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Abstract: This research paper presents a novel approach to accurately predict calories burnt by individuals using advanced
Machine Learning techniques. In today's fast-paced lifestyle, where obesity is a common concern, monitoring and managing
calorie intake and expenditure is crucial. Existing methods rely on limited devices and manual calculations using MET charts and
formulas, posing challenges. To address this, an XGBoost regression model is trained on a comprehensive dataset of many data
points, achieving an impressive mean absolute error of 2.7 as compared to other ML algorithms. By continuously feeding the
model with more data, its predictive capabilities are expected to improve further. The proposed system empowers individuals to
make informed decisions about their diet and exercise routines, aiding in the fight against obesity.
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. INTRODUCTION

Calories are often associated solely with food and weight reduction, but in reality, they represent a measure of heat energy. One
calorie is defined as the amount of energy required to raise the temperature of 1 gram of water by 1°C.-While commonly used to
quantify energy in the context of the human body, calories also apply to various energy-releasing systems unrelated to humans.
Different foods contain varying amounts of energy, indicated by their calorie counts. During exercise or intense workouts, the
body temperature and heart rate increase. Carbohydrates present in the body are broken down into glucose, which is further
converted into energy through the utilization of oxygen. To predict the amount of energy expended during exercise, several
factors come into play. These include the duration of exercise, average heart rate per minute, temperature, height, weight, gender,
and age of the individual.

During exercise, carbohydrates are metabolized into glucose, which is then converted into energy through the process of aerobic
respiration, utilizing oxygen. This increased demand for energy in the muscles necessitates a higher oxygen intake. Consequently,
the heart rate rises significantly to pump more oxygen-rich blood to the working muscles. The enhanced blood flow supplies the
required oxygen for the breakdown of glucose molecules, facilitating energy production. However, only a portion of the energy
derived from glucose is utilized for muscle contraction, while the remainder is dissipated as heat. As a result, the body
temperature elevates, triggering the body's natural cooling mechanism through sweating. To accurately predict calorie
expenditure, key parameters such as exercise duration, average heart rate per minute, body temperature, height, weight, and
gender are considered. By integrating these factors into the predictive model, a comprehensive understanding of energy utilization
during exercise can be achieved, enabling individuals to better track and manage their fitness goals.

In this study, a machine learning XGBoost regressor algorithm is employed to estimate the number of calories burned based on
the aforementioned parameters. By inputting data such as exercise duration, heart rate, temperature, height, weight, and age, the
algorithm can provide predictions on energy expenditure. This approach offers valuable insights for individuals seeking to
monitor their calorie burn during physical activities, enabling them to make informed decisions regarding their fitness routines
and overall health management. Understanding the relationship between various factors and calorie expenditure through machine
learning techniques contributes to a better comprehension of human physiology and helps individuals adopt healthier lifestyles.
By accurately estimating calories burned during exercise, individuals can track their progress and align their fitness goals
accordingly.
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I1. LITERATURE SURVEY

Nipas and others [1] in their study utilized a regression model, specifically Random Forest regression, to accurately predict
calories burned by individuals based on data analysis and model testing, achieving an impressive accuracy rate of 95.77%.

Yash and others [2] proposed a real-time machine learning system using a wearable accelerometer to determine the eating habits
of individuals, allowing for calorie consumption and burnt estimation, and predicting health habits with a cloud-based logistic
regression model.

Ludwig DS and others [3] reviewed and explored the controversies surrounding the role of carbohydrates in optimal health,
longevity, and the prevention of obesity, diabetes, cardiovascular disease, cancer, and early death.

Brian claggett and others [4] investigated the association between carbohydrate intake and mortality, specifically examining the
impact of low carbohydrate diets and the replacement of carbohydrates with plant-based or animal-based fat and protein in their
study.

Joanne Slavin and others [5] classified carbohydrates into sugars, starches, and fibers, with sugars being intrinsic in fruits and
milk products, while added sugars enhance flavor and palatability but offer minimal nutritional value. The Nutrition Facts label
provides information on total sugars per serving without differentiating between naturally occurring and added sugars.

