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Abstract 

Accurate prediction of calorie expenditure is essential for personalized fitness management yet conventional estimation methods 

based on Metabolic Equivalent of Task (MET) values fail to account for individual physiological differences. This study 

developed and compared three neural network models: Artificial Neural Network (ANN), Deep Neural Network (DNN), and 

Recurrent Neural Network (RNN) for predicting calories burned during aerobic exercise using Calories.csv and exercise.csv 

datasets sourced from Kaggle. The dataset was preprocessed through categorical encoding and feature engineering to expand the 

feature set. Exploratory data analysis was performed ant it identified exercise duration, heart rate, and body temperature as the 

strongest predictors of calorie expenditure. All three models were trained using back propagation and the Adam optimizer, and 

evaluated using R2, RMSE, MAE, and MAPE among other metrics. All models achieved over 99% explained variance, with the 

DNN emerging as the best performer (R2 = 0.9998), followed by the ANN (R2 = 0.9997) and the RNN (R2 = 0.9975). The RNN's 

comparatively weaker performance could be attributed to the non-sequential nature of the dataset. The DNN was subsequently 

deployed as a Flask-based web application providing real-time calorie predictions alongside health metrics such as BMI and 

exercise intensity. The study demonstrates that deep learning, particularly DNN architectures, offers a highly accurate and 

practical solution for personalized calorie prediction in fitness and health applications. 
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1. Introduction 

The global health and fitness landscape is increasingly 

shaped by data-driven technologies, creating a demand for 

personalized health metrics. A cornerstone of this personali-

zation is the accurate estimation of energy expenditure, quan-

tified as calories burned. This metric is vital for individuals 

managing weight, optimizing athletic performance, or achiev-

ing specific fitness goals [1]. Energy expenditure is the total 

amount of energy used by the human body to maintain physi-

ological functions and perform physical activities. According 

to energy balance theory, total energy expenditure consists of 

three major components: Basal Metabolic Rate (BMR), Ther-

mic Effect of Food (TEF) and Activity Energy Expenditure 

(AEE). Of all this, the Activity Energy Expenditure is the most 
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variable component and represents energy used during physi-

cal movement and exercise. It is influenced by several factors, 

including heart rate, body weight, age, physical fitness, activ-

ity intensity, and activity duration [2]. Traditional calorie es-

timation methods rely on generalized formulas and metabolic 

equivalent task (MET) values. However, these methods as-

sume uniform energy expenditure across individuals and fail 

to account for individual physiological differences such as 

body composition, metabolic efficiency, and genetic factors 

[2]. Research has shown that energy expenditure varies signif-

icantly among individuals performing identical activities due 

to variations in metabolism, cardiovascular efficiency, and 

muscle mass. This limitation highlights the need for intelligent 

systems capable of learning individual physiological patterns 

and accurately predicting calorie expenditure using data-

driven approaches such as machine learning. Machine Learn-

ing (ML), a transformative subset of Artificial Intelligence, 

offers a powerful solution. Unlike static formulas, ML models 

can learn complex, non-linear relationships from high-dimen-

sional datasets. By training on diverse features, such as an-

thropometric data (age, weight, height, and gender) and dy-

namic physiological signals (heart rate and activity type), an 

ML model can deliver highly personalized and accurate pre-

dictions of caloric burn [3]. In related development, [4] 

demonstrated that deep learning, a subset of Machine learning 

outperforms the traditional machine learning models in tasks 

involving complex data and hence more suitable for predicting 

calories burned due the complex nature of its dataset. Deep 

learning models in particular Neural network model are 

known as universal function approximations capable of ap-

proximating any nonlinear function with sufficient training 

data [5] which makes them suitable for regression problems 

involving physiological prediction. Calorie prediction is a re-

gression problem because the output variable (calories burnt) 

is continuous. Neural network models such as ANN, DNN, 

and RNN can be trained using supervised learning to predict 

calorie expenditure accurately as supervised learning enables 

neural networks to learn patterns from physiological data and 

improve prediction accuracy over time. Although several re-

searches has been carried out in the field of calories expendi-

tures however, most of the existing systems using conven-

tional formulas and wearable algorithms are not personalized 

[6] while most existing machine learning models for calories 

expenditure lack adequate data utilization and adaptability [7]. 

