challenging to get an exact number. "Generally, finding an accurate caloric burn

15
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from a specific workout is incredibly tough,"” says Miriam Fried, Founder and Head Trainer at MF

Strong.

"The caloric metrics you might find on a machine at the gym are just estimations based on average
body weight, so it won’t be near accurate for most users. Even most studies on popular wearables

currently on the market showed none were able to accurately track your caloric expenditure.” [7]

That doesn’t mean it’s not worth tracking, though. “It’s hard to measure the exact number of
calories burned in a given workout, but many resources are available to provide close estimations,”

Froerer says. These include:
e Heart Rate Monitor

If you want to go a bit older school, invest in a heart rate monitor. “Your heart rate is one of the
best physiological factors to determine how much effort it takes in order to perform a certain activity,”
Froerer says [8]* “Heart rate sensors are able to pick up this biological feedback and can then be used
to calculate caloric expenditure.” Of course, now most fitness trackers have built-in heart rate

monitors—but you can get a separate heart rate monitor to use while exercising if you wish.
e MET Value Charts

If you really want to level up and do a deep dive into calorie counts, look into MET, or metabolic
equivalent charts. "These show a ratio of your working metabolic rate in relation to your resting
metabolic rate,” Froerer explains. [9]."Metabolic rate is the rate of energy expended per unit of time
and a good way to estimate how many calories are burned during a specific physical activity. » One

MET is the energy you spend sitting at rest, or your resting or basal metabolic rate.
5.2 Calories burned in physical activity

Physical activity burns calorie beyond the basal metabolic rate, the muscles use both readily
available and stored energy sources in the body. The exercise calorie burned during cardiovascular
activities such as walking, running, swimming, and cycling depend on the intensity of the exercise,
the body weight, and the amount of time spending at exercise. Moderate-intensity exercises such as

brisk walking burn fewer calorie per minute than more vigorous-intensity exercises such as running.

[2]

5.3 The calories burned in typical workout
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Calorie counts for exercise and activity will vary from person, age, sex, body type, and size

influence how many calories an individual will burn doing a physical activity.

In general, more intense or strenuous activity will burn more calorie than lighter effort exercise.
It’s difficult to list out how many calorie each and every person would burn in single workout, froerer
says the numbers below are the average calorie burned by a 150- pound woman in a 30- or 60- minute
workout [10]

e 60 minutes HIIT: 800 calories.

e 60 minutes of running: 600 calories (10:00/ miles pace).
e 60 minutes boxing:560 calories.

e 60 minutes weight training: 450 calories.

e 60 minutes Pilates: 300 calories.

e 60 minutes yoga: 240 calories.

e 60 minutes of barre: 220 calories.

e 30 minutes HIIT: 400 calories.

e 30 minutes of running: 300 calories (10:00/mile pace).
e 30 minutes boxing: 280 calories.

e 30 minutes weight training: 220 calories.

e 30 minutes Pilates: 150 calories.

e 30 minutes yoga: 120 calories.

e 30 minutes of barre: 110 calories.

5.4 Workout that burn the most calories

HIIT workout and aerobic exercise like running, rowing, and cycling and strength training, either
“the more focus on total body exercise, the more muscle recruitment, resulting in more calorie
burned” froerer says. “HIIT workout are a quick and efficient way to burn calorie and boost

metabolism while continuing to burn calorie through the day . [11]
6. Activity tracker and fitness apps

While not exact, apple watch or Fitbit give a pretty good idea of how workouts are going. “the
software behind these devices combines many factors such as age, sex, weight, workout duration, and

heart rate to provide estimate, “foerer says.” Because each wearable or app will give you a different

17



CHAPTER I — CALORIE BURN SYSTEM

estimated calorie burn, 1 would recommend finding the one you like the most and sticking with the

numbers it gives to you”. [10]
7. Benefits of burning calories

Health is much more important than wealth, once the person decide to work on his health, it will
achieve wonders, burning calorie will not only keep it healthy, but also ensures that the body remain
active throughout the day, burning calorie eventually means losing extra weight, and it has various

health advantages, following the benefits of burning those extra calories that the body didn’t need.

e It ensures the blood vessels stay healthier and lower the risk of cardiovascular diseases.
e It protects the body from the illnesses like diabetes and helps to control the condition if it already
have.

e It improves the mood and lowers the stress and feeling of anxiety. [12]

7.1 Ways to burn calories
Below are the ways to burn calorie and take care of your overall health-

* Regular exercise- One of the most effective ways to burn calorie is doing regular exercise. When
you exercise diligently, your body starts to burn calorie to fuel your activity. The effect of exercise
lasts for a long time, and that's how you keep burning calorie even when you stop exercising. Experts
suggest, if you wish to have a prolonged calorie-burning effect, exercise for more extended periods.

« Strength training- AS you age, opting for strength training becomes more critical as your
metabolism tends to slow down. Doing strength training for a couple of days a week will ensure

the calorie-burning deposited in the thighs, abdomen and other areas.

 Consume caffeinated teas- Consuming hot caffeinated green and black teas ensures stimulation
in your body. Stimulants tend to calorie makes you feel energetic as well. It also results in metabolic
changes and that lead to burning more calories. Having a zero-calorie cup of tea will also reduce the
number of calorie you take in a sweetened beverage and reduce your cravings.

« Eat in proportions- Eating smaller meals help you digest all the nutrients nicely and keeps your
digestion healthy. Calories make human digestion active; hence, smaller meals you consume
throughout the day help burn calorie faster. Experts suggest eating large meals does no good to our
health compared to smaller meals as it encourages you to burn your calorie

even better.
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* Don't skip breakfast- Experts suggest that skipping breakfast is one of the unhealthiest practices
starting your day. You tend to eat more throughout the day if you don't eat your breakfast and consume
more calorie end of the day.

