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Abstract— Human Activity recognition is most thrilled and adventurous field of research area and scientifically recognized
development about the computer vision, image-processing, human — computer interaction and various real-time human
activities. It is a prominent area of analyzing and classification of the real time physical activities. Real time activities can
be performed in different fields like healthcare, childcare, sports, fitness, security. In the previous scenarios, processing data
has been recorded through 10T based sensors or extracted manually from datasets from official websites. Detailed overview
of previous years, reference papers on human activity recognition is discussed in this paper. Automatic recognition of the
human physical activity has become crucial in inter-personal communication and human behavior analysis. Taking this
topic to the next level upgradation in our project, in this paper we are using the smartphone recorded dataset through
Google-Fit app. As we know, now-a-days smartphones are playing important role in recognizing activities and have inbuilt
fitness sensors like accelerometer, gyroscope, magnetometer and even the gps data. The google-fit data we have extracted
have multiple variations and is recorded from the real time scenarios. We applied various machine learning algorithms like
logistic regression, random forests, support vector machine, naive bayes, k-nearest neighbors, gradient boosting methods,
neural networks for accuracy prediction and classifying activities. Also, we are using ensemble methods to predict the
accuracies of all learning methods on single dataset in a single format. Our experimental results will compare all the
techniques and show if we get the best accuracy through the ensemble methods or separately predicting the accuracy by
applying each machine learning algorithm independently. We will also calculate the F1 score, precision score and recall
score to evaluate the metrices and a Confusion matrix was made for each module. Additionally, we are using action classifier,
object recognition and deep learning methods for continuously recording activities and multi-person activity tracking and
recognition processes.

Keywords— Google-Fit, Machine Learning, Logistic Regression, Random forests, Support vector machine, Naive bayes, K-
nearest neighbours, Gradient boosting methods, Neural Networks, Ensemble methods.

I. INTRODUCTION TO SMART-FIT RECOGNITION: -

Now a days, Human Activity Recognition is a most desirable and promising field to recognize, classify and understand the behavior
of the various real time human activities that we performed in our day-to-day life. It is an inter-disciplinary field related to computer
vision that seeks to analyze human motion, balance, postural control, and interactions with their environment. It is a prominent
activity for instructing computers to adapt the knowledge of what are the humans performing and what are the actions they doing
and how much preferable they are for their physical health and other performances. For Recognition, Classification and Detection
of the real time human centered monitoring of the physical activities, many mobile applications have been evolved through centuries
and many researchers have proposed various solutions for getting accurate outputs. Recognition can be accomplished by utilizing
the fitness data from various sources such as the inbuilt mobile software applications like Google-Fit, Samsung health or by the
body worn sensors. Classification and Detection can be performed with the help of the Machine Learning a desirable language to
understand the data and perform predictions or decisions. Smart-Phones are bringing up new research opportunities for human
centered applications where the user is a rich source of context information and the phone is the first-hand sensing tool.

Recognizing the Human motions:

It involves using advanced technologies to understand the motion data extracted from the smartphone sensors and categorize the
various human activities based on it. It is used to monitor every action performed by a human in different time intervals and this
can be achieved and extended by the support of the Machine Learning techniques. Threshold based algorithms is a simple and faster
commonly applied to recognize human motions but Machine Learning algorithms predicts the accurate results. The movements,
positions and various actions of each body part is utilized to recognize and classify the human actions in the human model-based
methods. However, to evolve an accurate and précised Smart HAR system, researchers must analyse the diversification in human
body sizes, postures, motions, appearances, viewing angles, different locations, and illuminations.

Types of Sensors Involved:

In Smart-Fit Recognition, latest smartphone-based devices have come up with the embedded built in sensors like accelerometers,
gyroscope, magnometer, microphones, dual cameras and Gnss like gps. The use of smartphones with inertial sensors is an alternative
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solution for the Smart-Fit HAR system. Smartphones inertial sensors records the human activities based on its actions like running,
walking, cycling and so on utilizing the movements of human body parts like thighs, waist, wrist, legs, and chest to achieve good
classification performance. These sensors are usually comfortable for the common user and provide long term dependencies and
solutions for activity performance and monitoring.

