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1. Introduction

1.1. Problem Definition

Human activity recognition is the task of automatically identifying and classifying
the different activities that a person is performing based on sensor data collected
from wearable devices. The problem involves analyzing data from various
sensors such as accelerometers and gyroscopes, and then using machine
learning algorithms to classify the activities [6]. The goal is to accurately
recognize activities such as walking, running, sitting, standing, and other
common activities that humans engage in.

The challenge in human activity recognition is to develop a robust and accurate
algorithm that can deal with the variability and complexity of human
movements, as well as the noise and inaccuracies of sensor data. Furthermore,
the algorithm must be able to adapt to individual differences in how people
perform activities and generalize well to new environments.

The solution to this problem has many potential applications, including health
monitoring, fitness tracking, and activity recognition in smart homes and other
intelligent environments.

1.2. Scope of Report

Machine Learning techniques have been used throughout this project and so this
project contains the results of Machine Learning algorithms such as K-Nearest
Neighborhood, Linear Support Vector Machine, Random Forest. Report contains
analysis of the results of the classifiers based on these algorithms.

1.3. Organization of Report

1.3.1. Literature Survey

Earlier Methodology, Machine Learning techniques, Types of Learning
(Supervised and Unsupervised), Existing Techniques are mentioned in this
section.

1.3.2. Proposed Techniques for Human Activity Recognition

Workflow, Classifiers that are used in this project, Flowcharts are stated in this
section as the proposed techniques to recognize Human Activity.
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1.3.3. Result and Analysis

Results that are found after completion of this project and analysis of the results
are stated in this section of the report.

1.3.4. Conclusion and Future Direction

The ultimate conclusion that is got after the completion of the project and what
can be the future directions are mentioned in this section.

10| Page




2. Literature Survey

2.1. Background

Human Activity Recognition (HAR) using sensor data is a popular research area
in the field of machine learning and artificial intelligence. HAR involves the use
of sensor data from devices such as accelerometers, gyroscopes, and
magnetometers to identify and classify human activities, such as walking,
running, sitting, and standing.

Supervised learning is a popular approach for HAR using sensor data, where
labeled data is used to train a machine learning model that can then be used to
classify new, unlabeled data. A variety of supervised learning algorithms have
been used for HAR, including decision trees, support vector machines, random
forests, and neural networks [6].

In recent years, deep learning approaches, particularly convolutional neural
networks (CNNs) [10] and recurrent neural networks (RNNs), have shown
promising results for HAR using sensor data. CNNs are well-suited for processing
sensor data, as they can learn spatial features from the data, while RNNs can
capture temporal dependencies in the data.

Several benchmark datasets are available for HAR using sensor data, including
the UCI Human Activity Recognition Using Smartphones dataset [9], the WISDM
dataset [4], and the Opportunity dataset. These datasets have been used to
evaluate the performance of various supervised learning algorithms and deep
learning approaches for HAR.

Overall, the literature on supervised learning for HAR using sensor data is
extensive, with a wide range of approaches and techniques being explored. The
field continues to evolve as researchers work to develop more accurate and
robust models for HAR using sensor data.

2.2. Types of Learning
2.2.1. Supervised
Supervised learning is a type of machine learning in which an algorithm is trained

on labeled data to make predictions or decisions about new, unseen data. In
supervised learning, the algorithm is provided with a set of inputs (also known
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as features or predictors) and corresponding outputs (also known as labels or
targets) and learns to map the inputs to the outputs. The goal of supervised
learning is to develop a model that can accurately predict the output for new
inputs.

The process of supervised learning involves several steps, including:

1. Data collection: Collecting data that includes both the input features and
corresponding output labels.

2. Data preparation: Preprocessing and cleaning the data to remove any noise or
outliers, and splitting the data into training and testing sets.

3. Model selection: Choosing a suitable model architecture and algorithm for the
problem at hand.

4. Training: Feeding the labeled training data into the model to learn the
relationship between the input features and output labels.

2.2.2. Unsupervised

Unsupervised learning is a type of machine learning in which the algorithm
learns patterns or relationships from unlabeled data without explicit guidance or
supervision. In unsupervised learning, the algorithm is given a set of inputs (also
known as features or predictors) without any corresponding output labels, and
it must discover the underlying structure or patterns in the data.