Cara B Ebbeling and others [6] discussed on the carbohydrate-insulin model suggests that increased consumption of processed,
high-glycemic-load carbohydrates contributes to obesity by promoting calorie deposition, increasing hunger, and reducing energy
expenditure, providing a new perspective on dietary interventions for weight loss beyond calorie restriction and dietary fat
reduction.

Hilary Green and others [7] aims to identify and promote healthful carbohydrates and carbohydrate sources while limiting those
with negative impacts, evaluate the impact of food processing on carbohydrate quality, and address the challenges of developing
healthier food products in relation to regulations, science, technology, and consumer education.

Dale A Schoeller and others [8] reviewed the examination of the potential thermodynamic mechanisms behind increased weight
loss rates in individuals consuming high-protein and/or low-carbohydrate diets, highlighting the observed greater weight loss
compared to low-fat diets despite no significant differences in energy availability or expenditure, emphasizing the need for further
research on weight loss composition and satiety effects.

Dena M Bravata and others [9] analyzed 107 articles and data from 94 dietary interventions to examine the effects of low-
carbohydrate diets on adult participants, revealing that a subset of 663 participants consumed diets with 60 g/d or less of
carbohydrates, and only 71 participants consumed diets with 20 g/d or less of carbohydrates.

R A Khanferyan and others [10] examined the frequency of consumption of sweet carbonated drinks containing carbohydrates in
the Russian population and their contribution to overall caloric intake, revealing a relatively low consumption frequency and a
limited impact on the caloric and carbohydrate intake of the diet.

I1l. METHODOLOGY
The work outline is forecasted in figure I.
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Figure 1: Methodology

In the current endeavor, the main goal is to collect the correct information set to train our artificial intelligence models, which will
help us estimate the amount of calories an individual will burn. Prior to the statistics feeding operation, the records must be pre-
processed. Following the completion of data processing, the data is organised as plots or graphs using a variety of visualization
approaches. Here, we compare these models using the XG Boost regressor for a machine learning (ML) model, and then we
evaluate these models.

Two parameters make up the XGBoost regressor. The adjustment of the decision tree is influenced by the regulator parameter
lambda (), which stands for regulation parameter, and the threshold parameter gammay().

If Gain = Parallels Weight(left choice tree) + Comparison Weight(right decision tree) and Similarity Weight(SM) =
(Residue)*2/(No of Residues)

Weight for Similarity (root)- The xgboost approach is more effective than others because if (Gain > ) then decision tree
bifurcation occurs for more levels else not.

In the field of data analysis and machine learning, several key steps play a crucial role in deriving meaningful insights from
datasets. The dataset serves as the foundation, containing valuable information that requires preprocessing to ensure usability and
accuracy. Preprocessing involves cleaning the data, handling missing values, and removing anomalies to create a reliable dataset.
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Feature selection is a critical step that aids in identifying the most relevant features for analysis, eliminating unnecessary ones,
and optimizing model performance. This process reduces training time and improves the model's ability to learn from the data. It
allows us to focus on the most influential factors and extract meaningful patterns.

Data processing involves manipulating and transforming the dataset to extract valuable information. This includes combining
dataframes, merging relevant data sources, and structuring the data for further analysis. Feature extraction is a technique used to
transform raw data into meaningful features, such as reducing pixel-based images to condensed attribute collections, allowing for
efficient analysis and modeling.

Data analysis involves applying statistical methods, algorithms, and techniques to uncover patterns, relationships, and insights
within the dataset. Data visualization plays a significant role in presenting the analyzed data in a visually appealing and
informative manner, enabling better understanding and interpretation of the results.

Machine learning algorithms are applied to the data to build models that can make predictions or classify new instances based on
patterns learned from the dataset. Various algorithms, such as XGBoost regressor, are applied and evaluated to identify the most
suitable model for the specific task at hand.

Correlation analysis helps determine the strength and direction of relationships between variables, providing insights into how
different features affect the target variable. Converting data into numerical values allows for effective modeling and analysis, as
many algorithms operate on numerical data.

Splitting the dataset into features and target variables is essential for training the model. The model is then trained using the
training data to learn patterns and make predictions. Evaluation of the model's performance is conducted using metrics such as
mean absolute error to assess its accuracy and effectiveness.