This work is designed to directly address these problems by 

developing and optimizing neural network regression models 

(ANN, DNN, RNN) for predicting calories burned. It is an in-

telligent, data-adaptive system that provides a personalized 

and reliable real time calorie prediction tool by leveraging 

computational intelligence thereby providing scientifically 

grounded support for human fitness endeavors. The motiva-

tion for comparing these neural network models leys with 

their similarities and difference as Artificial Neural Networks 

can learn relationships between physiological inputs such as 

heart rate, weight, age, and activity duration, and energy ex-

penditure for personalized predictions. Deep Neural Networks 

can learn deeper feature representations from data to automat-

ically identify important patterns in physiological data while 

Recurrent Neural Networks are particularly effective because 

they can analyze time-series physiological data such as con-

tinuous heart rate measurements. By implementing and com-

paring multiple neural network architectures within a com-

plete system, this paper contributes to improving the accuracy 

and practical applicability of calorie prediction systems. The 

outcome of this work is a functional neural network–based 

calorie prediction system capable of providing accurate, relia-

ble, and personalized calorie expenditure estimates in real 

time. 

2. Related Works 

Neural networks have become one of the most effective 

tools for predicting calories burnt due to their ability to model 

complex nonlinear relationships between physiological varia-

bles and energy expenditure. The application of neural net-

works in predicting energy expenditure has been widely stud-

ied and several researchers have proposed neural network–

based approaches to improve the accuracy of calorie predic-

tion systems. To illustrate thus fact, [8] developed a neural 

network model using wearable physiological sensors data to 

estimate energy expenditure. Their study demonstrated that 

neural networks could effectively learn complex relationships 

between physiological signals and calorie expenditure, 

providing more accurate predictions compared to traditional 

estimation methods. In the same Vein, [4] established the the-

oretical foundation of deep learning and demonstrated that 

deep neural networks can learn hierarchical representations 

from data and achieve superior performance in prediction 

tasks. Their research confirmed that deep learning models are 

highly effective for complex prediction problems involving 

nonlinear relationships. Equally, [9] developed a vision-based 

calorie prediction system using neural networks and RGB-D 

sensor data. Their system successfully estimated calorie ex-

penditure in real-life environments and demonstrated that neu-

ral network models could accurately predict energy expendi-

ture using sensor-based physiological and motion data. 

Deep learning and recurrent neural networks are particu-

larly effective for time-series prediction tasks, making them 

suitable for modeling sequential physiological data such as 

heart rate signals [10]. The study in [11], proposed CaloriNet, 

a deep neural network architecture designed to estimate calo-

rie expenditure using accelerometer data and temporal motion 

signals. Their model combined convolutional neural networks 

and temporal modeling techniques to improve accuracy. The 

results demonstrated that neural network–based models out-

performed traditional calorie estimation methods, highlight-

ing the importance of deep learning in energy expenditure pre-

diction. Similarly, [12] developed a deep learning model that 

used wearable sensor data such as accelerometer and heart rate 
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measurements to estimate energy expenditure. Their study 

demonstrated that neural networks could effectively learn re-

lationships between physiological variables and calorie ex-

penditure. The model showed improved prediction accuracy 

compared to traditional regression models, confirming the ef-

fectiveness of neural networks in physiological prediction 

tasks. In related development, [13] proposed a deep learning–

based system using wearable sensors, including inertial sen-

sors, electromyography (EMG), and heart rate monitors, to es-

timate energy expenditure. Their research evaluated deep neu-

ral network models such as Long Short-Term Memory 

(LSTM), a type of recurrent neural network, and convolu-

tional neural networks (CNN). The results showed that deep 

learning models could accurately estimate energy expenditure 

and provide real-time predictions, offering a practical alterna-

tive to indirect calorimetric, which is invasive and unsuitable 

for continuous monitoring. Also, [14] developed a hybrid 

CNN–LSTM neural network model to estimate energy ex-

penditure using wearable inertial measurement unit (IMU) 