The goal of unsupervised learning is to identify interesting or meaningful
patterns or relationships in the data. This can include clustering similar data
points together, identifying anomalies or outliers in the data, or reducing the
dimensionality of the data to simplify further analysis.

The process of unsupervised learning involves several steps, including:

1. Data collection: Collecting data that includes only the input features without
any corresponding output labels.

2. Data preparation: Preprocessing and cleaning the data to remove any noise or
outliers.

3. Model selection: Choosing a suitable model architecture and algorithm for the
problem at hand.

4. Evaluation: Evaluating the model's performance by analyzing the output and
comparing it to known patterns or relationships in the data.

Unsupervised learning is useful when there is no labeled data available, or when
the underlying patterns or structure in the data are not well understood.
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Unsupervised learning algorithms are widely used in fields such as image
processing [14], natural language processing, and anomaly detection.

2.3. Machine Learning

Machine learning is a field of artificial intelligence that focuses on the
development of algorithms and models that allow computers to learn from data
without being explicitly programmed. The aim of machine learning is to develop
algorithms that can learn from data and make predictions or decisions based on
that data. There are several types of machine learning, including supervised
learning, unsupervised learning, semi-supervised learning, and reinforcement
learning.

2.3.1. Supervised Machine Learning Techniques

2.3.1.1. k-Nearest Neighbors (k-NN)

k-NN is a simple and intuitive classification algorithm [6]. It classifies new
instances based on the class labels of their nearest neighbors in the feature
space. In HAR, k-NN can be used to find similar instances based on sensor data
patterns and classify activities accordingly.

2.3.1.2. Neural Networks

Deep learning techniques, such as Convolutional Neural Networks (CNNs) [10]
[12] and Recurrent Neural Networks (RNNs) [15], have shown promising results
in HAR. CNNs [13] are effective for analyzing sensor data with a spatial structure,
such as accelerometer data, by capturing local patterns through convolutional
layers. RNNs [5] [7], on the other hand, are suitable for sequential data, such as
time series data from sensors [11], as they can capture temporal dependencies.

2.3.2. Unsupervised Machine Learning Techniques

2.3.2.1. K-Means Clustering

K-Means Clustering is a popular unsupervised learning algorithm used for
clustering. It aims to group similar data points into K clusters based on their
similarity in terms of their features.
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2.3.2.2. Anomaly Detection

Anomaly detection is an unsupervised learning algorithm used to identify
unusual or unexpected data points in a dataset that do not conform to the
general pattern.

In this project, we will be working on some supervised machine learning
algorithm to predict several Human Activities like walking, standing, walking
downstairs, laying, walking upstairs etc.

2.4. Existing Techniques

There are various existing techniques for HAR that utilize different sensor
modalities and machine learning approaches. Here are some of the commonly
used techniques:

1. Wearable sensors: One of the most widely used techniques for HAR is utilizing
wearable sensors, such as accelerometers, gyroscopes, and magnetometers,
attached to the body or clothing of the user. These sensors capture the motion
of the body and provide information about the orientation and movement of the
user [3] [8].

2. Smartphone sensors: Smartphones have become a popular platform for HAR
due to their widespread availability and built-in sensors, such as accelerometers
and GPS. Smartphone-based HAR systems can collect data continuously and
provide insights into users' daily activities [1] [2].

3. Computer vision: Computer vision techniques, such as image and video
analysis, have been used to recognize human activities based on visual
information. These techniques can use cameras or RGB-D sensors to capture the
motion of the user and identify activities such as walking, running, or sitting.

Overall, the choice of technique for HAR depends on the specific application, the
available sensors, and the required accuracy and robustness of the system.
Recent studies have shown that deep learning techniques, in combination with
wearable or smartphone sensors, can significantly improve the accuracy and
applicability of HAR systems.
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3. Classifiers for Human Activity Recognition

3.1. Workflow

The workflow for Human Activity Recognition (HAR) typically involves several
steps, including data collection, preprocessing, feature extraction, model
training, and evaluation. Here is a general outline of the workflow:

3.1.1. Dataset Collection

After doing a lot of survey over various dataset, the dataset is chosen on which
the project work has been done.

3.1.2. Data Preprocessing

Data was preprocessed and all the values were normalized. To check whether
the data is balanced or not plotting has been done.

3.1.3. Labeling

In supervised learning scenarios, the preprocessed data needs to be labeled with
corresponding activity labels. This labeling has been done in this stage.