Based on the time of the workout, as well as variables like age, gender, body temperature, and heart rate at different moments
during the activity, this dataset was analyzed to create predictions about the number of calories burned. Using these machine
learning techniques, we are looking for a machine learning model that has a smaller mean absolute error and yields more accurate
results. Ultimately, these processes enable researchers and analysts to derive meaningful insights from the data, uncover hidden
patterns, make accurate predictions, and make informed decisions based on the results. The significance of each step lies in its
contribution to refining and transforming the data, extracting relevant features, and building models that provide valuable insights
and predictions.

IV. RESULTS AND DISCUSSIONS

Importing the Dependencies

[ 1 import numpy as np
import pandas as pd
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.model_selaction import train_test_split
from xgboost import XGBRegressor
from sklearn import metrics

Figure 1: Importing dependencies

Data Collection & Processing

Weight Duration Meart Rate Body_Temp
29.0 105.0 408
120 940 403
5.0 82.0 387

13.0 100.0 406

540 580 0.0 81.0 398

Figure 2: Data Collection and Processing

Combining the two Dataframes

Figure 3: Dataframe Combination
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° U getting some informatiens abeut the data
calories_data.info()

e <class "pandas.core.frame DataFrane’s
RangeIndex: 15888 entries, @ Lo 14999
Data columns (total § columns):

unn Non-Hull Count Dtype

User_ID

8 15888 non-null

1 Gender 15888 non-null

z 15888 non-null

3 15888 non-null

4 15888 non-null

5  Duration 15888 non-null floated
6 Heart_Rate 15882 non-null floated
7 y_Temp 15882 non-null 5
8 ies 15888 non-null

dtypes: float64(6), Int64(2), obj

memory usage: 1.8+ MB

U checking for missing values

calories_data.isnull(}.sun()

User_ID
Gende

Age

Height
Welght
Duratien
Heart_Rate

DD D DO oo

Figure 4: Data Information

Data Analysis

[ 1 # get seme statistical measures about the data
calories_data.describe()
User_ID Age Height wWelght Duration Heart_Rate Body_Temp calories
count 1.500000e+04 15000.000000 15000.000000 15000.000000 15000.000000 15000.000000 15000.000000 15000.000000

mean 1.497736e+07 42.789200 174.465133 74.966867 15.530600 95.518533 40.025453 89.539533

std  2.872851e+06 16.930264 14258114 15.035657 8.319203 9583328 0.779230 62.456978
min  1.0001168e+07 20000000 123.000000 36.000000 1.000000 67.000000 37100000 1.000000
25%  1247419e+07 28000000 164000000 63.000000 8.000000 §3.000000 39 600000 35 000000
50%  1.499723e+07 39000000 175.000000 74000000 16.000000 96.000000 40 200000 78000000

T6%  1744923e+07 56000000 135.000000 37.000000 23.000000 103.000000 40 600000 138000000

max  1.999965e+07 79.000000 222.000000 132.000000 30.000000 123.000000 41.500000 314.000000
Figure 5: Data Analysis
Data Visualization

[ 1 sns.set()

# pletting the gender column in count plot
sns.countplot(calories_data[ ‘Gender'])

® O

Jusr/lecal/lib/python3.7/dist-packages/seaborn/_decorators.py:43: Fu
FutureWarning

<matpletlib.axes._subplots.AxesSubplot at éx7fcbbdrséilies
7000

6000

count
g
£y

3000
2000

1000

female
Gender

Figure 6: Data Visualization for gender

sns.distplot(calories_data[ 'Age’])

fusr/local/lib
nings.warn(msg,
<matplotlib.axes._subpls

7/dist-packages/seaborn/distributions.py:
irelarning)
xesSubplot at @x7fcbbd2eesse»

0.04

0.00
10 20 30 40 50 60 70 80 90

Age

Figure 7: Data Visualization for age
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o # finding the distribution of "Height™ column
sns.distplot(calories_data[ 'Height'])

fusr/local/lib/python3.7/dist-packages/seaborn/distributions.py:2557: F
warnings.warn(msg, FutureWarning)
<matplotlib.axes._subplots.AxesSubplot at @x7fcbbled3die>
0.025