sensors. Their study demonstrated that combining convolu-

tional neural networks and recurrent neural networks signifi-

cantly improved prediction accuracy. The CNN component 

extracted spatial features from sensor data, while the LSTM 

component captured temporal dependencies. This hybrid ap-

proach demonstrated superior performance compared to tradi-

tional machine learning methods. Furthermore, [15] con-

ducted a comparative study of neural network architectures for 

energy expenditure prediction using bio signals such as heart 

rate, respiration, and accelerometer data. Their results showed 

that neural network models achieved significantly lower pre-

diction errors compared to classical regression models. The 

study also emphasized the importance of adaptive modeling to 

account for individual physiological differences. Despite 

these advancements, several gaps still exist in the current body 

of research. Most existing calorie prediction systems lack per-

sonalization capabilities. They often rely on generalized mod-

els trained on population-level data rather than models that 

can adapt to individual users. Many existing studies also fo-

cused primarily on developing and evaluating neural network 

models in controlled research environments without imple-

menting complete systems that can be used in real-world ap-

plications. In many cases, the models are tested using pre-ex-

isting datasets rather than integrated into functional systems 

capable of collecting input data, processing it, and providing 

real-time predictions to users. There is therefore, a need for 

practical systems that compare the efficiencies of different 

neural network models under the same research condition and 

integrate the best neural network model into functional calorie 

burned prediction applications. 

 

3. Research Methodology 

The research methodology adopted in this study involves 

description of dataset, data preprocessing pipeline, feature en-

gineering strategy, neural network architectures employed for 

the Artificial Neural Network (ANN), Deep Neural Network 

(DNN), and Recurrent Neural Network proxy (RNN) as well 

as model evaluation and deployment. The methodology fol-

lows a structured, reproducible machine learning pipeline con-

sistent with quantitative research methodology. The proposed 

methodology for this study is presented in Figure 1. 

 
Figure 1. Proposed Research Methodology. 

3.1. Dataset Description 

Two datasets are acquired from the Kaggle Machine Learn-

ing Repository. These two datasets are Exercise.csv, which 

contains demographic and exercise session attribute values, 

and Calories.csv, which contains the corresponding calorie 

expenditure values. These two datasets are joined on the 

User_ID column using an inner join to form a single dataset 

containing 15,000 data points and 9 variables (prior to feature 

engineering). Table 1 provides a summary of the dataset at-

tributes. 
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Table 1. Summary of Raw Dataset Features. 

Feature Type Description Range 

User_ID Integer Unique participant identifier 10,001,159 – 19,999,647 

Gender Categorical Biological sex of participant male (7,447), female (7,553) 

Age Integer Age in years 20 – 79 

Height Integer Height in centimetres 123 – 222 

Weight Integer Body weight in kilograms 36 – 132 

Duration Integer Exercise duration in minutes 1 – 30 

Heart_Rate Integer Average heart rate during exercise (bpm) 67 – 128 

Body_Temp Float Body temperature during exercise (°C) 37.1 – 41.5 

Calories Float Target: Calories burnt (kcal) 1.0 – 314.0 

 

3.2. Dataset Preprocessing 

The unified dataset undergoes series of preprocessing steps 

to ensure proper cleaning and makes it ready for training the 

neural network models. The first step of preprocessing is cat-

egorical encoding, where the gender variable is encoded using 

binary encoding into a numeric variable, i.e., male=1 and fe-

male=0, so that it is suitable for neural network models train-

ing. The second step of preprocessing is feature engineering, 

where 11 features were created from existing features such as 

Body Mass Index (BMI), Body Surface Area (BSA), HR_Du-

ration, Metabolic_Load, among others, increasing the total 

number of features from 9 to 18. The third step of prepro-

cessing was feature standardization which was performed us-

ing z-score normalization, defined as: 

𝑧 =
𝑥−𝜇

𝜎
                      (1) 

Where 𝑥 is the original feature value, 𝜇 is the mean of 

the feature, and 𝜎 is the standard deviation. This transfor-

mation rescales all features to have a mean of 0 and a standard 

deviation of 1, which improves convergence speed and stabil-

ity for many machine learning algorithms. The fourth step of 

preprocessing was data splitting, where the dataset is divided 

into a training set containing 75% of the data (11,250 samples) 

and a test set containing 25% of the data (3,750 samples). 