3.1.4. Model Training

With the labeled data and extracted features, a machine learning model is
trained to recognize activities. The choice of the model depends on the specific
problem, available data, and desired performance. In this project we have
worked with KNN, Linear SVM and Random Forest Classifiers.

3.1.5. Model Evaluation

Once the model is trained, it needs to be evaluated to assess its performance.
This is typically done by splitting the labeled data into training and testing sets.
The model trained using KNN, Linear SYM and Random Forest algorithm are then
evaluated on the testing set, and metrics such as accuracy, precision, recall, or
F1l-score are computed to measure its performance. Cross-validation or other
evaluation techniques like GridSearchCV are used to ensure robustness of the
model.

It's important to note that the workflow may vary depending on the specific
requirements and constraints of the HAR problem. Different techniques and
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algorithms may be used at each step, and iterations between steps may be
necessary to refine the models and improve performance.

3.2. Flowchart

3.2.1. KNN

Split Dataset into Training
and Testing Data

Calculate distance between test sample and
traiming sample using euclidean distance or
manhattan distance etc.

Sort the distances in ascending
order and keep K nearest
training samples

Retrieve the labels of K nearest fraining
samples and assign the most frequent target
label to the test sample as predicted value

h

Return the predicted
value

Flowchart For KNN Algorithm
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3.2.2. Random Forest

Split Dataset into Training
and Testing Data

For each free in forest randomly sample a
subset of training data to create training set
and randomly select subset of features to
consider at each split

Build a decision free using new
training set and selected
features

Predict the target label for test sample using
decision free in the forest and assign the
muost frequent target label to test sample as
the predicted label

Return the predicted
labels for all test

samples

Flowchart For Random Forest Algorithm
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3.2.3. Linear SVM

Split Dataset into Training
and Testing Data

Calculate the weight vectar,
bias term

Use the learned weight vector and bias term to
predict target labels of test samples using decision
function

3.3. Classifiers

3.3.1. KNN

Inputs:

Return the predicted
labels for all test
samples

Flowchart For Linear SVM Algorithm

Used

o Training dataset: a matrix containing the feature values of the training data
o Target labels of the training dataset: a vector containing the target labels of
the training data
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o Test dataset: a matrix containing the feature values of the test data

o Number of nearest neighbours to consider (K)

Output:

o Predicted target labels for the test data: a vector containing the predicted
target labels for the test data

Algorithm:

1. For each test sample:

o Calculate the distance between the test sample and each training sample
using a distance metric (e.g. Euclidean distance).
The Euclidean distance between p and g is given by:
d(p,q)=sart((p-a)"2)

o Sort the distances in ascending order and keep the indices of the K nearest
training samples.

o Retrieve the target labels of the K nearest training samples.

o Assign the most frequent target label to the test sample as the predicted
label.

2. Return the vector of predicted labels for all test samples.

3.3.2. Random Forest

Inputs:

O
O

O O O O

Training dataset: a matrix containing the feature values of the training data
Target labels of the training dataset: a vector containing the target labels of
the training data

Test dataset: a matrix containing the feature values of the test data

Number of trees in the forest

Maximum depth of each tree

Number of features to consider at each split

Output:

O

Predicted target labels for the test data: a vector containing the predicted
target labels for the test data

Algorithm:
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1. For each tree in the forest:

o Randomly sample a subset of the training data (with replacement) to create
a new training set.

o Randomly select a subset of the features (without replacement) to consider
at each split.

o Build a decision tree using the new training set and the selected features.

2. For each test sample:

o Predict the target label for the test sample using each decision tree in the
forest.

o Assign the most frequent target label to the test sample as the predicted
label.

3. Return the vector of predicted labels for all test samples.

3.3.3. Linear SVM
Inputs:

o Training dataset: a matrix containing the feature values of the training data

o Target labels of the training dataset: a vector containing the target labels of
the training data

o Test dataset: a matrix containing the feature values of the test data

o Regularization parameter (C)

Output:

o Predicted target labels for the test data: a vector containing the predicted
target labels for the test data

Algorithm:

1. Normalize the feature values of the training dataset to have zero mean and
unit variance.

2. Solve the primal form of the linear SVM optimization problem:
min_w,b 0.5* | |w]||*2+C*sum(max(0,1-y i*(wT*x_ i+b)))fori=1ton

subjecttoy i * (WT*x_i+b)>=1fori=1ton,
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where w is the weight vector, b is the bias term, x_i is the i-th training sample,

y_i is its corresponding target label, n is the number of samples, and C is the
regularization parameter.

