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Abstract

Our society needs to know what people are doing for different reasons such
as keeping people safe and tracking lifestyle and behavior. It's hard to watch
everyone all the time, but sensors that respond to movement can help
recognize what someone is doing. Many people have smartphones with
sensors, making this kind of recognition more useful. To classify human
activities this research looks at using different techniques using data from
smartphone sensors. They compare the accuracy and efficiency of different
methods.
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1. Introduction

The healthcare industry has a growing demand for a better understanding of human
conditions, especially in elder care, recuperation, diabetes, and cognitive diseases.
Using detectors and surveillance cameras can save money by detecting abnormalities
in real-time. Wearable sensors have been shown to accurately identify human
activities with low error rates, but most studies were done in laboratory settings that
are not practical for real-world use. The use of smartphones as sensors for identifying
human activities has the potential to revolutionize the way we gather data about
human behavior. By using the built-in sensors of modern smartphones, we can obtain
high-quality data that accurately captures a person's movements and activities,
without the need for complex and intrusive sensors. The ability to place the phone in
any position around the waist, such as a pocket, further increases the practicality and
user-friendliness of this approach. It also has the potential to save significant amounts
of money for caretakers, as real-time recording and reporting of abnormal gestures
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can help prevent and detect health issues early on. Overall, the use of smartphones as
sensors has the potential to greatly improve the lives of patients.

2. Related Work

The proposed approach by the authors [1] involves the utilization of smartphone
accelerometer and gyroscope data to detect activities, incorporating long short-term
memory (LSTM), autoencoders (AEs) and convolutional neural networks
(CNN).These techniques complement each other, with LSTMs being proficient at
temporal modelling, AEs used for dimensionality reduction, and CNNs excelling at
automatic feature extraction. To fully leverage their complementary capabilities, the
authors integrated CNNs, AEs, and LSTMs into a single architecture in their study.

In this particular study [2], multiple machine learning classification techniques were
utilized to detect human activities using sensor data from smartphones. The data
obtained from the sensors of smartphone such as gyroscope and accelerometer were
used to identify human activities. The study evaluated the efficiency and accuracy of
the different methods applied in the classification process. The results of these
methods were compared and analyzed.

Author. [3] introduced a novel approach for recognizing activities of human based on
the principle of compressed sensing. The article reported an 86% accuracy rate for the
recognition of human motion using this new approach. The authors also investigated
the scenarios and examples where the recognition results could be accepted or
rejected, which could lead to advancements in the area of recognition. The major
challenges in measuring the performance of the approach and methods used for
recognition is the validity of metrics. However, the new technique of model parameter
optimization can now be applied to improve the quality of recognition. It is worth
noting that activity recognition has applications beyond information technology, and
medical researchers utilize it to enhance healthcare services.

Z Chen proposed a reliable human activity recognition (HAR) system that utilizes
transformation of coordinates, Support Vector Machines (SVM) and CT-Principal
Component Analysis (PCA) [4]. To mitigate the impact of direction fluctuations, the
system employs CT-PCA. The proposed online SVM is independent and uses only a
small amount of information from the hidden location, making it an efficient and
effective approach for HAR.

For examining human activity recognition (HAR) operations using cellphones Ronao.
[5] suggested utilizing a deep convolutional neural network (CNN). The results of
their study showed that this technique has more sophisticated and relevant properties,
making it a promising approach for HAR.

While the vision-based technique has a identification rate for HAR, utilizing cameras
and video in interior settings raises privacy concerns and presents other technological
challenges, making it impractical [6]. On the other hand, the wearablebased
(smartphone) method is practical because of its compactness and adaptability,
allowing for the use of sensorequipped devices for HAR.

In reference [7], the author utilized a data that is obtained by fixing smartphone on
one of five body positions, including the left upper arm, right pocket, right upper arm
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and right wrist as a classifier for Support Vector Machines (SVM) to identify seven
activities. The study achieved a maximum classification accuracy of 82%.

Gjoreski et al. [8] conducted a comparison between deep learning and machine
learning algorithms and reported that deep learning algorithms performed somewhat
better.