3.3. Neural Network Model Development 

This study employs three neural network architectures 

ANN, DNN, and a Recurrent Neural Network proxy 

(RNN_proxy) to model the complex, non-linear relationship 

between physiological features and calorie expenditure. All 

three models are based on the Multi-Layer Perceptron (MLP) 

framework and operate as feed forward neural networks 

trained using back propagation and gradient-based optimiza-

tion. The ANN is a relatively shallow architecture consisting 

of two hidden layers with 256 and 128 neurons, respectively. 

The ANN receives an input vector of 18 features and propa-

gates this information through successive linear transfor-

mations followed by non-linear activation functions. At each 

layer, the computation is defined as: 

ℎ𝑙  =  𝜎(𝑊𝑙  ℎ𝑙−1  +  𝑏𝑙)             (2) 

Where ℎ𝑙  is the output of layer 𝑙, 𝑊𝑙  represents the 

weight matrix, 𝑏𝑙 is the bias vector, and 𝜎(·) is the activa-

tion function. In this study, the Rectified Linear Unit (ReLU) 

is used, defined as: 

𝜎(𝑥)  =  𝑚𝑎𝑥(0, 𝑥)               (3) 

The ANN’s shallow depth allows it to efficiently learn gen-

eral patterns in the data while maintaining low computational 

complexity. However, its limited number of layers restricts its 

ability to capture deeper hierarchical relationships among fea-

tures. The Deep Neural Network (DNN) extends the ANN by 

introducing four hidden layers with progressively decreasing 

neuron sizes (256, 128, 64, 32). This architecture enables hi-

erarchical feature learning; where early layers capture simple 

patterns and deeper layers combine these into more abstract 

representations. The forward propagation process remains the 

same as in the ANN but is applied across more layers, allow-

ing deeper abstraction. The final output of the network is com-

puted as: 

ŷ =  𝑊𝐿ℎ𝐿−1  +  𝑏𝐿               (4) 

Where L denotes the output layer. The progressive reduc-

tion in dimensionality (from 256 to 32 neurons) acts as an in-

formation bottleneck, forcing the network to retain only the 
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most relevant features. This improves generalization and re-

duces redundancy, making the DNN very effective in captur-

ing complex non-linear relationships and typically yielding 

good predictive accuracy. The Recurrent Neural Network 

proxy (RNN_proxy) is designed as a wide architecture with 

three hidden layers (256, 256, 128) to increasing representa-

tional capacity through its wider layers. The dual 256-neuron 

hidden layers create a high-dimensional feature space capable 

of modeling intricate interactions among input variables. The 

computations follow the same feed forward structure as ANN 

and DNN. Recurrent neural network operates using temporal 

dependencies defined as: 

ℎ𝑡  =  𝜎(𝑊ℎℎ𝑡−1  +  𝑊𝑥𝑥𝑡  +  𝑏)          (5) 

Where h_t represents the hidden state at time step t, and 

h_(t−1) is the previous hidden state. 

All three models are trained using the back propagation al-

gorithm, where the objective is to minimize a loss function, 

typically the Mean Squared Error (MSE), defined as: 

𝑀𝑆𝐸 =  (1/𝑛) 𝛴 (𝑦𝑖 − ŷ𝑖)
2           (6) 

Where 𝑦𝑖  is the actual value and ŷ𝑖  is the predicted value. 

The optimisation process iteratively updates model weights 

using gradient descent-based methods: Adam optimiser. Dur-

ing training, gradients of the loss function with respect to the 

weights are computed and used to adjust parameters in the di-

rection that minimizes prediction error. Google Colab was uti-

lized for training models and conducting experiments to lev-

erage the capabilities of GPU acceleration, which significantly 

reduced the training time for the neural network models. The 

implementation of the machine learning models was done 

with the help of the Tensor Flow library, which was used as 

the primary framework for the development of the ANN, 

DNN, and RNN models. The Keras library, which is a high-

level application programming interface (API), was used for 

the development of the neural network models due to its sim-

plicity and modularity, as it is a part of the Tensor Flow frame-

work. Other libraries were also used to support the develop-

ment process. The Scikit-learn library was used for data pre-

processing feature scaling, and the computation of the perfor-

mance of the models. The Pandas and NumPy libraries were 

used for data manipulation and numerical computation. Addi-

tionally, the Matplotlib and Seaborn libraries were used for 

data visualization. 