* Fidget as much as possible- If you can't spare yourself time to work out, ensure that you move
your body as much as you can. Even restless walking in routine can help you burn calories. Fidgeting
after meals would ensure you feel light and active throughout the day. [12]

Conclusion

In this chapter, we have provided a comprehensive overview of calories, what they are, how they
are burned, how to calculate them, and the factors that influence them. Additionally, we have
highlighted the numerous benefits of burning calorie and have presented various ways to do so. By
understanding the science behind calorie and how to burn them, we can make informed decisions

about our diet and exercise habits, ultimately leading to a healthier and happier lifestyle.
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Introduction:

When it comes to Al it’s impossible to ignore the importance of machine learning. In this chapter,
we will provide a comprehensive overview of intelligence artificial, machine learning, beginning with
definitions and concepts that are essential to understanding this field. We will then delve into the

various algorithms that are used in machine learning, exploring their different types.
INTELLIGENCE ARTIFICIAL

Artificial intelligence is an increasingly important technology that enable computers to simulate
human intelligence-based tasks. With a robust foundation of software. It works by building and
training algorithms using programming languages like python, R, and more. Once you have an
algorithm, the next step is to in gest training data in the model, analyze it, and find patterns/
abnormalities to forecast future states, there are many learning materials on artificial intelligence and
related technologies. However, not all of those materials credibly explain Al concepts and

applications. [13]

1. MACHINE LEARNING
2.1.  Definition

Machine Learning is a subset of Artificial Intelligence that uses statistical learning algorithms to
build systems that have the ability to automatically learn and improve from experiences without being
explicitly programmed. Most of us use machine learning in our day-to-day life when we use services
like recommendation systems on Netflix, YouTube, Spotify; search engines like google and yahoo;
voice assistants like google home and amazon Alexa. In Machine Learning we train the algorithm by

providing it with a lot of data and allowing it to learn more about the processed information. [14]

Or we can say Machine learning is to predict the future based on the past. For example, we can
predict how user Omar will choose a movie he hasn't seen yet, based on his reviews of films he has
seen (the passive) So, predicting the future based on the past (a set of examples) is at the heart of all

the algorithms of machine learning. [15]

This figure represents the general scheme of machine learning process (as shown in figure2.1).
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Problem
Computer
Non structured data Machine Learning Problem
about what must be done Algorithm N Solver
Solution

Figure 2.1 : Machine learning general scheme [16]
2. Types of machine Learning

There are four types of machine learning (as shown in figure2.2):

TYPES OF
MACHINE LEARNING

Supervised Unsupervised Semi-Supervised Reinforcement
Machine Learning Machine Learning Learning Learning

Figure 2.2 : Machine Learning types [17]

3.1.  Supervised learning

In supervised learning, the machine is taught by example. The operator provides the machine

learning algorithm with a known dataset that includes desired inputs and outputs, and the algorithm

must find a method to determine how to arrive at those inputs and outputs. While the operator
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knows the correct answers to the problem, the algorithm identifies patterns in data, learns from
observations and makes predictions. The algorithm makes predictions and is corrected by the
operator — and this process continues until the algorithm achieves a high level of
accuracy/performance. [18]

This figure explains how supervised learning process work (as shown in figure2.3).

Supervised Learning

Supervisor

Input Raw Data Output
Training Desired
Data set Output _
L e e SN
une ()
o 2 50 QL (
- * -
. = ... ¢ ! 0
..
o ..: e v P o O
®e A%
¢ < L J [ J ) \
e . \ )
Algorithm Processing '

Figure 2.3 : Supervised Learning [19]

3.1.1. Regression

Regression is a method for understanding the relationship between independent variables or
features and a dependent variable or outcome. Outcomes can then be predicted once the relationship
between independent and dependent variables has been estimated. Regression is a field of study in
statistics which forms a key part of forecast models in machine learning. It’s used as an approach to
predict continuous outcomes in predictive modelling, so has utility in forecasting and predicting
outcomes from data. Machine learning regression generally involves plotting a line of best fit through
the data points. [20] The distance between each point and the line is minimized to achieve the best fit

line. In this case, a dataset is modeled using the following equation: Y=M+X+B

It is possible to train a regression model with multiple pairs of data, such as x, y. To do this, you

need to define a position, as well as the slope of the line, with a minimal distance from all known data
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points. This is the line that best approximates the observations in the data, and can help make

predictions for new unseen data. [21]

Some of the most common regression techniques in machine learning can be grouped into the

following types of regression analysis:

e Simple Linear Regression
e Multiple linear regression

e Logistic regression [20]

3.1.2. Classification

Classification algorithms can explain or predict a class value. It is an essential component for many
Al applications, but it is especially useful for ecommerce applications. For example, classification
algorithms can help predict if a customer will purchase a product, or not. The two classes in this case
are “yes” and “no”. Classification algorithms are not limited to two classes and can be used to classify
items into a large number of categories. Logistic regression is considered the simplest and most basic
classification algorithm. A logistic regression algorithm can take more than one input, and use the

data to estimate the probability of an event occurring. [21]

There are many different types of classification tasks that you may encounter in machine learning

and specialized approaches to modeling that may be used for each.
There a different types of classification predictive modeling in machine learning:

e Classification predictive modeling involves assigning a class label to input examples.

e Binary classification refers to predicting one of two classes and multi-class classification involves
predicting one of more than two classes.

e Multi-label classification involves predicting one or more classes for each example and
imbalanced classification refers to classification tasks where the distribution of examples across

the classes is not equal. [22]

3.1.3. Forecasting
Forecasting is the process of making predictions about the future based on the past and present

data, and is commonly used to analyses trends.
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Advantages

Supervised learning allows collecting data and produces data output from previous experiences.
Helps to optimize performance criteria with the help of experience.

Supervised machine learning helps to solve various types of real-world computation problems.
It performs classification and regression tasks.

It allows estimating or mapping the result to a new sample.

We have complete control over choosing the number of classes we want in the training data. [23]
Disadvantages

Classifying big data can be challenging.

Training for supervised learning needs a lot of computation time. So, it requires a lot of time.
Supervised learning cannot handle all complex tasks in Machine Learning.

Computation time is vast for supervised learning.

It requires a labelled data set.

It requires a training process. [23]

3.2.  Unsupervised learning

Unsupervised learning is the training of a machine using information that is neither classified nor

labeled and allowing the algorithm to act on that information without guidance. Here the task of the

machine is to group unsorted information according to similarities, patterns, and differences without

any prior training of data.

Unlike supervised learning, no teacher is provided that means no training will be given to the machine.