3. Use the learned weight vector and bias term to predict the target labels of the
test samples using the decision function:

f(x) =w.T *x+b

If f(x) >= 0, predict the positive class (y = 1); otherwise, predict the negative class
(y=-1).

4. Return the vector of predicted labels for all test samples.
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4. Results and Analysis

4.1. Introduction

Human Activity Recognition (HAR) is a field of study in computer science and
artificial intelligence that focuses on developing techniques and models to
automatically identify, classify, and understand human activities based on sensor
data. HAR has gained significant attention due to its applications in various
domains, including healthcare, sports, smart homes, surveillance, and assisted
living.

The goal of HAR is to create systems that can recognize and interpret human
activities in real-time, typically using data from sensors such as accelerometers,
gyroscopes, magnetometers, and other wearable or ambient sensors. These
sensors capture information about movements, orientations, and environmental
factors that can be analysed to infer the underlying human activities.

The process of HAR involves several stages, including data collection,
preprocessing, feature extraction, model training, and activity recognition. Data
collection involves acquiring sensor data from individuals performing different
activities in various settings. Preprocessing techniques are applied to clean, filter,
and normalize the data to ensure its quality and consistency.

Feature extraction is a crucial step in HAR, where relevant information is
extracted from the sensor data to represent each activity. These features can
include statistical measures, frequency domain features, time-domain features,
or other domain-specific features that capture the characteristics of the
activities.

Machine learning techniques play a vital role in HAR. Once the models are
trained, they can be used to recognize and classify human activities in real-time.
The models take sensor data as input and predict the corresponding activity
based on the patterns and knowledge learned during the training phase. The
recognized activities can be further analysed and used to make decisions,
provide feedback, or trigger specific actions in various applications.

The advancements in sensor technology, machine learning algorithms, and
computing power have significantly improved the accuracy and efficiency of HAR
systems. Researchers and practitioners continue to explore new techniques,
models, and sensor modalities to enhance HAR performance, enable more
complex activity recognition, and expand its applications to diverse domains.
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HAR has the potential to revolutionize various industries by enabling
personalized healthcare monitoring, smart environments, activity tracking, fall
detection, and behaviour analysis. It can contribute to improving healthcare
outcomes, optimizing sports performance, enhancing safety and security, and
providing assistance to individuals with disabilities or special needs.

Overall, Human Activity Recognition is a multidisciplinary field that combines
aspects of computer science, signal processing, pattern recognition, and
machine learning to enable machines to understand and interpret human
activities based on sensor data. It holds great promise for creating intelligent
systems that can better understand and interact with humans in various
contexts.

4.2. Dataset Used
The dataset can be downloaded from the following link

https://archive.ics.uci.edu/ml/datasets/human+activity+recognition+using+sm
artphones#

Human Activity Recognition database is built from the recordings of 30 persons
performing activities of daily living while carrying a waist-mounted smartphone
with embedded inertial sensors (accelerometer and Gyroscope).

4.2.1. Activities

Walking

Walking Upstairs
Walking Downstairs
Sitting

Standing

Laying

ok wNPRE

Accelerometers detect magnitude and direction of the proper acceleration, as
a vector quantity, and can be used to sense orientation (because direction of
weight changes)

Gyroscope maintains orientation along a axis so that the orientation is
unaffected by tilting or rotation of the mounting, according to the conservation
of angular momentum.

Accelerometer measures the directional movement of a device but will not be
able to resolve its lateral orientation or tilt during that movement accurately
unless a gyro is there to fill in that info.
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https://archive.ics.uci.edu/ml/datasets/human+activity+recognition+using+smartphones
https://archive.ics.uci.edu/ml/datasets/human+activity+recognition+using+smartphones

With an accelerometer you can either get a really "noisy" info output that is
responsive, or you can get a "clean" output that's sluggish. But when you
combine the 3-axis accelerometer with a 3-axis gyro, you get an output that is
both clean and responsive in the same time.

4.2.2. Understanding the dataset

Both sensors generate data in 3 Dimensional space over time. Hence the data
captured are '3-axial linear acceleration'(tAcc-XYZ) from accelerometer and '3-
axial angular velocity' (tGyro-XYZ) from Gyroscope with several variations.
prefix 't' in those metrics denotes time.

suffix 'XYZ' represents 3-axial signals in X, Y, and Z directions.