3.4. Model Evaluation Metrics 

The predictive performance of the developed models was 

evaluated using nine complementary evaluation metrics: R2, 

Adjusted R2, RMSE, MAE, MedAE, MAPE, EVS, Pearson 

correlation coefficient, and Maximum Error. These metrics 

collectively assess goodness of fit, average error magnitude, 

robustness to outliers, correlation strength, and worst-case 

prediction behavior. Coefficient of Determination (R2) 

measures the proportion of variance in the dependent variable 

explained by the model. It provides a global indication of 

model fit where values close to 1 indicates that the model ex-

plains almost all variability in the data, while values close to 

0 indicates poor explanatory power. However, R2 alone does 

not account for model complexity. It is given by the relation: 

𝑅2 = 1 −
∑ (

𝑛
𝑖=1 𝑦𝑖−𝑦̂𝑖)2

∑ (
𝑛
𝑖=1 𝑦𝑖−𝑦̀)2

              (7) 

Where 𝑦𝑖  actual value, 𝑦̂𝑖= predicted value, 𝑦̀= mean of 

actual values, 𝑛= number of observations. Adjusted R2 im-

proves upon R2 by incorporating a penalty for the number of 

predictors. This prevents artificially high scores when irrele-

vant features are added. It is particularly useful in this study 

due to the inclusion of engineered features, ensuring that im-

provements in performance are meaningful and not due to 

overfitting. 

𝑅
adj

2 = 1 −
(1−𝑅2)(𝑛−1)

𝑛−𝑝−1
             (8) 

Where 𝑝 is the number of predictors and 𝑛 is the number 

of observations. Root Mean Squared Error (RMSE) measures 

the standard deviation of prediction errors. Because errors are 

squared before averaging, larger errors have a disproportion-

ately high impact. This makes RMSE highly sensitive to out-

liers and useful for identifying models that produce large de-

viations from actual values. 

RMSE = √
1

𝑛
∑ (

𝑛

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)

2          (9) 

Mean Absolute Error (MAE) computes the average magni-

tude of errors without squaring them, making it more inter-

pretable and less sensitive to extreme values than RMSE. It 

provides a clear indication of the typical prediction error in the 

same units as the target variable (kcal). 

MAE =
1

𝑛
∑ ∣𝑛

𝑖=1 𝑦𝑖 − 𝑦̂𝑖 ∣          (10) 

Median Absolute Error (MedAE) represents the median of 

absolute errors and is highly robust to outliers. Unlike MAE 

and RMSE, it is not influenced by extreme prediction errors, 

making it a reliable measure of the model’s typical perfor-

mance under normal conditions. 

MedAE = median(∣ 𝑦1 − 𝑦̂1 ∣, ∣ 𝑦2 − 𝑦̂2 ∣, … , ∣ 𝑦𝑛 − 𝑦̂𝑛 ∣) (11) 

Mean Absolute Percentage Error (MAPE) expresses predic-

tion errors as percentages, enabling scale-independent evalu-

ation. This is particularly useful when comparing performance 

across datasets or models. Lower MAPE values indicate 

higher predictive accuracy, with values below 10% generally 

considered highly accurate. 
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MAPE =
100

𝑛
∑ ∣

𝑦𝑖−𝑦̂𝑖

𝑦𝑖
∣

𝑛

𝑖=1
           (12) 

Explained Variance Score (EVS) measures the proportion 

of variance in the target variable captured by the model’s pre-

dictions. Unlike R2, EVS does not penalize systematic bias 

(consistent over- or under-prediction). It focuses purely on 

how well the variability in the data is reproduced. 

EVS = 1 −
Var(𝑦−𝑦̂)

Var(𝑦)
              (13) 

Pearson Correlation Coefficient (r) measures the strength 

and direction of the linear relationship between actual and pre-

dicted values. Values range from −1 to 1. A value close to 1 

indicates a strong positive linear relationship, meaning predic-

tions closely follow the trend of actual values. 