Therefore the machine is restricted to find the hidden structure in unlabeled data by itself. [23] . that’s

an

example how to work the unsupervised learning at the figure bellow (as shown in figure2.4).
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Figure 2.4 : Unsupervised learning [24]

Unsupervised learning is classified into two categories of algorithms:

3.2.1. Clustering
A clustering problem is where you want to discover the inherent groupings in the data, such as

grouping customers by purchasing behavior.

3.2.2. Association
An association rule learning problem is where you want to discover rules that describe large

portions of your data, such as people that buy X also tend to buy Y.

Advantages of unsupervised learning:

It does not require a training data to be labelled.

Dimensionality reduction can be easily accomplished using unsupervised learning.

Capable of finding previously unknown patterns in data. [23]

Disadvantages of unsupervised learning:

e Difficult to measure accuracy or effectiveness due to lack of predefined answers during training.

e The results often have lesser accuracy.

e The user needs to spend time interpreting and label the classes which follow that classification.
[23]
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3.3.  Semi-supervised learning

Semi-supervised learning is a type of machine learning that falls in between supervised and
unsupervised learning. It is a method that uses a small amount of labeled data and a large amount of
unlabeled data to train a model. The goal of semi-supervised learning is to learn a function that can
accurately predict the output variable based on the input variables, similar to supervised learning.
However, unlike supervised learning, the algorithm is trained on a dataset that contains both labeled
and unlabeled data. Semi-supervised learning is particularly useful when there is a large amount of
unlabeled data available, but it’s too expensive or difficult to label all of it5(as shown in figure2.5)
. [25]

Semi-Supervised Learning learn

8y L

SLr 7 | \

G Qé%c-_’ C;%- - c;@_’ 3 — c8:
C--- oy -
==g

Sample Data,
Raw Data Code and lost new sample Algorithm
data - feedback

Product of trained
algorithm

Figure 2.5 : Semi-supervised Learning [26]
3.4. Reinforcement learning

Reinforcement learning is an area of Machine Learning. It is about taking suitable action to
maximize reward in a particular situation. It is employed by various software and machines to find
the best possible behavior or path it should take in a specific situation. Reinforcement learning differs
from supervised learning in a way that in supervised learning the training data has the answer key
with it so the model is trained with the correct answer itself whereas in reinforcement learning, there
is no answer but the reinforcement agent decides what to do to perform the given task. In the absence

of a training dataset, it is bound to learn from its experience.
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Reinforcement learning uses algorithms that learn from outcomes and decide which action to take
next. After each action, the algorithm receives feedback that helps it determine whether the choice it
made was correct, neutral or incorrect. It is a good technique to use for automated systems that have

to make a lot of small decisions without human guidance.

Reinforcement learning is an autonomous, self- teaching system that essentially learns by trial and
error. It performs actions with the aim of maximizing rewards, or in other words, it is learning by
doing in order to achieve the best outcomes (as shown in figure2.6)

. [27]

Reinforcement Learning in ML
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Figure 2.6 : Reinforcement Learning [28]

3. Machine Learning algorithms

4.1. Linear regression

Linear Regression is an ML algorithm used for supervised learning. Linear regression performs the
task to predict a dependent variable(target) based on the given independent variable(s). So, this
regression technique finds out a linear relationship between a dependent variable and the other given
independent variables. Hence, the Name of This algorithm is Linear Regression (as shown in
figure2.7).
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-

Dependent Variable

>» X

Independent Variable

Figure 2.7 : Linear regression example [29]

In the figure above, on X-axis is the independent variable and on Y-axis is the output. The
regression line is the best fit line for a model. And our main objective in this algorithm is to find this
best fit line. [30]

4.2.  Support Vector machine (SVM)

Support Vector Machines are one of the most well-known and discussed machine learning techniques.
It is essentially a more refined approach. Constructs and performs classification tasks hyper planes
are planes in a multidimensional space that are parallel to each other. Cases with various class
designations are separated. SVM (Systematic Variable Modeling). [31]. We can present it and explain

it at this figure (as shown in figure2.8).

oA Maximum
Margin Positive
J Hyperplane
Maximum - ‘A\/ L *>
Margin < e ¢ @
Hyperplane ~ e * o
~

/ \‘\ Support

Negative Hyperplane Vectors

29



CHAPTER Il - MACHINE LEARNING

Figure 2.8 : Principle of the svm algorithm [32]
4.3. XGBOOST Regression

This belongs to the class of models known as boosting algorithms. This model improves the final
decision tree learner by combining the capabilities of several weal learner trees (that is models with
higher bias but lower variance) with each other in a sequential manner such that at the end a much

more robust decision tree learner is obtained (as shown in figure2.9).

XGBoost
/ \\\
Construct the "
2o R Taylor
original objective 3
: <l expansion
function
|
4 Y
- - Paramet- oo
Loss free Approximate R optimize the
crization

function complexity expansion paramelters

of a tree

Figure 2.9: Principle of xgboost algorithm [33]

4.4. Naive bayes

A naive Bayes classifier is not a single algorithm, but a family of machine learning algorithms which
use probability theory to classify data with an assumption of independence between predictors It is
easy to build and particularly useful for very large data sets. Along with simplicity, Naive Bayes is
known to outperform even highly sophisticated classification methods. (as shown in figure2.10)

. [31]

P(A/B)=P(BA))+P(A) /IP(B). (1)
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Figure 2.10: Naive bayes classifier [34]

45. Random forest

A Random Forest Algorithm is a supervised machine learning algorithm that is extremely popular
and is used for Classification and Regression problems in Machine Learning. We know that a forest
comprises numerous trees, and the more trees more it will be robust. Similarly, the greater the number
of trees in a Random Forest Algorithm, the higher its accuracy and problem-solving ability. Random
Forest is a classifier that contains several decision trees on various subsets of the given dataset and
takes the average to improve the predictive accuracy of that dataset. It is based on the concept of
ensemble learning which is a process of combining multiple classifiers to solve a complex problem

and improve the performance of the model. [35]

The principal of random forest algorithm as the following figure (as shown in figure2.11)
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Figure 2.11 : Random Forest principle 1 [36]

4.6. Decision tree

Decision Tree algorithm belongs to the family of supervised learning algorithms. Unlike other
supervised learning algorithms, the decision tree algorithm can be used for solving regression and

classification problems too.

The goal of using a Decision Tree is to create a training model that can use to predict the class or

value of the target variable by learning simple decision rules inferred from prior data (training data).