Abu Alsheikh analyzed recognition of activities in various datasets and employed
paradigms of deep learning, which resulted in significant improvements in recognition
compared to other methods for human activity recognition [9]. Smartphone activity
identification systems [10] can be trained to identify data in the real-life using support
vector machines as the classifier. The system requires both a recognition phase and a
training phase, during which the acquired data is analyzed using activity models. One
advantage of using sensors attached to these smart devices is that machine learning
algorithms can be applied offline to analyze the data gathered for human activity
detection. Even with smartphones having more powerful resources such as CPUs,
memory, and batteries, the system can still be implemented in an online pattern.

In reference [11], the authors used a data by fixing smartphone in one of the user's
front-right and back-left pant pocket along with a classifier called neural network to
identify five different activities. The overall accuracy achieved was 93.311%.
However, since the neural network needs to be trained using MATLAB on a PC,
preparing the training datasets for this task can be challenging and time-consuming.
The work of author. [12] provides valuable insights into the main challenges faced in
physical activity monitoring, which is dealing with problems of classification that
exceed the capabilities of current classifiers.

Author. [13] used a smartphone with an sensor called accelometer to track a person's
movement while performing different physical activities. The authors were able to
correctly classify the different physical activities with a high accuracy rate of 98%.
Researchers in [14] searched for new approaches and strategies to improve the
reliability and accuracy of smartphone sensors for activity recognition. They proposed
a novel technique that combined the accelerometer of smartphone with a special chest
sensor to identify human activities based on timing.

The use of various techniques of machine learning for HAR is an active research area,
and LSTM RNNs are one of the popular choices due to their ability to capture long-
term dependencies in sequential data. The combination of smart home sensors with
LSTM RNNs is also interesting, as it can provide more comprehensive data about
human activity in the home environment. The use of ANN for data capture module
prototypes is also a common practice, as ANNs can efficiently process and extract
features from large datasets[15].

In [16], the authors employed a fixed wearable sensor (Zephyr BioHarness) in the
user's chest together with a smartphone fixed in one of the user's trouser pockets to
identify 12 activities. The highest performance this study was able to obtain was 95%.
Due to its size and ability to restrict breathing by tightening around the chest, the
Zephyr BioHarness sensor is difficult for patients to use.

That sounds like an interesting study on using a digital low-pass filter to identify
specific forms of human physical activity using mobile phone-generated acceleration
data. The use of multiple human subjects and real-world usage simulation for training
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and evaluating the system is also promising. It's good to hear that different statistical
features were considered and multiple classifiers were chosen to identify activities,
and the effort to find the best possible set by combining these classifiers is
commendable. Overall, this approach could potentially improve the accuracy and
reliability of HAR systems using mobile phone sensors[17].

In this study, Hoseini-tabatabaei.[18] suggested a context-aware activity recognition
framework for smartphones using multiple sensors, including accelerometer,
gyroscope, and magnetometer. They utilized a sliding window approach to segment
the sensor data and extract relevant features. A similarity search was then conducted
to identify the most similar activity patterns, and a classifier called decision tree was
employed to classify the activities. The suggested framework accomplished an
average accuracy of 92.5% for six different activities.

The accurate information is one of the challenges that HAR [19] recognition faces
because of the vast amount of processed data.Due to the necessity for daily life
activities and accurate information, supervised learning presents privacy concerns
because it uses actual information. However, in order to address the privacy concern,
researchers developed a backgroundoperating smartphone sensor that is producing
positive results in a cost-effective manner.

In their research paper, the author referenced as [20] utilized a smartphone that was
securely attached to the user's chest and employed Support Vector Machine (SVM) as
a classifier to successfully identify a total of 16 distinct physical activities. The overall
recognition rate achieved through their experimental method was an impressive 95.03
percent, indicating a accuracy of high level in the classification of the activities
recorded by the smartphone. This demonstrates the effectiveness of using SVM as a
method for activity recognition, and provides valuable insight into the potential
applications of such technology in fields such as healthcare and fitness tracking.
Anjum utilized sensors in smartphones to track various physical activities such as
jogging, climbing, cycling, walking and driving. In order to measure the accuracy of
the tracking, Anjum tracked the performance of several algorithms including Naive
Bayes, Decision Trees, KNN (K Nearest Neighbors), and SVM[21].