Accelerometers: - It is an electronic sensor, that measures the acceleration forces acting on an object, to determine the object’s
position in space and monitor the object’s movement. It measures the linear motion of the body’s movement.

Gyroscope: - It is a device that can measure and maintain the orientation and angular velocity of an object. These are more advanced
than accelerometers. These can measure the tilt and lateral orientation of the object whereas accelerometer can only measure the
linear motion.

Gnss: - Global navigation satellite systems like GPS allows precise tracking of a person’s location in real-time by continuously
collecting location data. It provides more context for activity recognition.

Significance of the Machine Learning Language:

Machine Learning is a field of the artificial intelligence that focuses on developing algorithms and models that allow computers to
learn from data and make predictions or decisions without being explicitly programmed for each task. It is about creating systems
that can automatically improve and make sense of information, identifying patterns and making decisions based on that data. It is
specifically utilized for smart-fit recognition due to its ability to handle complex data patterns and make accurate predictions and
classification. It has excellence in recognizing patterns within data which is crucial for interpreting the diverse and intricate signals
captured by sensors in smart-fit devices. It can adapt and generalize from training data to new unseen activities. These can allow
them to recognize a wide range of movements and actions making them versatile across different scenarios. Most important it can
automatically extract relevant features from raw sensor data capturing the essential characteristics necessary for activity recognition.
As more data becomes available or as they encounter new activities, these models can refine their recognition capabilities. They
can process the information real-time, making them suitable for applications requiring immediate recognition such as fitness
tracking or human motions monitoring. It can be designed to be robust against variations in sensor data due to environmental
conditions, device placement or user behaviour. System can perform different tasks and recognize the multi day to day actions
performed by humans which can be either simple activity like sleeping, or complex activities like running and eating.

Major Challenges of HAR system due to many environmental, data accuracy and other significant challenges. Challenges occurred
due to the complexity of the data and the nuances involved in accurately identifying and classifying different aspects. One most
important challenge is diversification and variability of the smart-fit data. Smart-fit encompasses a wide range of information,
including various fitness metrics, biometric data, and sensor readings from different devices, each with its own format, resolution,
and quality. This heterogeneity makes it challenging to create a standardized approach for processing and analysing the data.
Moreover, the dynamic nature of human activities and exercises introduces another layer of complexity, leading to variability in
how smart fit data is generated and interpreted. Additionally, ensuring the accuracy and reliability of the classification models in
the face of noisy or incomplete data remains a critical challenge. Addressing these challenges requires robust data preprocessing
techniques, adaptable machine learning models capable of handling diverse inputs, and strategies to mitigate noise and variability
while maintaining the integrity of the classification process.
In this paper, we are proposing a modern technology-based approach to construct a complex based yet adaptable machine learning
framework designed specifically for the recognition and classification of the smart-fit data.

By leveraging advanced machine learning techniques, the goal is to achieve a comprehensive understanding of individual fitness
behaviours and activities. This involves parsing through an array of fitness metrics, biometric data, and sensor readings obtained
from smartphones. The framework endeavours to navigate the complexities posed by the dynamic nature of human movement and
exercise routines, striving to decipher and categorize this data accurately. It intends to measure the effectiveness of various machine
learning classification algorithms. The experiments have been carried out with a smartphone recording data of a person of age 21
years. The person performed activities like (Afternoon walk, Late night walk Morning bike ride, Evening walk, Evening bike ride,
Lunch walk, Early morning walk and many more activities depends on the dataset we choose) wearing a smartphone (Samsung
Galaxy S31) in a pocket using its embedded accelerometer and gyroscope. The motivation behind our work is to implement machine
learning algorithms in real world datasets so that their accuracy can be studied and effective conclusions can be drawn.