In Decision Trees, for predicting a class label for a record we start from the root of the tree. We
compare the values of the root attribute with the record’s attribute. On the basis of comparison, we

follow the branch corresponding to that value and jump to the next node. [37]

In this figure we describe the principal of decision tree algorithm (as shown in figure2.12).
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Figure 2.12 : Principle of decision tree [38]
Conclusion

Throughout this chapter, we have explored the fascinating world of machine learning, which is a
crucial component of artificial intelligence. We have covered the fundamental concepts and
techniques of machine learning, as well as the different types of algorithms that are used in this filed.
We have also examined the various types of machine learning, including supervised learning,

unsupervised learning, and reinforcement learning.
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Introduction

In this chapter, we will provide a comprehensive overview of the current research and knowledge
in this field, with a specific focus on articles related to calorie burn prediction. Additionally, we will
introduce a calorie calculator and provide a guide on how to use it. By summarizing the content as

follows.

Related work

Burned calorie prediction using supervised machine learning regression algorithm. This study is The
estimation of calorie burned by individuals is based on a formula and MET charts. This study aims
to predict the calorie burned using a regression model as one of the machine learning algorithms to
give more accurate results. Model training and testing using K-fold validation were done to determine
the best model for the study. The performance and prediction accuracy of regression models were
evaluated based on the result of model testing after ten (10) iterations. The average accuracy was
computed and the result shows that Random Forest regression is the best model for the study with an
accuracy of 95.77%. It is very important to visualize and study the relationships of the variables in
the data because it may affect the performance of the algorithm in predicting the value of the target
variable. The Random Forest regression model was able to predict the calorie burned with a high
accuracy rate. [39]

calorie burn prediction using machine learning. By Suvarna Shreyas Ratnakar, Vidya S, at this study,
the use of machine learning to help people to get a healthy life. The main part here is people should
have adequate knowledge about their calorie intake and burn, keeping a track of their calorie intake
is easy. Keeping track of calorie burnt is a difficult part as there are very few devices for that. Calories
burned by an individual are based on MET charts and formulas. The main agenda of this study is a
prediction of the burnt calorie with the help of an XG boost regression model as the ML (machine
learning) algorithm to show accurate results. The model is fed with more than 15,000 data and its
mean absolute error is 2.7 which will become better over time by feeding the XG boost regression
model with more data. In this study, they had concentrated on the seven primary factors that influence
how many calorie the body burns, but there are other factors that also play a role. [40]

calorie burn prediction using machine learning. By Gupta, Rachit kumar singh vaibhav, at this paper
they talk about Machine Learning is a category of algorithms that allows software applications to
become more accurate in predicting outcomes without being explicitly programmed. The object of
this research paper is to create a project that can be used predict calorie burnt using Machine Learning
with Python. Xgboost Regression model is used in this project.
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In this paper, they described xgboost algorithm, linear regression, logistic regression and lasso
regression and how they can be used to implement an algorithm for finding the concrete calorie burnt
which depend on a number of factors. [41]

2. Calorie calculator

The Calorie Calculator can be used to estimate the number of calorie a person needs to consume
each day. This calculator can also provide some simple guidelines for gaining or losing weight. This
Calorie Calculator is based on several equations, and the results of the calculator are based on an
estimated average. The Harris-Benedict Equation was one of the earliest equations used to calculate
basal metabolic rate (BMR), which is the amount of energy expended per day at rest. It was revised
in 1984 to be more accurate and was used up until 1990, when the Mifflin-St Jeor Equation was
introduced. The Mifflin-St Jeor Equation also calculates BMR, and has been shown to be more
accurate than the revised Harris-Benedict Equation. The Katch-McArdle Formula is slightly different
in that it calculates resting daily energy expenditure (RDEE), which takes lean body mass into
account, something that neither the Mifflin-St Jeor nor the Harris-Benedict Equation do. Of these
equations, the Mifflin-St Jeor Equation is considered the most accurate equation for calculating BMR
with the exception that the Katch-McArdle Formula can be more accurate for people who are leaner

and know their body fat percentage. The three equations used by the calculator are listed below:

Mifflin-St Jeor Equation:

For men:

BMR = 10W + 6.25H - 5A + 5 (1)
For women:

BMR = 10W + 6.25H - 5A - 161 (2)
Revised Harris-Benedict Equation:
For men:

BMR = 13.397W + 4.799H - 5.677A + 88.362 (3)
For women:

BMR =9.247W + 3.098H - 4.330A + 447.593 4)
Katch-McArdle Formula:

BMR =370 + 21.6(1 - )W (5)
where:

W is body weight in kg
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H is body height in cm
Ais age
F is body fat in percentage
[42]
There are some captures of calorie calculator (as shown in figure3.1) (as shown in figure3.2) :

US Units m Other Units
Age 25 ages 15-80

Gender @ male () female

Height | 5 feet |10 inches

Weight| 165 pounds

Activity‘ Moderate: exercise 4-5 times/week v
+ Settings

» Exercise: 15-30 minutes of elevated heart rate activity.
+ Intense exercise: 45-120 minutes of elevated heart rate activity.
+ Very intense exercise: 2+ hours of elevated heart rate activity.

Figure 3.1 : Calorie calculator [42]
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Figure 3.2 : Calorie calculator 2 [42]
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Introduction

In this chapter we will discuss our methodology for building a machine learning model that
predicts the number of calorie burned during the workout. We will describe the algorithm we
employed and we will also explain how we evaluated the performance of the model.

. Problematical

The problem we are trying to solve is the inaccuracy of traditional methods of calculating calorie

burn during exercise.

These methods are often based on general formulas and do not take into account individual
differences such as age, gender, weight. This inaccurate calculation can lead to individuals
overestimating or underestimating their calorie burn, which can negatively impact their fitness

progress and overall health outcomes.

Our motivation for this work is to help people achieve their fitness goals more effectively and
efficiently. By providing a more accurate calculation of calorie burn, our app can help individuals
better understand their fitness progress and make more informed decisions about their exercise

routines. This can ultimately lead to improved health outcomes and a better quality of life.

The solution we propose is to use machine learning to develop a more accurate and personalized
method for predicting calorie burn based on individual characteristics and duration exercise. By
using machine learning, we can create a more accurate model that takes into account individual

characteristics.