The author of [22] utilized a smartphone attached to any of the locations-the waist,
wrist, chest, or thighs-and applied SVM as a classification method to track activities.
However, with only six actions being tracked, this may not be sufficient to predict
user health. Nonetheless, the study achieved a 96% accuracy rate.

In [23], the authors were able to distinguish between five physical exercises by using
a single accelerometer worn on the wrist. The exercises that were differentiated
include strolling, sitting, lying down, standing and jogging. Additionally, the wearable
device accelerometer was able to identify eight different activities, including
computer usage.

In [24] explores the use of advanced sensors in mobile phones and smart wearables
for identifying physical activities. The authors applied five different classifiers to
recognize nine activities, including sitting, strolling, cycling, standing, going up,
running and down stairs, and lifting heavy objects. However, the authors did not
combine the sensor data from the two devices and instead analyzed each device's data
separately. For the mobile phone, they employed a magnetometer, an accelerometer,
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pressure sensors, and a gyroscope, while for the smart wearable, they only used an
accelerometer. In [25] used a stationary smartphone placed in the user's front trouser
pocket along with Naive Bayes and Clustered KNN classifiers to recognize four
activities. However, with only four activities being tracked, this may not be sufficient
to predict user health. The study achieved a highest performance rate of 92%.
Baccouche [26] introduced a fully automated deep learning model for a video-based
dataset, which does not require any prior knowledge. This model utilizes high-level
feature extraction and takes advantage of recent advancements in deep learning to
achieve promising results in various fields.

In [27], the authors utilized a smartphone positioned around the waist, such as in a
jacket or jeans pocket, with arbitrary orientation, a classifiers called support vector
machine, k-nearest neighbor and artificial neural networks were used to classify five
activities. However, with only five activities being tracked, this may not be sufficient
to predict user health. The study achieved an accuracy rate of 84.4%.

Sun proposed a HAR method utilizes smartphone accelerometer data with variable
position and rotation. The fourth dimension of the data is the acceleration magnitude.
The model also incorporates both generic and site-specific SVM [28]. Krishnan [29]
conducted a study using data collected from ten individuals, where three wearable
accelerometers were utilized to evaluate seven lower body actions. In the study by
Mannini & Sabatini [30], five tri-axial accelerometers were employed, and machine
learning techniques were used to identify users' movements and postures. Choudhury
et al [31] employed seven separate sensors to recognize actions in their model.

HAR has been a subject of research for years, and numerous solutions have been
proposed. Current methods often combine inertial sensors, visual sensors, or both,
using either threshold-based techniques or machine learning. While thresholdbased
algorithms are faster and easier to implement, machine learning methods typically
produce more accurate and reliable results. Additionally, one or more cameras have
been utilized to record and identify body posture [30, 33].

In addition to accelerometers, other available sensors have been the subject of studies.
According to Maurer et al. [31], an "ewatch" device is placed in shirt pockets, pants
pockets, backpacks, and other locations to identify typical user actions. The system
created by the authors [32] employs bi-axial accelerometers located at five specific
locations on the user's body to detect performed actions, which can aid in the
promotion of health and fitness.

Later on, researchers combined accelerometers with other sensors for activity
recognition. Parker, for instance, developed a mechanism that recognizes specific
actions such as standing, moving about, jogging, playing ball, and using the restroom.
Lee and Mase, on the other hand, investigated user location and activity recognition
[34].

This study aims to explore the effectiveness of various algorithms of machine learning
and deep learning in recognizing human activities using smartphone sensors. The
authors propose using a similarity-based approach that compares the current sensor
readings with previously recorded sensor data to identify the activity being performed.
The performance of several classifiers, including Naive Bayes, Decision Trees, KNN
(K Nearest Neighbors), and SVM, is evaluated. The study also aims to trackthe
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impact of different sensor placements on the accuracy of activity recognition. Overall,
the paper seeks to contribute to the growing body of research using sensors of
smartphone on recognition of human activities, with the goal of improving the
accuracy and effectiveness of activity monitoring system.