The available data is pre-processed by applying noise filters and then sampled
in fixed-width windows(sliding windows) of 2.56 seconds each with 50%
overlap. i.e., each window has 128 readings.

The dataset was preprocessed previously. So all the features were normalized.
Also the dataset was split into training and testing data in aratioof 71 : 29 i.e.
71% data is used for training and 29 % data is used for testing

4.2.3. Exploratory Data Analysis

Exploratory Data Analysis (EDA) is the process of examining and analyzing data
to summarize its main characteristics and uncover insights that may be hidden
in the data. It involves visualizing and summarizing the data using various
statistical and graphical techniques, without making any assumptions about the
underlying distribution or relationships between variables. EDA is an important
first step in data analysis, as it helps to identify data quality issues, outliers, and
patterns that may be useful for developing models and making predictions.
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4.2.3.1. Number of times activities has been done

Number of samples by activity

STANDING SITTING LAYING WALKING WALKING_DOWNSTAIRS WALKING_UPSTAIRS
ActivityMame

Bar Diagram for Count of each Activity (FIG 4.1)

1400

1200

1000

3}
=}

0

count

0

Observations:

e All the activities have been done almost equal number of times
e This [FIG 4.1] implies that the data is almost balanced.

4.2.3.2. Activities done by each person

Number of samples by activity
ActivityName
= STANDING
e SITTING
. LAYING
80
. WALKING
. WALKING_DOWNSTAIRS
= \WALKING_UPSTAIRS
60
£
8
40
20 | |
0
1 3 5 6 7 8 11 14 15 16 17 19 21 22 23 25 26 27 28 29 30
subject
Bar Diagram for Activities done by each Subject (FIG 4.2)
Observations:

e We have got almost equal number of readings from all the subjects

e This indicates all the subjects has done almost equal no of activities for each
activity

e This [FIG 4.2] implies the dataset is well balanced
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4.2.3.3. Box plot of Acceleration Magnitude can separate Moving and
Stationary activities
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STANDING SITTING LAYING WALKING WALKING_DOWNSTAIRS WALKING_UPSTAIRS
ActivityName

Box Plot for Mean Acceleration (FIG 4.3)
Observations:

e |f Mean Acceleration is <-0.8 then the Activities are either Standing or Sitting or
Laying [FIG 4.3].

e |f Mean Acceleration is > -0.6 then the Activities are either Walking or Walking
Downstairs or Walking Upstairs [FIG 4.3].

e |f Mean Acceleration > 0.0 then the Activity is Walking Downstairs.

4.2.3.4. Differentiating Moving and Stationary activities by Mean Body
Acceleration

15.0
12.5 : - -
Stationary Activities ActivityName
10.0 / - — —— STANDING
: Moving Activities — STTING

2
¢
g 13 | — LAYING
50 — WALKING
—— WALKING_DOWNSTAIRS

25 j h A WALKING_UPSTAIRS

0.0
-1.0 -0.5 0.0 0.5 10
tBodyAccMagmean
Frequency Density in Mean Acceleration (FIG 4.4)
Observations:

e Stationary Activities have overlapping data with respect to Mean Body
Acceleration.

e This implies [FIG 4.4] that while predicting stationary activities will provide
higher numbers of error
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4.3. Performance Metrics

SUBJECT

PARAMETER

TRAINING TIME
(HH:MM:SS.MS)

TESTING TIME
(HH:MM:SS.MS)

MEAN ACCURACY

STANDARD
DEVIATION

PRECISION

RECALL

F1-SCORE

Performance of Classifiers Used (Table 4.1)

KNN

neighbors = 14

00:00:12.79

00:00:00.76

90.50%

0.000025

0.91

0.90

0.90

LINEAR SVM

00:00:41.63

00:00:00.01

96.62%

0.17

0.97

0.97

0.97

RANDOM FOREST

depth =9
trees =70

00:02:35.40

00:00:00.03

91.37%

0.46

0.92

0.92

0.92

(Mean Accuracy has been calculated as the average of accuracy of 20 iterations,
standard deviation is calculated over the accuracies got over the 20 iterations.
Parameter, training time, testing time, precision, recall and fl-score has been
given for which best accuracy has been achieved)
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4.3.1. KNN :