0.020

0.015

Density

0.010
0.005

0.000
120 140 160 180 200 220
Height

Figure 7: Data Visualization for height

sns.distplot(calories_datal'

g
a

40 60 80 100 120 140
Weight

Figure 7: Data Visualization for weight
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Figure 8: Creating a heatmap to understand correlation

Converting the text data to numerical values

(] 0 83 1800 W0 200 1050 408 2310
ERREEEE 20 1860 o 10 403 6.0
2 t1iTeasz 0 B9 7 50 e EC 280
3 18180403 ETR 13.0 1 205 710
4 17771027 27 1540 580 10.0 310 T 350

Figure 9: Converting data into numerical values
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Separating features and Target

lunns=[ 'User_ID","Caleries'], axis=1)

[ ] X= caleri
¥ = calories_data['Caleries’)

O et

Gender Age Helght Welght Duration Heart Rate Bed

] -] 68 198.8 ]
1 1 @ 166.8 8
F3 e 69 179.8 L]
3 1 3 179.e ]
4 1 7 1548 8

1 1818 8

1 27 165.8 L]

1 43 158.8 8

e 7B 193.8 ]

e 61 173.8 8
[15288 rows x 7 columns]

: 15888, diype: floatéd

Figure 10: Separating features and target

Splitting the data into training data and Test data
[ 1 X_ train, X test, Y_train, ¥_test = train_test_split(X, ¥, test_size=08.2, random_state=2)

° print(X.shape, X_train.shape, X_test.shape)

(1508, 7) (12888, 7) (3000, 7)

Figure 11: Splitting data into training and test data

XGBoost Regressor

[ 1 # loading the model
model = XGBRegressor()

° # training the model with X_train
model.fit(X_train, ¥_train)
[18:86:32] WARNING: /workspace/src/objective/regression_obj.cu:152: reg:linear is now deprecated in favor of reg:squarederror.
XGBRegressor(base_score=0.5, booster="gbtree', colsample_bylevel=1,
colsample_bynode=1, colsample_bytree=1, gamma-@,
importance_type="gain', learning_rate=8.1, max_delta_step=@,
max_depth=3, min_child weight=1, missing=None, n_estimators=1@@,
n_jobs=1, nthread=None, objective="reg:linear’', random_state=e,
reg_alpha=0, reg_lambda=1, scale_pos_weight=1, seed=None,
silent=None, subsample=1, verbosity=1)

Figure 12: Applying XGBoost Regressor

Mean Absolute Error
[ ] mae = metrics.mean_absolute_error(Y_test, test data prediction)

° print(“Mean Absolute Errer = ", mae)

Mean Absolute Error = 2.7159812582233136

Figure 13: Computing the mean absolute error

Evaluation
Prediction on Test Data
[ ] test data prediction = model.predict(X_test)

[ ] print(test_data_prediction)

[120.86204 223.79721 39.181965 ... 145.59767 22.53474  92.29864 ]

Figure 14: Final prediction and Evaluation
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V. CONCLUSION

Through the utilization of multiple instance parameters and various factors, we have successfully enhanced the innovation and
effectiveness of calorie prediction systems. Accuracy, a crucial component in prediction-based systems, has been significantly
improved, resulting in more expressive regression outputs that are both understandable and bounded with a certain level of
accuracy. Notably, the XGB Regressor has emerged as a standout performer, exhibiting high accuracy in its findings. The mean
absolute error, a measure of the discrepancy between observed and predicted values, stands at an impressive 2.71 for the XGB
Regressor, indicating low error rates. Thus, we can confidently assert that the XG Boost Regressor serves as the optimal model
for predicting calorie burn. Furthermore, the proposed approach demonstrates flexibility, which can be further enhanced through
variations and adaptations.

In this study, we have focused on the seven primary factors that influence calorie burn; however, it is important to recognize that
other factors also play a significant role. To maintain overall health and fitness, it is crucial to not only understand the number of
calories burned but also monitor calorie consumption. Machine learning (ML) techniques can be employed to construct a user
interface (UI) where individuals can input their values and receive comprehensive results showcasing their calorie burn. By
integrating these features with our recommended diet and exercise regimen, we can develop a fully functional application that
empowers users to track their calorie burn effectively and make informed decisions regarding their health and fitness journey.
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