3. Existing Systems

The previous system for monitoring and guiding human activities was entirely
manual, requiring an individual to sit in front of a monitor and perform the necessary
tasks. Unfortunately, this process was both arduous and timeconsuming, resulting in a
costly system that was susceptible to human errors and negligence. As a result, there
was a growing need for a more efficient and reliable system that could accurately
recognize human activities in an open environment.

To address this challenge, to recognize human activities some systems began using
sensor data. However, these systems typically required the user to wear sensors,
which limited the scope of activity recognition in general. As a result, these solutions
were not always effective in monitoring human behavior in public spaces or other
open environments. Overall, there is a continued need to develop new and innovative
solutions that can accurately recognize and monitor human activities in real-time,
without imposing limitations on individuals or relying on manual processes. By doing
so, we can enhance the effectiveness and efficiency of existing systems and promote a
safer and more secure future for all.

4. Methodology

Our project aims to develop a smartphone application that can accurately classify
human activities using sensor data from the phone's accelerometer and gyroscope. We
explored several machine learning and deep learning techniques to categorize the
sensor data and identify the physical activity performed by the user. The primary
objective is to provide users with a seamless experience of tracking their physical
activities using their smartphones. We compared the performance and accuracy of
different classification methods to determine the most effective approach

4.1 Architecture

First, we gather a dataset from Kaggle. We check for errors and pre-process the data
by converting categorical values to numerical ones and scaling larger values. We then
divide the data and select the necessary features into training and testing sets. After
applying the algorithm, we use performance metrics like accuracy, recall, and
precision to evaluate the system'’s performance. Lastly, the system predicts the activity
as output.
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Fig 4.1: Architecture of Human activity recognition system

4.2 Module Design

The proposed system is designed with a module-based approach, where each module
represents a specific step in the process of recognition of human activities. The design
ensures a clear and complete flow of information throughout the system.

Data Dimensionality Modeling of

PP s I3 sing —» i —
Acquisition eprocessing reduction the system

Fig 4.2: Process of Activity Recognition

4.2.1.Data Acquisition
To gather data, we used sensors like accelerometers and gyroscopes to measure
physical conditions and converted the samples into digital numeric values.During the
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study, the researchers gathered data from 30 participants, aged 19-48 years old, who
wore a Samsung Galaxy S Il smartphone on their waist while performing six
activities. The smartphone's embedded sensors, including the accelerometer and
gyroscope, recorded the linear acceleration and angular velocity of the movements at
a consistent rate of 50Hz. The data was split into two sets, with 70% for training and
30% for testing. We applied noise filters and sampled the signals in windows of 2.56
seconds with a 50% overlap. A low-pass filter separated the acceleration signal into
body acceleration and gravity. Lastly, we extracted features from each window.

Accelerometer

Accelerometers are important in smart devices and wearables. They detect changes in
the device's orientation relative to a reference point and adjust the direction to the
user's viewing angle. For instance, when you turn your phone sideways, you can see a
webpage in landscape mode. The camera mode also adjusts depending on the device's
orientation. The accelerometer measures acceleration in 3D (X, Y, Z axes) during free
fall to detect changes in orientation.

Y

Fig 4.3: Smartphone Accelerometer Directions

Gyroscope

Gyroscopes help to maintain position, level, or direction based on angular momentum.
When combined with accelerometers, they detect movement along the six axes (left,
right, up, down, forward, and backward) and identify movements of yaw, roll, and
pitch along the X, Y, and Z axes. MEMS gyroscopic sensors aid navigation and
recognize gesture frameworks used in smartphones and tablets.
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Fig 4.4: Gyroscope on Smartphone

4.2.2.Preprocessing

Data preprocessing is an essential step in preparing raw data for analysis or modeling.
It involves various techniques to clean, transform, and format data to make it suitable
for downstream processing. This step is crucial for machine learning projects, where
input data quality can significantly impact the model's accuracy and reliability. Data
may be incomplete, inconsistent, or contain errors or outliers. Preprocessing
techniques, including cleaning, feature selection, and normalization, address these
issues. Filtering methods are often used, with output from one step serving as input
for the next. Data preprocessing ensures data quality and is critical for accurate and
reliable data-driven analysis or modeling.