Confusion matrix

WALKING_UPSTAIRS : 0.00 000 41.00 7.00 [EFEK - 500

WALKING_DOWNMNSTAIRS - 400

E WALKING b b b 4586.00 —
= STANDING
- 200
SITTING
- 100
LAYING
-0
2 S S = &2 &2
= E =] | = =
© G}
g =
s 2
E
Predicted label
Confusion Matrix for Best Estimator in KNN (FIG 4.5)
================|:]_a SEi'FictiDn HEPDP":::::::::::::::::
precision recall fl-score  support
LAYING 1.88 1.68 1.68 537
SITTING 8.91 8.82 e.280 4071
STANDING 8.85 8.092 8. 29 532
WALKING e.84 e.98 8.91 496
WALKING DOWNSTAIRS .05 8.78 e.280 428
WALKING UPSTAIRS e.98 e.98 @.98 471
accuracy @.98e 2047
macro avg 8.91 e.98 e.98 2947
weighted avg @.91 @.o08 a.o08 2847

Classification Report for Best Estimator in KNN (FIG 4.6)
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4.3.2. LINEAR SVM :

Confusion matrix

WALKING_UPSTAIRS = 000 000 000 17.00 0.00 [EEEX - 500
WALKING_DOWNSTAIRS =~ 000 000  0.00 - 400
3 WALKING 496.00 200
= STANDING 0.00  0.00
- 200
SITTING 0.00  3.00
- 100
LAYING 0.00  0.00
-0
s B 2 2z & &
& = = 5
=] g
o' 2
g
Predicted label
Confusion Matrix for Best Estimator in Linear SVM (FIG 4.7)
================|::laSEi'FictiDn HE pDPt================
precision recall fl-score  support
LAYING 1.808 1.68 1.68 537
SITTING 8.08 8.88 8.03 407
STANDING 8.91 8.08 8.04 532
WALKING 8.06 1.68 8.08 406
WALKING DOWNSTAIRS 1.88 8.08 8.09 428
WALKING UPSTAIRS 8.08 8.06 a8.97 471
accuracy 8.97 2047
macro avg 8.97 8.97 8.97 2047
weighted avg @.97 @.57 @.57 2047

Classification Report for Best Estimator in Linear SVM (FIG 4.8)
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4.3.3. RANDOM FOREST :

Confusion matrix

WALKING UPSTAIRS 000  0.00  0.00 44.00  7.00 - 500
WALKING_DOWNSTAIRS 32.00 EEgERMY - 400
— 6.00
E WALKING oo
®
3
= STANDING L 496.00 L L 0.00
- 200
SITTING - 435.00 . : 0.00
- 100
LAYING 0.00
-0
z 2 2 2 = =&
. E & 5 E E
= = =
= @ = g z 0
th = =)
g g
AW
= 3
é =
=

Predicted label

Confusion Matrix for Best Estimator in Random Forest (FIG 4.9)

precision recall fl-score support

LAYING 1.688 1.88 1.88 537

SITTING 8.92 8.89 .98 491

STANDING 8.9 8.93 .92 532

WALKING e.86 e.97 .91 406

WALKING _DOWNSTAIRS .95 8.82 .88 428
WALKING UPSTAIRS 8.29 8.29 e.29 471
accuracy .92 2047

macro avg 8.02 8.02 .92 2047

weighted avg 8.92 8.92 8.92 2047

Classification Report for Best Estimator in Random Forest (FIG 4.10)
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4.4. Analysis

In terms of Accuracy,

Linear Support Vector Machine is giving the best result with an accuracy of
96.62% and this implies that

e The activities can be distinguished best with a straight line with respect to
the features

e Since the values of the features are accelerometer and gyroscopic data so
different activities have different numeric values for all the features which
eventually helped Linear Support Vector Machine to find the best result.

In terms of Standard Deviation,

Random Forest is having greatest value of Standard Deviation of 0.46 and this
implies that

e Random Forest is the most vulnerable classifier to predict Human Activity
as it tries different combinations of maximum depth and number of trees.

e Some operations in Random Forest such as calculating Impurity or entropy
value for each node takes much time to complete the training.

K-nearest Neighborhood is providing least value of Standard Deviation as the
accuracy of this classifier is almost same in every iteration.