This can help individuals achieve their fitness goals more efficiently and effectively, leading to

improved health outcomes and a better quality of life.

. Methodology steps
Our work consists of the following steps:

Download the right dataset by kaggle.

Data preprocessing.

Training phase: build machine learning models from dataset.
Testing phase: use features from the dataset.

Predicting the calorie burn.

the following figure represent the work flow for our ML model (as shown in figure4.1).

39



CHAPTER IV — DESIGN METHODOLOGY

=
2

Data processing

oL

Training set Test set
N
[ Input data ML model
J
Predicting

Figure 4.1: Work flow

3. Build machine learning model

In order to build the model, we need data sets and machine learning algorithm(ML), after we
have created datasets, we test and select the appropriate algorithm, which gives the best accurate
prediction, for this reason we used prediction algorithms: random forest, decision tree, linear

regression and XGbosst regression algorithm.

To train the model by the algorithms, we followed those steps:

e Load dataset.
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Preparing data for training: two tasks will be performed in this step. The first task is to divide data
into ‘attributes’ and 'label’ sets. The resultant data is then divided into training and test sets

Divide the data into training and testing sets: 80% training set and 20% testing set.

Training the model.

Testing the model by testing set.

Evaluate the performance of the algorithm.

» The prediction accuracy after using random forest algorithm was 99.81 %

» The prediction accuracy after using decision tree algorithm was 99.29 %

» The prediction accuracy after using linear regression algorithm was 96.68 %

» The prediction accuracy after using XGBoost regression algorithm was 99.88 %

After calculating the accuracy of each algorithm and compare them, we have selected XGBoost

regression algorithm, because it got the best accuracy value.

The architecture of XGBoost regression

Xgboost regression it is a machine learning algorithm. Use decision tree-based ensemble
learning to boost the performance of models. It Make a top choice for regression tasks in various

industries. (as shown in the figure4.2)
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Figure 3.2 XGBoost regression architecture [43]

The architecture of XGBoost regression in the context of calorie burn prediction involves
building an ensemble of decision trees that are trained to predict the number of calorie burned
during physical activity. The input to the algorithm consists of features such as age, weight, height,
and activity level, which are used to generate a set of decision rules. Each decision rule is
represented by a binary tree, where each node corresponds to a feature and each branch corresponds
to a decision based on the value of the feature. The output of the algorithm is a weighted sum of the
predictions of the individual decision trees. The weights are determined by the training process,
which minimizes a loss function that measures the difference between the predicted and actual
calorie burn values. The algorithm uses a combination of regularization, sparsity, and parallelism

techniques to improve its accuracy and speed.

. Application modeling:

Uses case diagram
the main uses case in the system are:
1) fill the input by the user.
2) compare the inputs with the features in dataset.

3) predict the calories.

To understand our uses case diagram, see the figure (as shown in figure4.3).
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usecase diagram

fill the
inputs
< compare )
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Figure 4.3: Uses case diagram

Flowchart diagram
It is a diagram showing the operational mechanism of the application and its sequential steps which
are:
1) fill the inputs by the user.
2) testing the missing values by the system.
3) if there is a missing value it’s return error, else it compares the inputs with the features in
dataset.

4) predict the result and return it.
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And this is the flow chart diagram (as shown in figure4.4)
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Figure 4.4: Flow chart diagram

result

In this chapter, we presented in detail our methodology steps to determine the calorie burn

prediction and our application modeling via different UML models. In the next chapter, we will

present how to implement and experiment our application.
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Introduction

In this chapter, we provide a detailed overview of the programming environment for our project,
including the programming language, libraries, and tools used to develop the application. We then
describe how we built the ML model for calorie burn prediction. Also we present the implementation

details of our application and the results.

1. Anaconda environment
1.1. Definition

Anaconda is a Python package that includes a number of different packages. Libraries, including
key libraries used extensively in data science. The biggest benefit This version has the advantage of
not requiring sophisticated settings and being able to operate on a variety of platforms. Operating
systems and platforms (particularly Windows), which are prone to failure. While attempting to install

specified Python packages [44]

Anaconda includes a fantastic integrated development environment (IDE), Spyder (Scientific
Python Development Environment), as well as other useful tools like jupyter notebooks, the python
console, and the excellent package management tool, conda, which allows us to install, remove, or
upgrade any Anaconda package with a single command in Anaconda Prompt. Anaconda 3, which is

compatible with Python 3.9.13, is used in our project. [45]
Installation of Anaconda (Python 3.9.13)

Anaconda is easy to install just download Anaconda 64-bits, execute the installer and follow the

instruction:

Search Google for “Anaconda Python” = Python V 3.9.13 for Windows 64 bits
Install the Anaconda 64-bit installation file for Windows

Install for = option: Just for me

YV V V V

Modify anaconda packages by typing the two commands:

conda update conda

e conda update —all
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2. Python language
2.1. Definition

The Python programming language is one of the most widely used languages, with a wide range
of applications. It's an interpreted, interactive, object-oriented programming language that's becoming
more popular in academia and industry. [46]

Python's simple, easy to learn syntax emphasizes readability and therefore reduces the cost of
program maintenance. Python supports modules and packages, which encourages program
modularity and code reuse. The Python interpreter and the extensive standard library are available in
source or binary form without charge for all major platforms, and can be freely distributed. [47]

Python for ML and DL Applications is a set of libraries that allow developers to quickly extract
and convert data, execute data wrangling operations, apply existing robust ML algorithms, and create
bespoke algorithms. These are the libraries that are available. Numpy, Pandas, Scikit-Learn,
tensorflow, Keras, and more Python libraries. [48]

2.2. Brief history
Python was developed at the Dutch Mathematics and Informatics Institute (CWI)

e It was first announced in 1991
e Python 2.0 was released on 16 October 2000
e Python 3.0 was released on 3 December 2008

2.3. Installing python

We use in our project the version of python 3.9.13 because its compatible with our devise and

contains the libraries that we need in our project.

Just go to (www.python.org) and download.

Installing Python packages with Conda:
C:\>conda install jupyter = jupyter 1.0.0.

C:\>pip Install sklearn => la bibliotheque de machine Learning.

C:\>pip Install pandas = la bibliothéque de machine Learning.

vV VYV V V

C:\>pip Install pandas-datareader => outils de lecture de la bibliotheque ML pandas.


http://www.python.org/
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» C:\>pip Install matplolib = Outils complémentaire de ML.
» C:\>pip Install requests = Outils complémentaire de ML.