II.RELATED WORK

In [2008] A Godfrey , R Conway, D Meagher, GO Laighin described a direct measurement of the human movement by
accelerometry. It is basically prepared for physiological, mechanical, and anatomical factors. This paper presents the underlying
biomechanical elements necessary to understand and study human movement. It also reflects on the sociological elements of human
movement and why it is important in-patient life and wellbeing. Finally, the concept of direct measurement by accelerometry is
presented with past studies and modern techniques used for data analysis. Issues are it is totally based on accelerometer and does not
include gyroscope and other sensors so as; it effects the angular velocity and orientation of the model. IT is not useful for non-linear
motions.
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In [2013] Davide Anguita, Alessandro Ghio, Luca Oneto, Xavier Parra, and Jorge L. Reyes-Ortiz presents the paper for the Public
domain dataset for the Human activity recognition using Smartphones in ESANN 2013. They have experimented with Activity
Recognition Database, built from the recordings of 30 subjects doing Activities of Daily Living while carrying a waist-mounted
smartphone embedded inertial sensors. Only SVM is used here, requires improvement in classification performance of model non-
dynamic actions effects and misclassification overlaps.

In [2016] Bishoy Sefen, Sebastian Baumbach, Andreas Dengel and Slim Abdennadher have created an Human activity
recognition using smartphones and smart-watches. In this paper, a platform to combine sensors of smartphones and smart watches to
classify various human activities have been proposed. The overall accuracies lies between the 84.6% and 89.4%.This model can be
further increase by incorporating more sensors like heart rate, gps recognizing high level activities.

In [2014] Akram Bayat, Marc Pomplum, Duc Tran have proposed a study on human activity recognition using accelerometer
data from the smartphones. We selected five classifiers each offering good performance for recognizing our set of activities and
investigated how to combine them into an optimal set of classifiers. We found that using the average of probabilities as the fusion
method could reach an overall accuracy rate of 91.15%.

In [2019], Zameer Gulzar and Anny lemma proposed the complete Human activity recognition using Machine learning
classification techniques. They extracted that data from a UCI online storehouse for classification. They have applied 6 different
learning algorithms on the dataset independently to analyze the activity. Precision and recall values were calculated and a confusion
matrix is made for each model. They predicted Neural networks and Logistic regression gives the best accuracies as compared to
other classifiers.

In [22], Sanku Satya Uday, Satti thanuja Pavani and Jaya Lakshmi and Rohit Chivukula have proposed a classifying human
activity using Machine learning and deep learning techniques. Here, Data visualization is done on expert generated, features with the
help of t-distributed Stochastic Neighborhood Embedding followed by applying various Machine learning techniques like Logistic
regression, Linear SVC, Kernel SVM, Decision tree to better classify the 6 distinct human activities. Moreover, Deep learning
techniques like Long Short-term memory, Bi-directional LSTM, Recurrent neural network and gated recurrent unit are trained using
a raw time series data.

In [23], Yee Jia Luwe, Chin Poo Lee, Kian Ming Lim proposed a latest Wearable sensor based human activity recognition with
ensemble learning a comparison study. It presents a comparative study of the ensemble learning methods for human activity
recognition. The methods include random forest, adaptive boosting, gradient boosting, extreme gradient boosting, and light gradient
boosting machine.

111. MACHINE LEARNING ALGORITHMS APPLIED: -
An Overview

Machine Learning is a field of the artificial intelligence focusing on the ability of the computers to develop algorithmic based
models allowing computers to explore and research the data acquired through smartphones based inertial sensors and make
predictions, detection and classification of human activities based on the human motions. Various types of Machine learning
algorithms are employed to process, interpret, and categorize data obtained from fitness apps and smartphones. Algorithms we are
applying in our project are: -

Logistic Regression: - It is a supervised machine learning based algorithm mainly used for the classification tasks where the goal
is to predict the probability that an instance belongs to a given class or not. It is a kind of statistical algorithm, which analyse the
relationship between a set of independent variables and the dependent binary variables. It is a powerful tool, for decision making.
For example email spam or not. It is mainly used for binary classification where we use a logistic function, also known as a sigmoid
function that takes as independent variables and produces a probability value between 0 and 1.

Support Vector Machine: - Support Vector Machine (SVM) is a powerful machine learning algorithm used for linear or
nonlinear classification, regression, and even outlier detection tasks. SVMs can be used for a variety of tasks, such as text
classification, image classification, spam detection, handwriting identification, gene expression analysis, face detection, and
anomaly detection. SVMs are adaptable and efficient in a variety of applications because they can manage high-dimensional
data and nonlinear relationships. SVM algorithms are very effective as we try to find the maximum separating hyperplane
between the different classes available in the target feature.