4.2.4 Dimensionality Reduction

Dimensionality reduction is a technique used in activity recognition to reduce the
number of features while retaining information. This is useful because many datasets
have a features in large number, leading to overfitting. Methods of dimensionality
reduction include PCA, LDA, and t-SNE. PCA finds the principal components of a
dataset, LDA maximizes the separation between different classes of activities, and t-
SNE is used for visualization. Dimensionality reduction improves accuracy and
provides insight into relationships between activities.

pandas profiling

Pandas profiling is a powerful tool for conducting quick and comprehensive
exploratory data analysis of a Pandas Dataframe. It provides a summary of the dataset
through descriptive statistics such as mean, data types, standard deviation, missing
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values and median. The primary objective of profiling is to gain a thorough
understanding of the data to enable it to be queried and visualized in a variety of
ways. The screenshots below demonstrate the usefulness of pandas profiling in
gaining insights into a dataset.

Dataset info Variables types
Number of variables 562 Numeric 220
Number of observations 7352 Categorical 0
Total Missing (%) 0.0% Boolean 0
Total size in memory 31.5 MiB Date 0
Average record size in memory 4.4 KB Text (Unique) 0

Rejected 342
Unsupported 0
Fig 4.5: Overview of the dataset
Variables
angle(X gravityMean) Distinct count 7352 Mean 0.48955
- Unique (%) 100.0% Minimum 1
Maamum
Toggle detad
H"‘le(y lJlaVllyMPRl\) Distinct count 73952 Mean ). OBUNS3
' Unique (%) 100 0% Minimum 1
Maximum ). A781C

angle(Z gravityMean) Distinct count 7352 Mean -0.056515
. Unique (%) 100 0% Minimum 1

Maximum

Fig 4.6: Details about the features in the dataset
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Fig 4.7: Details about each individual feature
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Fig 4.8: Distribution of the values of the features

4.2.5 Modeling of the system

The modeling process also involves choosing an appropriate algorithm or
combination of algorithms based on the specific problem and data characteristics,
selecting the best hyperparameters for the chosen algorithm(s), and implementing any
necessary preprocessing steps to prepare the data for modeling. To consider factors
such as scalability, computational efficiency and interpretability when selecting a
model. Overall, the goal of modeling is to create a model that can accurately and
efficiently make predictions on new, unseen data.

Importing the data using pandas and analyzing its shape and structure is an essential
first step. Checking for duplicates and null values is important to ensure data quality.
Visualizing the data using graphs and determining the balance of the data is also
crucial. Feature engineering, such as changing feature names and differentiating
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between dynamic and static activities, can improve the quality of the input data. Using
techniques like TSNE can also aid in visualizing and clustering the data. Converting
categorical columns to numerical columns using LabelEncoder can also be useful for
machine learning models. Finally, testing accuracy using deep learning and models of
machine learning can help evaluate the effectiveness of the preprocessing and
modeling techniques use.

5. Implementation

a. Input Dataset

The HAR dataset used in the study is a well-known dataset in the area of human
activity recognition, and has been widely used in various studies and competitions.
The dataset consists of smartphone sensors (accelerometer and gyroscope)
measurements, providing detailed information about the participants’ movements
during daily activities. The manual labeling of the data ensures the accuracy of the
ground truth labels, which is essential for the development of machine learning
models.By randomly splitting the data into training and test sets, it becomes possible
to assess the models' performance on new, unseen data, and also prevent overfitting..
Overall, the dataset provides a valuable resource for research in the area of human
activity recognition.

b. Classification Algorithms

5.2.1 K-Nearest Neighbour

The k-nearest neighbour (KNN) algorithm divides the labels of the k closest training
examples into the feature space and uses the results to classify unlabeled occurrences.
Since it delays data processing until a classification request is made, kNN is a lazy
learning algorithm., The code imports necessary libraries, loads train and test datasets,
converts categorical values to numerical values, and initializes KNN classifier. It uses
a loop to find the optimal number of neighbors for KNN algorithm and plots the
accuracy scores. It also tests KNN algorithm with reduced features and principal
components to find the optimal parameters for predicting human activities using
smartphone sensor data.