𝑟 =
∑ (

𝑛
𝑖=1 𝑦𝑖−𝑦̀)(𝑦̂𝑖−𝑦̀̂)

√∑ (
𝑛
𝑖=1 𝑦𝑖−𝑦̀)2⋅∑ (

𝑛
𝑖=1 𝑦̂𝑖−𝑦̀̂)2

           (14) 

Where 𝑦̀̂ is the mean of predicted values? 

Maximum Error (MaxError) captures the largest single pre-

diction error made by the model. It is critical for evaluating 

model reliability, especially in applications where large pre-

diction failures are unacceptable. These metric highlights 

worst-case behavior rather than average performance. 

MaxError = max 
𝑖=1

𝑛
∣ 𝑦𝑖 − 𝑦̂𝑖 ∣           (15) 

3.5. System Prototype Development 

Lastly, the best-performing model is chosen for the deploy-

ment of the system. The system is built using the Flask frame-

work and Visual Studio Code. It is a web-based system that 

allows the user to input physiological and exercise-related pa-

rameters. It provides real-time predictions of calorie expendi-

ture. It also provides the user with other health-related benefits 

like BMI, metabolic load, and exercise intensity level. 

4. Results and Discussion 

This section includes Exploratory Data Analysis (EDA) of 

the dataset and evaluation result of the proposed models based 

on criteria: R2, Root Mean Squared Error (RMSE), Mean Ab-

solute Error (MAE), and Mean Absolute Percentage Error 

(MAPE). 

4.1. Exploratory Data Analysis (EDA) 

The correlation matrix (Pearson) from Figure 2 provides a 

clear quantitative overview of the linear relationships among 

the features and the target variable (Calories). The most strik-

ing observation is the very strong positive correlation between 

Duration and Calories (r ≈ 0.96), indicating that exercise du-

ration is the single most influential predictor of calorie ex-

penditure. Similarly, Heart Rate (r ≈ 0.90) and Body Temper-

ature (r ≈ 0.82) also show strong positive correlations with 

Calories, reflecting the physiological reality that increased 

cardiovascular activity and thermoregulation are associated 

with higher energy expenditure. In contrast, Age (r ≈ 0.15), 

Height (r ≈ 0.02), and Weight (r ≈ 0.04) exhibit weak correla-

tions with Calories, suggesting that demographic and static 

body measurements alone are poor predictors without interac-

tion with activity-related variables. Additionally, a notable 

multi-collinearity exists between Height and Weight (r ≈ 0.96), 

indicating strong linear dependence, which justifies the intro-

duction of derived features such as BMI during feature engi-

neering. Overall, the correlation structure validates the im-

portance of dynamic physiological features over static attrib-

utes. 

 
Figure 2. Correlation Matrix Plot. 

The feature distribution plots by gender reveal important in-

sights into the dataset’s structure and balance. The Age distri-

bution appears approximately uniform across the range of 20 

to 79 years, with male and female distributions nearly over-

lapping, confirming no age-related sampling bias. Height and 

Weight distributions show clear separation between genders, 

with males generally taller and heavier than females, which 

are consistent with biological expectations. However, despite 

these differences, their weak correlation with Calories sug-

gests that their effect is indirect. The Duration distribution is 

nearly uniform across the range of 1 to 30 minutes for both 

genders, ensuring that the dataset captures a wide variety of 
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exercise intensities. Heart Rate follows an approximately nor-

mal distribution centered on mid-range values (≈95 bpm), 

while Body Temperature is slightly left-skewed and tightly 

concentrated between 39°C and 41.5°C, indicating limited 

variability. The Calories distribution is right-skewed, with a 

high concentration of lower values and a long tail extending 

toward higher calorie burns. Importantly, male and female cal-

orie distributions overlap significantly, suggesting that gender 

alone does not strongly differentiate calorie expenditure when 

other features are considered. 

 
Figure 3. Feature Distribution. 