Random Forests: - Random Forest is a popular machine learning algorithm that belongs to the supervised learning technique. It
can be used for both Classification and Regression problems in ML. It is based on the concept of ensemble learning, which is a
process of combining multiple classifiers to solve a complex problem and to improve the performance of the model. Random Forest
is a classifier that contains a number of decision trees on various subsets of the given dataset and takes the average to improve the
predictive accuracy of that dataset." Instead of relying on one decision tree, the random forest takes the prediction from each tree
and based on the majority votes of predictions, and it predicts the final output.

Naive Bayes: - Naive Bayes algorithm is a supervised learning algorithm, which is based on Bayes theorem and used for solving
classification problems. It is mainly used in text classification that includes a high-dimensional training dataset. Naive Bayes
Classifier is one of the simple and most effective Classification algorithms which helps in building the fast machine learning models
that can make quick predictions. It is a probabilistic classifier, which means it predicts based on the probability of an object. Some
popular examples of Naive Bayes Algorithm are spam filtration, Sentimental analysis, and classifying articles.
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K-nearest Neighbours: - K-Nearest Neighbours is one of the most basic yet essential classification algorithms in Machine
Learning. It belongs to the supervised learning domain and finds intense application in pattern recognition, data mining, and
intrusion detection. It is widely disposable in real-life scenarios since it is non-parametric, meaning, it does not make any
underlying assumptions about the distribution of data (as opposed to other algorithms such as GMM, which assume a Gaussian
distribution of the given data). The K-Nearest Neighbours (KNN) algorithm is a robust and intuitive machine learning method
employed to tackle classification and regression problems. By capitalizing on the concept of similarity, KNN predicts the label
or value of a new data point by considering its K closest neighbours in the training dataset. In this article, we will learn about a
supervised learning algorithm (KNN) or the k — Nearest Neighbours, highlighting its user-friendly nature.

Gradient Boosting Methods: - Gradient Boosting is a powerful boosting algorithm that combines several weak learners into
strong learners, in which each new model is trained to minimize the loss function such as mean squared error or cross-entropy
of the previous model using gradient descent. In each iteration, the algorithm computes the gradient of the loss function with
respect to the predictions of the current ensemble and then trains a new weak model to minimize this gradient. The predictions
of the new model are then added to the ensemble, and the process is repeated until a stopping criterion is met. There is two most
popular boosting algorithm i.e.

AdaBoost :- In contrast to AdaBoost, the weights of the training instances are not tweaked, instead, each predictor is trained
using the residual errors of the predecessor as labels.

Gradient Boosting: - There is a technique called the Gradient Boosted Trees whose base learner is CART (Classification and
Regression Trees).

Neural Networks: - Neural networks, particularly Convolutional Neural Networks (CNNs) and Recurrent Neural Networks
(RNNs), are pivotal in smart fit recognition. CNNs excel at processing visual data from fitness trackers or cameras, identifying
patterns in images such as workout poses or gestures. RNNs, on the other hand, handle sequential data like time-series information
from sensors, capturing temporal patterns in activities. Both architectures aid in feature extraction, enabling accurate classification
of fitness activities and biometric data, crucial for understanding and monitoring individual fitness routines.

Ensemble methods: - Ensemble methods are techniques that create multiple models and then combine them to produce improved
results. Ensemble methods in machine learning usually produce more accurate solutions than a single model would. This has been
the case in several machine learning competitions, where the winning solutions used ensemble methods.

Performance Metrics: -

Following are the performance metrics that are used to evaluate and compare performance of various classifications techniques
used [16]. In our working, we have used these metrics to assess the performance of our system:

Accuracy: The accuracy score is a metric used to evaluate the performance of a machine learning model. It is defined as the ratio
of the number of correct predictions to the total number of predictions made by the model. It is calculated as:

Accuracy += (TP + TN) /(TP TN + FP + FN)

Precision: Precision is a metric that measures the proportion of true positive predictions made by a model out of all the positive
predictions it made. It is calculated as the ratio of the number of true positives to the sum of true positives and false positives. It is
calculated as:

Precision= TP /(TP + FP)