KNN Algorithm

o Load data using a library like pandas.

o Choose the number of neighbors, K.

e  To compute the K-Nearest Neighbors, determine the distance between the query
example and each of the other examples in the dataset.

e  Create an ordered collection that includes both the distance and the index of
each example, then sort the collection in ascending order based on the distances.
Select the first K entries in the sorted collection..

Get the labels of the selected K entries.
For regression, return the mean of the K labels; for classification, return the
mode of the K labels.
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e  To determine the best K value for the K-Nearest Neighbors algorithm, it is
necessary to run the algorithm several times using varying K values, and then
select the K value that produces the highest accuracy when tested on new and
unseen data.

Hyper parameters used: PCA(n_components=170, random_state=0) n_neighbors=17

5.2.2 Support Vector Machine

Support Vector Machines (SVMs) are a widely used type of supervised machine
learning algorithm. They have been adapted for use in a variety of applications,
including multiclass classification and regression analysis. SVM model trains with the
default kernel 'rbf' and displays its train and test accuracy. It then loops through
different kernel functions, trains the SVM model using each kernel, and displays its
test accuracy. The test accuracy values for each kernel are stored in a list, which is
later used to plot a bar chart using Seaborn's barplot function.The code then trains the
SVM model again using the 'linear' kernel, as it provided the highest accuracy among
the tested kernels. It displays the train and test accuracy values.Next, the code shows
how to choose the value of the regularization parameter C, which is used to control
the comprmise between the smoothness of the decision boundary and the degree to
which it correctly classifies the training data.The SVM model is then trained using the
PCA-transformed train dataset, and its train and test accuracy values are displayed.
The results show that the SVM model's accuracy decreases slightly after PCA, but it
is still high enough to be useful for classification.

Next, It loops through different numbers of principal components and trains the SVM
model using each number. It then displays the test accuracy values for each number of
principal components, which are stored in a list that is later used to plot a scatterplot.
The results show that the SVM model's accuracy peaks at around 190 principal
components and then starts to decrease. This suggests that reducing the
dimensionality of the dataset beyond this point does not provide much benefit in
terms of classification accuracy.

SVM Algorithm

e  Begin by importing the libraries: numpy, pandas, seaborn, and matplotlib.

o Load the train and test datasets into pandas DataFrames using the read_csv()
function.

o Encode the activity labels of both the train and test datasets using the
LabelEncoder() function.

e  Train the model with a linear kernel and calculate both the training and test
accuracy.

o Evaluate the efficiency of the SVM model by testing different kernel functions,
including 'rbf', 'linear’, ‘poly’, and 'sigmoid'.

o Use the seaborn library to plot the accuracy of the SVM model for each kernel
function.

o Select a regularization parameter value (C) and evaluate the efficiency of the
SVM model with various C values, using a linear kernel.
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e To simplify the training dataset, implement Principal Component Analysis
(PCA) to reduce its dimensionality.

e  Assess the effectiveness of the Support Vector Machine (SVM) model using the
reduced dimensionality dataset that was obtained through PCA.

e  Determine the optimal number of components for maximum accuracy and plot
the accuracy against the number of components.

e  Evaluate the performance of the SVM model using the optimal number of
components obtained from PCA.

. Use the seaborn library to plot the confusion matrix for the SVM model.

Hyper parameters wused: kernel='linear’, C=1.0 PCA(n_components=190,
random_state=0)

5.2.3.XG Boost

XGBoost is a powerful distributed gradient boosting library designed to be highly
effective, adaptable, and portable.