The scatter plots of key features from Figure 3 against Cal-

ories further reinforce the findings from the correlation analy-

sis while revealing the nature of relationships beyond simple 

linearity. The Duration vs Calories plot shows a near-perfect 

linear relationship, with data points tightly clustered along the 

regression line, confirming Duration as the dominant predic-

tor. The Heart Rate vs Calories plot also demonstrates a strong 

positive relationship, though with slightly more dispersion, in-

dicating that heart rate contributes significantly but with some 

variability. The Body Temperature vs Calories relationship 

appears non-linear, exhibiting a curved upward trend, suggest-

ing that small increases in temperature at higher levels corre-

spond to disproportionately larger calorie burns. In contrast, 

the Weight vs Calories plot shows a weak and diffuse relation-

ship, with a broad spread of calorie values across all weight 

ranges, confirming its limited standalone predictive power. 

Similarly, the Age vs Calories plot displays a very weak trend 

with high variance, indicating that age has minimal direct in-

fluence on calorie expenditure. 

 
Figure 4. Key Scattered Plots. 

Across all scatter plots, the regression lines (OLS fit) high-

light the general trend, while the dispersion of points indicates 

the variability captured by the models. The color-coding by 

gender shows substantial overlap in all relationships, reinforc-

ing that physiological and activity-based variables dominate 

prediction performance over demographic factors. This EDA 

demonstrates that calorie expenditure is primarily driven by 

exercise intensity and duration-related features, while demo-

graphic variables play a secondary role. The strong correla-

tions and clear patterns observed justify the feature engineer-

ing approach and support the use of neural networks as non-

linear model capable of capturing these complex interactions. 
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4.2. Model Results 

The results from Table 2 show that all three neural network 

models ANN, DNN, and RNN performed exceptionally well, 

with very high R2 values (≥ 0.9975). This indicates that each 

model explains over 99% of the variance in calorie expendi-

ture, demonstrating strong predictive capability as seen in Fig-

ure 5. 

Table 2. Result Presentation. 

Model R2 Adj R2 RMSE MAE MedAE MAPE (%) EVS Pearson r Max Error 

ANN 0.9997 0.9997 1.011 0.734 0.554 2.66% 0.9997 0.9999 10.16 

DNN 0.9998 0.9998 0.889 0.656 0.530 1.88% 0.9998 0.9999 11.93 

RNN  0.9975 0.9975 3.141 0.746 0.420 1.47% 0.9975 0.9988 84.23 

 

 
Figure 5. Adjusted R2 Scores. 

 
Figure 6. Mean Absolute Error Scores. 

The ANN resulted in a high R2 of 0.9997, with low error 

rates as well (RMSE of 1.011, MAE of 0.734). This shows the 

effectiveness of the shallow neural network. However, the 

higher MAPE of 2.66% shows a slightly higher relative error 

compared to the other models. The DNN surpassed the perfor-

mance of the ANN, with a higher R2 of 0.9998, lower error 

rates of 0.889 (RMSE) and 0.656 (MAE), respectively, prov-

ing the effectiveness of the deeper model on the calorie ex-

penditure data. Moreover, the lower MAPE of 1.88% shows 

the higher accuracy of the model. Thus, the DNN proves to be 

the best standalone model. 

The RNN model had the lowest R2 value (0.9975) and the 

highest RMSE (3.141), which signifies a relatively poor per-

formance. Though the MAPE of the RNN model (1.47%) is 

relatively very low, the high maximum error (84.23) may be 

attributed to the fact that the RNN model is suitable for se-

quential data, but the prediction of calorie expenditure does 

not seem to be dependent on time series. The comparative 

analysis of the neural network model Mean Absolute Error 

Score is shown in Figure 6. In general, the most reliable model 

among the neural networks is the DNN model because of its 

high accuracy and low error rate. The ANN model is also good 

but slightly underperforms compared to the DNN model be-

cause of its limited depth. The RNN model is less suitable for 

this task because of the lack of strong patterns. 

4.3. Analysis of Model Convergence 

Figure 7 presents the training dynamics of the ANN, DNN, 

and RNN, showing the variation of training loss and validation 

R2 across epochs. These curves illustrate the learning effi-

ciency, convergence speed, and generalization ability of each 

model. 
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Figure 7. Analysis of Model Convergence. 