Recall: In machine learning, recall is a metric that measures the proportion of true positive predictions made by a model out of all
the actual positive samples. It is calculated as the ratio of the number of true positives to the sum of true positives and false negatives.
It is calculated as:

Recall = TP / (TP+FN)

F1-Score: The F1 score is the harmonic mean of precision and recall, which gives more weight to low values. The F1 score ranges
from 0 to 1, where 0 means the worst possible result and 1 means the perfect result. F1-Score is calculated by the following formula:
F1 =2 * (Precision * Recall) / (Precision + Recall)

where:

TP: Number of True Positive

TN: Number of True Negavtive

FP: Number of False Positive

FN: Number of False Negavtive

Mean Squared Error (MSE): This metric measures the average squared difference between the predicted and actual values, often
used for regression tasks (e.g., estimating exercise intensity).

Formula: **MSE = (1/N) * ¥ (y_i - y_hat_i) **"2

Root Mean Squared Error (RMSE): This metric is the square root of MSE, offering a unit of measurement comparable to the
data itself.

Formula: RMSE = sqrt (MSE)
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IV. PROPOSED SYSTEM

The main goal of this paper is to recognize, classify real-time human motions using smartphones-based fitness apps with
embedded inertial sensors and predict if we are getting the accurate score by applying each algorithm independently on a single
dataset or by using ensemble methods. Our system proposed a smartphone (Samsung A31) based Google-Fit app with inbuilt inertial
sensors to record and extract the fitness data for the classification and feature extraction.
Data Collection: Firstly, we have accessed the Google-Fit Takeout to extract the real-time recorded fitness data from the Google
Fit app. The dataset is of a 21-year-old person performing various activities like Morning walk, Evening Walk, Morning bike ride,
Evening bike ride, Lunch walk and so on. The dataset contains of various fields like heart minutes, heartrate, date, move minutes,
calories, distance, average speed, max speed, min speed, step count, biking duration, inactive duration, walking duration, running
duration, average weight, max weight, min weight and geographical data like low and high longitudes and latitudes. The Google-
fit dataset consists of continuous recordings that are added through different time intervals when new recordings are commenced.

Data Pre-processing: In data pre-processing, our fitness dataset is multivariate, dynamic, and continuous, missing values are
encountered in latitude, longitudes, durations and heartrates and minutes fields. We have created a sample dataset and extracted all
data in it and clean the data by refilling all the missing values through mean squared method, average or interpolation method. There
are other methods like ffill () or rfill () to fill up the missing values in a dataset. Also, we can use dropna () or mean, median, mode
methods for handling missing values. After handling all missing values, the new output was saved in the original dataset for further
processing.

Feature Extraction: It is the most important step in the smart-fit recognition to understand our data thoroughly and extract meaning
features as the input for the classification process. In fitness data, we must learn which factors are inter-dependent on each other.
By using head (), info () and describe () we can learn the data and extracting the meaningful features for the training testing methods.
Also, we can used type () to know the datatypes of columns and find the categorical data to convert into int or float. At last, relevant
features are extracted that have an impact on classification task.

Model Selection: Now, we will choose various machine learning classification algorithms like SVM, logistic regression, random
forests, naive bayes, neural networks, gradient boosting methods, creating module for each one independently on the dataset or we
are using ensemble methods for creating multiple models and combining to improve performance.

Model Training: For training and testing our classification module, we are using sklearn library to import train_test split and split
my labelled data into train and test section. We will use hyperparameters like max_depth for tree-based methods and learning rate
for neural networks and gradient boosting methods, kernel for SVM’s.

Model Evaluation: Now, we will evaluate our model’s performance and how accurate our data is based on our classification. We
will calculate accuracy, precision score, fl score and create a confusion matrix for each module we perform using sklearn metrics.

Model Fine-tuning: If our model’s performance is not satisfactory, we will fine-tune hyperparameters, try different algorithms and
will use advanced technologies like hyperparameter optimization.

Model Deployment: Once satisfied with the model's performance, we can deploy it in a real-world application. This might involve
integrating it into a mobile app or other relevant systems.

Monitoring and Maintenance: - Continuously monitoring the model's performance in real-world scenarios. Re-train the model
periodically to adapt to changing conditions and to account for new activities or changes in sensor data characteristics.