It is built on the Gradient Boosting framework and is capable of implementing a range
of machine learning algorithms. Based on sensor data from a smartphone XGBoost
classifier classifies activities. It reads and encodes the data, trains and tests the
classifier, performs feature selection and dimensionality reduction, and plots the
results. The code then iterates over learning rates and principal components to
optimize accuracy, applies the classifier, evaluates performance, and outputs a
confusion matrix and classification report.

XG Boost Algorithm

. Load the training and testing data from CSV files.

e  Encode the labels using sklearn's LabelEncoder.

e  Train a default XGBoost classifier and report the train and test accuracy.

e  Evaluate the impact of different learning rates on accuracy by training classifiers
with varying learning rates and recording their test accuracy.

e  Evaluate the impact of selecting different features by training classifiers with
different feature subsets.

e  Evaluate the impact of dimensionality reduction using PCA on accuracy by
training classifiers with different numbers of components and recording their
test accuracy.

o Evaluate the impact of different learning rates on accuracy after dimensionality
reduction by training classifiers with varying learning rates and recording their
test accuracy.

e  Report the final train and test accuracy of the XGBoost classifier using the
selected features and optimal number of components.

e  The algorithm outputs multiple accuracy scores and visualizations to aid in
interpreting the results.

Hyper parameteres used:

learning_rate=1

PCA(n_components=180, random_state=0)
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5.2.4.Logistic Regression

Logistic regression is a statistical method that examines the correlation between one
or more independent variables, which can be classified as nominal, ordinal, interval,
or ratio-level, and a binary dependent variable. It is particularly suitable when the
dependent variable has a binary or dichotomous nature, meaning it can take only two
possible outcomes. Firstly, it separates the subject information and labels from the
training and testing data. The subject information is stored separately, while the labels
are stored as the target variable.

Next, it drops the subject and activity columns from the data, as they are not needed
for classification.It then uses the LabelEncoder function from the scikit-learn library
to encode the categorical activity labels as numerical target labels.The next part is to
initializes a logistic regression model and trains it on the training data and target
labels. The trained model is then used to predict the activity labels for the testing data.

5.2.5. Convolution Neural Networks

Classifier s accuracy|precision| recall | F1
XGBoost 0.934 | 0.9358 [0.9326|0.9335
KNN 0.908 | 0.9136 |0.9032| 0.905
Logistic Regressio n| 0.9643 | 0.9666 |0.9639/0.9643
SVM 0.9633 | 0.965 |0.9627|0.9634
CNN 0.9602 | 0.9613 |0.9602|0.9601

Convolutional Neural Networks (CNNSs) are a particular kind of neural network that
are often used in the context of Human Activity Recognition (HAR) to analyse time
series data, such as accelerometer and gyroscope signals obtained from wearable
sensors.First, it reads the train and test data from CSV files, separates the features and
labels, and replaces the activity names with integer labels.The Keras library is then
used to define the CNN model. Two 1D convolutional layers make up the model's
foundation, which is then followed by two dense layers and a final output layer with
softmax activation. The sparse categorical cross-entropy loss function is used in the
model's construction along with the stochastic gradient descent optimizer.Using the
fit() function, the model is trained across 100 epochs.

CNN Algorithm

Import necessary libraries and modules

Read train and test dataset files into Pandas DataFrames
Extract features and labels from DataFrames

Convert activity labels to integers

Define function to create CNN model with Keras API
Reshape features to fit CNN model

Compile model with loss function, optimizer, and metrics
Train model with fit function using train and validation data
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. Evaluate trained model with evaluate function using test data
. Predict labels on test data and calculate confusion matrix

. Visualize confusion matrix with Seaborn heatmap
Hyperparameters

ConvlD layer, Dense layers, Optimizer, Loss function, Metrics
5.4 Comparision of Algorithms

Table 1: Tabular representation of evaluation metrics for each classifier

CLASSIFIER ACCURACY
Support Vector Machine 96.3352
K-Nearest Neighbour 90.8042
XG Boost 93.4509
Logistic Regression 93.3495
Convolusion Neural Network(CNN)|  96.335

Table-1 displays the performance metrics of several classifiers used to classify data.
The first column lists the name of each classifier, which includes XGBoost, KNN,
Logestic Regression, SVM, and CNN. The remaining columns contain different
performance metric for each classifier, including Accuracy, Precision, Recall, and F1-
score.