From the graph of the ANN model, it is evident that the 

model converges very rapidly. The training loss is declining 

rapidly to almost zero within the first little iteration (approxi-

mately 3-5). At the same time, the R2 value is increasing rap-

idly to almost 0.9997 and then becomes stable. Therefore, it 

can be concluded that the model is learning the major patterns 

of the dataset. However, the extremely rapid convergence of 

the model implies that it is not able to efficiently learn com-

plex patterns. From the graph of the DNN model, it is evident 

that the model is converging optimally. The training loss is 

declining rapidly to almost zero. However, the rate of decline 

is slightly lower compared to that of the ANN model. At the 

same time, the R2 value is increasing to almost 0.9998 and 

then becomes stable. The R2 value is stable without any fluc-

tuations. Therefore, it can be concluded that the model is 

learning complex patterns optimally. On the other hand, the 

RNN shows a slower and less efficient convergence behavior. 

The loss decreases gradually over a longer number of epochs, 

up to 120, while the R2 of the validation data stabilizes at a 

lower level, approximately 0.9975. It can be noticed that the 

learning efficiency of the model is reduced. The slower con-

vergence, as well as the slight irregularities, shows the diffi-

culties of the model in learning the data. These difficulties are 

justified, as the RNN model is more appropriate for sequential 

data, while the data used in the present study is non-sequential. 

In conclusion, all models show efficient convergence, as indi-

cated by the continuously decreasing loss and the increasing 

R2. However, the best convergence behavior is recorded from 

the DNN model, which shows stability, accuracy, and effi-

ciency during learning. The ANN model shows good conver-

gence behavior, although with lower precision, while the RNN 

model is less efficient, as indicated by the slower learning be-

havior. 

4.4. Deployment 

Figure 8 shows the deployed calorie expenditure prediction 

system that offers an interactive user interface to compute the 

calories expended according to the specific inputs provided. 

The system includes the integration of the trained models de-

veloped through the machine learning techniques ANN, DNN, 

and RNN into a system that can function to make predictions 

in real-time. The interactive interface is divided into two main 

areas: the input section on the left where users can input their 

information and other parameters related to their workout rou-

tines, and the output section on the right where users can see 

the predictions made. The system allows users to make their 

choice of model to use in the predictions; however, it is rec-

ommended that the Deep Neural Network (DNN) model is 

used to make the predictions since it is the best. Once the re-

quired information is entered into the system, it can then make 

the predictions and display the calories expended as well as 

other health-related information such as Body Mass Index 

(BMI), metabolism load, and intensity of workout. The system 

is created using the Flask API. 

 
Figure 8. Calories Model Deployment Using Flask. 

The model uses various physiological and activity-based in-

put variables: Gender, Age, Height and weight, BMI, Duration, 

Heart rate, and Body temperature to make predictions and 

generate all necessary outputs. The developed system has 

proven to be effective in transforming machine learning mod-

els into an application that can be used to predict calories in 

real-time, thus being instrumental in ensuring health insights, 
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which can be very beneficial to an individual. 

5. Conclusion 

The result of this study shows that Deep Learning models 

are highly effective for prediction of calorie expenditure. The 

use of a quantitative approach helped in the objective evalua-

tion and comparison of different neural network architectures. 

It further illustrates that the DNN model is the most accurate 

and reliable model for predicting calorie expenditure with R2 

of 0.9998. This is because the DNN model is able to learn 

complex non-linear relationships between the features and 

calorie expenditure. The results also show that the ANN 

model performed well with R2 of 0.9997, thus showing that 

simple neural networks can be used for accurate prediction if 

the data is well-structured. However, the RNN has the least 

result for this prediction with R2 of 0.9975, as this type of neu-

ral network is mostly applicable for sequential or time-de-

pendent data, which might not be the characteristic of the data 

used in this study. Additionally, the research emphasizes the 

need to consider feature selection since the variables related 

to activity had a significant impact on the prediction accuracy, 

followed by the role played by demographic variables. Thus, 

the union of data analysis and deep learning is a powerful tool 

in the development of intelligent prediction systems in the 

health sector. In particular, this research proves that deep 

learning, in this case DNN, is applicable in the prediction of 

calorie expenditure and has the potential to be used in the real 

world in the development of fitness and health systems. Future 

studies should consider including more relevant features, such 

as the type of activity, metabolic rates, or the fitness levels of 

the individual, to enhance the accuracy of the model as well 

as the use of larger and more diverse dataset to increase model 

reliability. 
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