Scaling: If needed, scale the system to handle more data or accommodate a larger user base. You may need to consider cloud
infrastructure or distributed systems.

V.RESULTS
Following are the results of the independent modules of each Classifier and the Ensemble Methods: -

The first table shows the processes performed in the Machine learning classification techniques. The Fitness data is extracted from
the smartphone-based Google fit app with embedded inertial sensors. Due to multi-variations and dynamic, missing values are been
handled using the interpolations or mean, median, mode methods also we can use ffill () and bfill () for filling up missing values. For
extracting relevant features for classification, we are using describe (), types (), head () to understand the data and acquire
dependencies. We are using sklearn library for splitting into train and testing the modules and hyperparameters like learning rate,
max_depth for model training.

The second table shows the features included in our dataset and their recordings, here we have heart data, steps counting, geographical
like low and high longitude and latitude data, Date, move minutes count, running duration, walking durations, inactive durations,
Distance, and weight data. Here, Data is a categorical data that we converted into the numerical format using numpy library and
feature extraction techniques.

The third dataset shows the histogram and heatmap representation of our dataset here, we have used the interpolation method to fill
up the missing values and the Nan values in our input X in dataset for the further processing. At this moment our accuracy is low and
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not satisfactory and we are trying to do more working in our dataset using the advanced machine learning methods to handle missing
values and increase the accuracy and the performance of each module we have created.

Table 1: - Creation of Module for Smart-Fit Recognition step by step

/ N —» Sitting
- Testing \ —» Walking
Pre- Feature —» Going Upstairs
processing Extraction > Model Classification
Training —» Going Downstairs
-~
I Standing
y
— ‘
L Laying
Validation

Table 2: - Dataset information and description of their datatypes

<class ‘pandas.core.frame.DataFrame’>
RangeIndex: 94 entries, © to 93
Data columns (total 21 columns):

Column Non-Null Count

o
1
2
3
a4
5
6
7
8
9

[y
®

dtypes:
memory

Move Minutes count
Calories (kcal)
Distance (m)

Heart Points

Heart Minutes

Low latitude (deg)
Low longitude (deg)
High latitude (deg)
High longitude (deg)
Average speed (m/s)
Max speed (m/s)

Min speed (m/s)

Step count

Average weight (kg)
Max weight (kg)

Min weight (kg)
Biking duration (ms)
Inactive duration (ms)
Walking duration (ms)
Running duration (ms)
floate4(18), intea(2),
usage: 15.6+ KB

non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null

2 non-null
2 non-null
2 non-null

non-null
non-null
non-null
non-null

object(1)

floatea
floatea
floatea
floate4
floate4a
floate4
floatea
floate4a
floate4
floatea
floatea
intea

floatea
floate4a
floatea
floate4a
floate4a
floate4a
floate4

Table 3: - HISTOGRAM AND HEATMAP DATA PRESENTATION OF THE DATASET
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Table 3.2 = Heatmap Representation of dataset

VI. CONCLUSION AND FUTURE WORK
This paper has proposed a trained human motion model by applying various machine learning algorithms independently and
includes using the ensemble methods for combining the performance of multiple models on a single dataset. Results of our
experiments shows that Ensemble methods give the best accurate results while compared with other independent modules of
classifiers. Results of our study show that while performing comparison between the ensemble methods and the independent modules
of each classifier, ensemble learning gives the best results. Many future extensions of our works are possible. These are as follows:
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We would like to work more on our dataset as our accuracy prediction is low and not satisfactory. Also, will try to use different
techniques of extracting the data files from the app as the activity names are not included in it while extraction.

We would like to validate our model more to make it flexible in recognizing and classifying continuous fitness recordings.

We would like to work on feature extraction thoroughly using advanced hyperparameters and detecting which activity is performing
a particular task.

We would like to extend our model by using advanced techniques to handle missing data to increase the dataset’s performance

We can extend our model, by using deep learning modules like CNN, RNN to work on image processing and timeseries data and
open cv for the continuous recording through the camera action.

We would like to try object recognition system to detect moving objects through the cameras using Open CV.

Due to continuous data recordings through the fitness app, we will try to enhance our models more for getting flexible with the new
activities and increasing our precision metrics score for having more accurate results through our prediction.
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