» C:\>pip Install tensorflow/tensorflow ==2.11.0 = Installer la bibliothéque de machine Learning
et I’'interface Google tensorflow.
» C:\>pip Install keras/keras==2.11.0 = Installer la bibliothéque de machine Learning et ’interface

keras.

2.4. Jupyter notebook

The Jupyter Notebook is an open source web application that you can use to create and share
documents that contain live code, equations, visualizations, and text. Jupyter Notebook is maintained
by the people at Project Jupyter. Jupyter Notebooks are a spin-off project from the IPython project,
which used to have an IPython Notebook project itself. The name, Jupyter, comes from the core
supported programming languages that it supports: Julia, Python, and R. Jupyter ships with the
IPython kernel, which allows you to write your programs in Python, [49]

We use in our project jupyter 1.0.0

2.5. Python libraries
2.5.1. Numpy

Numpy is the fundamental package for scientific computing in Python. It is a Python library that
provides a multidimensional array object, various derived objects (such as masked arrays and
matrices), and an assortment of routines for fast operations on arrays, including mathematical, logical,
shape manipulation, sorting, selecting, 1/0, discrete Fourier transforms, basic linear algebra, basic

statistical operations, random simulation and much more. [50]

2.5.2. Pandas
Pandas is a well-known Python-based data analysis package that offers a wide range of functions,
from parsing numerous file formats to transforming an entire data table into a numpy matrix array.

As a result, pandas is a reliable partner in data science and machine learning. [51]

2.5.3. Matplotlib
Matplotlib is a Python library that provides interactive and non-interactive 2D charting, as well as
the ability to save pictures in a variety of formats. It has a wide range of plots to choose from (lines,

bars, pie charts, histograms...etc.). Furthermore, it is adaptable and simple to use. [52]
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2.5.4. Seaborn

Seaborn is a Python data visualization library based on matplotlib. It provides a high-level
interface for drawing attractive and informative statistical graphics. [53]
2.5.5. Scikit-learn

Scikit-learn is an open source data analysis library, and the gold standard for Machine Learning
(ML) in the Python ecosystem. [54]

2.5.6. Request

Python requests is a library for making HTTP requests. It provides an easy-to-use interface that
makes working with HTTP very simple, which means it simplifies the process of sending and
receiving data from websites by providing a uniform interface for both GET and POST methods.
Some of the benefits of using python requests are that they're fast, support multiple languages, and

can be piped into other programs to make processing tasks easier. [55]

2.5.7. Tensorflow

TensorFlow is a Brain APl and machine-learning library that works with Python machines.

In 2015, Google created a team. Python programmers may now take advantage of this library with
ease. Because Al and machine learning are supposed to make usage easier. And Tensor Flow is built
on ¢, C++ making it very fast. It provides primitives for defining functions on tensors and
automatically computing their derivatives in domains like physics and engineering, tensors are basic
mathematical constructions. Tensors, on the other hand, have historically made less gain in computer
science, which has generally been dominated by vectors. Logic and discrete mathematics are more
closely related. This situation is beginning to shift.

With the invention of the machine, this has changed dramatically. We utilized tensorflow 2.11.0
[56]. [57]

2.5.8. Keras
Keras is a Python-based deep learning APl whose goal is to make constructing deep learning

models as simple and quick as feasible. We utilized Keras 2.11.0 [58]

2.6. Flask
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It is @ micro web framework written in Python is play a major role as a communication channel
between different services. It has become the de facto standard of passing information across multiple
systems in the JSON format [59]

In order to build the API, we use flask.

2.7. Flutter

Flutter is a cross-platform tool to build desktop, mobile, or web applications. Flutter apps are pixel-
perfect. Flutter paints the same Ul on each app irrespective of the target platform. This is because
each Flutter app contains the Flutter engine. This engine renders the Flutter Ul code. Flutter provides
a canvas for each device and allows you to paint as you want. The engine communicates with the
target platform to handle events and interactions. [60]
We use flutter to build the front end for the application.

3. Dataset
3.1. Data source

We use kaggle to download our dataset [61], there are two csv files which present the data,
contains at total 15000 instant and 7 attributes, the “kaggle” repository’s contains attributes
information about a variety of people including their age, height, weight, gender, body temperature,
heart rate, workout duration. This dataset is taken as the training data. And the second calorie dataset

comprises the calorie burned by corresponding person.

Table 1: Attributes and their values

Input attributes Function
Gender Gender ( male : 0, female : 1)
Age Age mentioned in years (20<age<80)
Height Height of the person (140<height<220)
Weight Weight of the person (40<weight<120)
Duration The time taken to complete the exercising minutes
(1<duration<30)
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Heart rate Average heart rate during the workout ( 70<heart rate<120 )

Body temperature Body temperature in the course of the workout ( 37<body
temperature<40 )

Calories Total calorie burned during the exercise

There are two dataset csv files which are necessary to put their links in the jupyter notebook which
used for processing.
For analysis and processing we use data frames. This obtain some statistical measures of the data.

The description of the dataset can be seen in this figure (as shown in figure5.1).

Entrée [11]: # get some statistical measures about the data
calories_data.describe()

Out[11]:
User_ID Age Height Weight Duration  Heart_Rate  Body_Temp Calories

count 1500000e+04 15000.000000 15000.000000 15000.000000 15000.000000 15000.000000 15000.000000 15000.000000
mean 1497736e<07 42780800 174465133 74966867  15.530600 95518533 40025453 89539533
std 2.872851e+06 16.980264 14258114 15.035657 8.319203 9583328 0779230 62456078
min  1.000116e<07  20.000000  123.000000  36.000000 1.000000 67.000000  37.100000 1.000000
25% 1.24741%e+07  28.000000  164.000000  63.000000 8.000000  88.000000  39.600000 35000000
50% 1.499728e+07 39.000000  175.000000  74.000000  16.000000 96.000000  40.200000  79.000000
75% 1.744928e+07 56.000000  185.000000  &7.000000  23.000000  103.000000  40.600000  138.000000
max 1.999965e<07  79.000000  222.000000  132.000000  30.000000  128.000000  41.500000  314.000000

Figure 5.1: Dataset

The count of the gender is equally distributed in the dataset which can be seen in the below figure (as

shown in figure5.2)
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Entrée [13]: |# plotting the gender column in count plot
sns.countplot(calories_data[ 'Gender'])

C:\Users\MXP TAIBECHE\anaconda3\lib\site-packages\seaborn\_decorators.py:36: FutureWarning: Pass the following variable as a ke

yword arg: x. From version @.12, the only valid positional argument will be “data”, and passing other arguments without an expl
icit keyword will result in an error or misinterpretation.

warnings.warn(

Out[13]: <AxesSubplot:xlabel='Gender®, ylabel="count'>

count

7000
6000
5000
4000
3000
2000
1000
0
male

Mandar

female

Figure 5.2: Gender plot 1

As well, we have the mean value for age in the figure 3. (as shown in figure5.3).