6. Results

Table 2: Tabular representation of obtained accuracy

Classifiers Training Accuracy|Test Accuracy
XGBoost 0.9994 0.9395
KNN 0.9842 0.9002
Logistic Regression 0.9955 0.9644
SVM 0.979 0.9504
CNN 0.9536 0.9223

Table-2 displays the training and test accuracy of different classifiers used in a
machine learning task. The first column lists the names of each classifier, which
includes XGBoost, KNN, Logistic Regression, SVM, and CNN. The second and third
columns show the trainingand test accuracy, respectively.
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Figure 5.1: Confusion Matrix for XGBoost

In figure 5.1, we can observe that sitting and standing, walking and walking
downstairs values are getting overlapped.
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Figure 5.2: Confusion Matrix for KNN
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In figure 5.2, we can observe that sitting and standing, walking and walking
downstairs values are getting overlapped.
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Figure 5.3: Confusion Matrix for Logistic Regression
In figure 5.3, we can observe that sitting and standing, values are getting overlapped.
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Fig 5.4: Confusion Matrix for SVM
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In figure 5.4, we can observe that sitting and standing values are getting overlapped.
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Fig 5.5: Confusion Matrix for CNN

DEMO:

1AL @ m

SmartFitOn

Welcome to the SmartFitOn Monitor! Using
this application, you will be able to keep

track of your daily activities like walking,
jogaging, sitting, standing, walking upstairs
and walking downstairs, Make to sure to have
the phone in yourfront pocket so as not to
adversely affect recognition accuracy.

Press on the start button below to start
monitoring your fitness. Pressing the

button means that thae application will begin
gathering data from the accelerormeter (even
in background). Press stop to stop. It is
recommended that you press start after you
wake up and press stop before you go to bed
every day.

> (=

Press on the TABLE button below to

view activities and their corresponding
confidence in real-time. Similarly, press on
the STATISTICS button to view your fithess
statistics over different periods of time.

TABLE STATISTICS

Fig 5.5: Home page of SmartFitON
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Figure 5.5 displays the home page of SmartFitOn’s mobile application, which
provides an overview of the app’s functionalities and usage instructions.

Fig 5.6: Sitting.

The image shown in Figure 5.6 depicts a representation of a person sitting, which has
been identifiedby the system as having the higest confidence rate for the sitting
posture.

Select a time period below and tap the screen to view
how you spent your time.

Past Hour -
|

W Downstairs W Jogging  Sitting B Standing M Upstairs B Walking

Walking: 10.9%

Figure 5.7: pie chart for past hour
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Figure 5.11 presents a pie chart that displays the various activities performed by the

user over the past hour.
o> e a

Select a time period below and tap the screen to
view how you spent your time

Past Month -

B Orecaes B aggeny ey B ety § ipeees @ weeg

p

Figure 5.8: piechart for past month.

The pie chart shown in Figure 5.8 displays the various activities performed by the
user over the past month.
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Fig:5.9 Activities perfromed in a week
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The segmented bar graph shown in Figure 5.9 displays the various activities
performed by the user in past week.

7. Conclusion

This project made a system that employs a smartphones accelerometer to identify six
distinct human activities. We gathered data, extracted features, reduced
dimensionality, and utilizing various machine learning algorithms including KNN,
SVM, Logistic Regression, XGBoost and CNN to train and evaluate the model. The
best accuracy achieved was 96.33% with SVM and CNN, showing the effectiveness
of these algorithms and the importance of using machine learning for activity
recognition.

8. Enhancements

Future work could include expanding the number of activities recognized by the
system and deploying a real-time version on a smartphone platform. Additionally, it
would be beneficial to explore other query strategies, such as variance reduction and
density-weighted methods, to improve the performance of the active learning
approaches used in this study.
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