Entree |14]: |# jinding the distribution of “Age” column

sns.distplot(calories_data[ Age'])

C:\Users\MXP TAIBECHE\anaconda3\lib\site-packages\seaborn\distributions.py:2619: FutureWarning: “distplot™ is a deprecated func
tion and will be removed in a future version. Please adapt your code to use either “displot™ (a figure-level function with simi
lar flexibility) or “histplot™ (an axes-level function for histograms).

warnings.warn(msg, FutureWarning)

Out[14]: <AxesSubplot:xlabel="Age', ylabel='Density'>

0.04 I

0.03

Density

0.01

0.00

Figure 5.3: Mean age
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For age, more values between the age group of 20 and 30 can be seen there is a peek in the curve

means from 15000 instances. The decrease in the curve can be seen as people tend to not workout at

an older age.

Also, we have value for height and weight present in this figures (as shown in figure5.4).

Entrée [15]: |# finding the distribution of "Height" column
sns.distplot(calories_data[ 'Height'])

C:\Users\MXP TAIBECHE\anaconda3\lib\site-packages\seaborn\distributions.py:2619: FutureWarning: “distplot™ is a deprecated func
tion and will be removed in a future version. Please adapt your code to use either “displot™ (a figure-level function with simi
lar flexibility) or “histplot”™ (an axes-level function for histograms).

warnings.warn(msg, FuturelWarning)

Out[15]: <AxesSubplot:xlabel="Height®, ylabel='Density'>

0.025

0.020

Density

0.010

0.005

0.000
120 140 160 180 200 220
Height

Figure 5.4: Mean height
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crwres LJOJI £ JI"LI'ILI'LHH LA wiscrriouoeon UJI' I\'t"LyHL Lo Lmrs
sns.distplot{calories_data[ 'Weight'])

C:\Users\MXP TAIBECHE\anaconda3\lib\site-packages\seaborn\distributions.py:2619: FutureWarning: “distplot™ is a deprecated func
tion and will be removed in a future version. Please adapt your code to use either “displot™ (a figure-level function with simi

lar flexibility) or “histplot™ (an axes-level function for histograms).
warnings.warn(msg, Futurelarning)
Out[16]: <AxesSubplot:xlabel="Weight', ylabel='Density'>

0.025

0.020

0.015

Density

0.010
0.005

0.000
40 60 80 100 120 140

Weight
Figure 5.5: Mean weight

The relationship between the different records is then examined. There are two forms of correlation:
positive correlation and negative correlation. The quantity of calorie burned will increase as exercise

duration increases. These values are therefore proportionate, in the same direction, and connected.

(as shown in figure5.6) (as shown in figure5.7).

Entrée [17]: #Finding the Correlotion in the dataset
correlation = calories data.corr()

Entrée [18]: # constructing o heatmap to understand the correlotion

plt.figure(figsize-(18,18))
sns.heatmap(correlation, char=True, square=True, fmt=".1f', annot=True, annot_kws={'size':8}, cmap='Blues')

Figure 5.6: Correlation
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Figure 5.7: Correlation of attribut

4. Machine learning modelling
4.1. Collecting data set

The first step is data retrieval. we use the data repository kaggle. The information collected is

category and numerical.

4.2. Data pre-processing
15000 instances and 7 attributes. Each person’s attributes are included in kaggle dataset. Including

height, gender, age, weight, body temperature, heart rate and exercise duration.

4.3. Data analysis

Jupyter Notebook, the platform used for processing, requires the upload of two dataset csv files
(“exercise.csv” and “calorie.csv”). The average body temperature is 40. Those who are exercising
will have a higher body temperature. The coronary heart rate and temperature are the most important
findings for this analysis. The data must then be visualized using a few charts and graphs. The two
types of correlation—positive and negative correlation—are then studied between the various
records. After that, load the XGB Regressor model and assess the prediction using test data. This test

data and calorie burned for the X test are run through the model.

4.4. Machine learning model
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At this step we apply four algorithms (Random forest/Decision tree/Linear regression/XGBoost
regressor) then we have chosen XGBoost regressor due to its superior accuracy compared to other
algorithms. The XGBoost regressor algorithm has proven to be an effective method in prediction of

calorie burn.

XGBoost regressor 99.88%
Decision tree 99.2%9%
Random forest 99.81%
Linear regression 96.68%

4.5. Evaluation
This dataset was analyzed to make predictions about calorie burned based on factors during the
workout. We searched for a machine learning model with low mean absolute error that would produce

the most accurate results using these machine learning methods.

5. Result

1) Dataset’s first five rows:

This table views the first five records in the dataset (as shown in figure5.8)

Entrée [4]: # loading the data
exercise_data = pd.read_csv('C:/Users/MXP TAIBECHE/Desktop/exercise.csv')

Entrée [5]: # print the first 5 rows of the dataframe
exercise_data.head()

o User_ID Gender Age Height Weight Duration Heari_Rate Body_Temp
0 14733363 male 68 190.0 94.0 29.0 105.0 40.8
1 14861698 female 20 1660 60.0 14.0 94.0 40.3
2 11179863 male 69 179.0 79.0 50 83.0 387
3 16180408 female 34 1790 71.0 13.0 100.0 405
4 17771927 female 27 1540 58.0 10.0 81.0 308

Figure 5.8: Data frame

2) Converting the text data to numerical values, see the figure bellow (as shown in figure5.9)
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Entrée [19]: #Converting the text dota to numerical values
calories_data.replace({"Gender":{'male’':8, female':1}}, inplace=True)

Entrée [20]: |# print the first 5 rows
calories_data.head()

oureel: User ID Gender Age Height Weight Duration Heart Rate Body Temp Calories
0 14733363 0 68 190.0 94.0 29.0 105.0 40.8 231.0
1 14861698 1 20 166.0 60.0 14.0 94.0 40.3 66.0
2 11179863 0 69 179.0 79.0 5.0 8.0 387 26.0
3 16180408 1 34 1790 71.0 13.0 100.0 40.5 7.0
4 AT771927 1 27 1540 58.0 10.0 81.0 398 35.0

Figure 5.9: Gender data conversion

3) Splitting the data into training data and test data (as shown in figure5.10)

4)

5)
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Entrée [24]: #Splitting the data into training data ond Test data
X train, X fest, Y train, Y fest = train test split(X, Y, test size=6.2, random state=2)

Entrée [25]: print(X.shape, X_train.shape, X test.shape)

(15000, 7) (12009, 7) (3000, 7)

Figure 5.10: Splitting of data

Model training (as shown in figure5.11)

Entrée [26]: #Model Training
# Loading the model
model = XGBRegressor()

Entrée [27]: # training the model with X train
model.fit(X_train, Y_train)

Out[27]: XGBRegressor(base_score=None, booster=None, callbacks=None,
colsample bylevel=None, colsample bynode=None,
colsample_bytree=None, early_stopping_rounds=None,
enable_categorical=False, eval_metric=None, feature_types=None,
gamma=hNone, gpu_id=None, grow_policy=None, importance_type=None,
interaction_constraints=None, learning_rate=None, max_bin=None,
max_cat_threshold=None, max_cat_to_onehot=None,
max_delta step=None, max_depth=None, max_leaves=None,
min_child weight=None, missing=nan, monotone_constraints=None,
n_estimators=108, n_jobs=None, num_parallel_tree=None,
predictor=None, random_state=None, ...)

Figure 5.4: Training of data

Prediction on test data (as shown in figure 5.12)
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Entrée [28]: #Prediction on Test Data
test data prediction = nodel.predict(X test)
print(test data prediction)

[127.823784 225.00154 38.66253 ... 144.3636  22.767195 80.87375 ]

Figure 5.5: Prediction on test data

6) Mean absolute error and accuracy (as shown in figure 5.13)

Entrée [29]: #Mean Absolute Error
mae = metrics.mean_absolute error(Y_test, test data_prediction)

Entrée [38]: print("Mean Absolute Error = ", mae)

Mean Absolute Error = 1.4887848329992613

Entrée [31]: #accuracy
rss = metrics.r2_score(Y_test, test_data prediction)
print('R square score = ', rss)

R square score = ©.0083455491362879

Figure 5.6: Mean absolute error and accuracy

7) Predictive system (as shown in figure 5.14)

Entrée [32]: #predictive system
input_data = np.asarray([@, 68, 198.8, 94.8, 29.8, 185.8, 48.8]).reshape(1,-1)
model.predict(input data)[@]

Out[32]: 230.48436

Figure 5.7: Predictive system

6. Application interface
6.1. First page
In this page contain one button that had other separate page

The first page represents at this figure. (as shown in figure 5.15)
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Welcome to
Calories Calculator

This app bring to health information
together in one place

Figure 5.8: Welcoming page

6.2. Second page
This page contains three buttons, each of them has a separate page, that showing in the following

figure (as shown in figure 5.16)
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Calculate Calories
Coaches List
Contact Us

Figure 5.9: Home page

6.2.1. Prediction page
This is the first one “calculate calories”, the user must fill the gaps to see the result of burned

calorie by clicking in the button “calculate” (as shown in figure 5.17) (as shown in figure 5.18).
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Figure 5. 10 : Calories calculator

Figure 5.11 : Result page
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6.2.2. Coaches List page

This page would help the user to contact coaches to help him for his diet, see the figure bellow (as

< Coaches list

Dhikra Cheriet
dhikracheriet794@gmail.com

shown in figure 5.19).

Debeche manal
biboua99@gmail.com

Figure 5.12: Coaches List

6.2.3. Contact us page

This page for if someone want to know something about our application or Al model of predicting

(as shown in figure 5.20).
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Conclusion

< Contact Us

If you want to know
something about Ai model
or the app

Please contact us
in our emails

Racha Saoudi Hadil Mihoubi

Figure 5.13: Contact us page

In this chapter, we have presented all the techniques and tools that we have utilized to build the
android application based on the XGBoost regression machine learning model, which predicts the

number of calorie burned during the workout. After conducting extensive experimentation, we can

confidently say that our application has produced good, useful, and operational results.
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General conclusion

The main goal of our thesis was to predict the calorie burned during the workout of different people

and chose an algorithm in machine learning by looking through the data set.

We deduced from the analysis that the XGB regressor produces more accurate findings. Mean
absolute error imply absolute error should be as minimal as possible we find 1.48, it is a good value
for the mean absolute value that the XGB regressor gives us. Therefor we can conclude that the best

model for the calorie burn prediction is XGBoost Regressor.

In our project we have concentrated on the seven primary factors that influence how many calories
our body burns. It’s also important to understand how many calories we are consuming if we want a

healthy and fit lifestyle.

Additionally, we build a Ul (user interface) is also required so that users may input their values
and obtain results that show how many calories they have burned.

Finally, we add a space for personal coaches that could the user contact theme, our emails if they

want to know something about the application or the Al model.
Perspectives

Our approach focused more on predicting the burned calories. It could be improved by adding an
exercises regimen, a special diet according to the needs of each body. We are able to create a

completely functional application with all of these features.
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Abstract

Life is all about finding balance. and that's most important when it comes to our body. However,
staying fit and healthy necessitates frequent physical activity. The variety of burned energy in daily
life is directly related to weight maintenance, weight gain, or weight loss. people need to know how

many

calories they burned each day. Our project is predicting the calorie burned during the workout with
the use of machine learning algorithm XGBoost regressor model approach to produce accurate
results. the model is fed with more than 15000 data and its mean absolute error is 1.48. Therefore, we

built a mobile application that help the users easily by put their values obtain results of burned calorie.

Key words: XGBoost regressor, machine learning, accurate.
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