Now
Precision = (True Positive) / (True Positive + False Positive)
Recall = (True Positive) / (True Positive + False Negative)

F1-Score = 2 * (Precision * Recall) / (Precision + Recall)

Since Linear Support Vector Machine is providing best accuracy so Precision,
Recall and F1-Score is best for Linear Support Vector Machine with a Precision,
Recall and F1-score of 0.97 each.
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5. Conclusion and Future Direction

5.1. Conclusion

In conclusion, supervised learning is a powerful and widely used approach in
machine learning that has shown remarkable success in various applications. By
providing labeled training data, supervised learning algorithms learn to
generalize patterns and make predictions or classifications on new, unseen data.
Here are some key points to summarize the benefits and implications of
supervised learning

Supervised learning algorithms excel in tasks that require accurate predictions
or classifications. They can leverage labeled data to learn complex relationships
and make precise predictions on unseen data.

Supervised learning is applicable to a wide range of problem domains, including
image and speech recognition, natural language processing, fraud detection,
sentiment analysis, and medical diagnosis. It can be used for regression
problems (predicting continuous values) and classification problems (assigning
discrete labels).

Many supervised learning algorithms provide interpretability, allowing users to
understand and interpret the reasoning behind the model's predictions. Linear
regression, decision trees, and support vector machines are examples of
algorithms that offer interpretable models.

Supervised learning provides a clear framework for evaluating the performance
of models. Metrics such as accuracy, precision, recall, F1 score, and mean
squared error are commonly used to assess model effectiveness and compare
different algorithms.

Supervised learning heavily relies on labeled training data, which can be a
limitation. Acquiring and annotating large amounts of labeled data can be time-
consuming, costly, or even infeasible in certain scenarios. However, techniques
like transfer learning, active learning, and semi-supervised learning can
mitigate the data requirements to some extent.

Overfitting is a common challenge in supervised learning, where a model
becomes overly complex and performs poorly on new, unseen data. Techniques
like regularization, cross-validation, and early stopping are used to prevent
overfitting and ensure good generalization.
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Some supervised learning algorithms, particularly those based on deep neural
networks, can be computationally intensive and require significant
computational resources. Training large models on vast amounts of data may
require distributed computing or specialized hardware.

Supervised learning models can inherit biases present in the labeled training
data, leading to biased predictions and potentially discriminatory outcomes.
Ensuring fairness, transparency, and accountability in the training data and
model evaluation processes is crucial to address these ethical concerns.

In summary, supervised learning is a versatile and effective approach in
machine learning that allows for accurate predictions and classifications in
various domains. While it comes with challenges such as data requirements and
potential biases, advances in algorithms and techniques continue to improve
the capabilities and applicability of supervised learning in real-world scenarios.

5.2. Future Direction

The future direction for Human Activity Recognition (HAR) using supervised
learning is promising, with ongoing advancements and research aimed at
enhancing the accuracy, robustness, and applicability of HAR systems. Here are
some potential future directions for HAR using supervised learning

1. Deep Learning Architectures: Deep learning, particularly convolutional
neural networks (CNNs) and recurrent neural networks (RNNs), has shown
significant potential in HAR. Future research can focus on developing more
advanced deep learning architectures that can effectively capture complex
temporal and spatial dependencies in sensor data, leading to improved activity
recognition performance.

2. Transfer Learning and Domain Adaptation: HAR systems often face
challenges in generalizing to new environments or users due to variations in
sensor data or activity patterns. Transfer learning and domain adaptation
techniques can be explored to leverage knowledge from pre-trained models or
source domains and adapt them to new domains or users with limited labeled
data, enabling more robust and personalized HAR systems.

3. Multimodal Sensor Fusion: Integrating data from multiple sensors, such as
accelerometers, gyroscopes, magnetometers, and ambient sensors, can
provide a richer context for activity recognition. Future research can focus on
developing supervised learning approaches that effectively fuse data from
multiple modalities, enabling more accurate and comprehensive HAR systems.
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4. Incremental and Online Learning: Traditional supervised learning approaches
often assume fixed training and testing sets, limiting their adaptability to
dynamic or evolving environments. Future HAR systems can explore
incremental and online learning techniques that can continuously learn and
update activity models as new data becomes available, allowing for adaptive
and real-time recognition in changing scenarios.

5. Explainability and Interpretability: As supervised learning models become
more complex and powerful, there is a growing need for explainability and
interpretability. Future research can focus on developing techniques that
provide insights into the decision-making process of HAR models, allowing
users to understand and trust the system's predictions and aiding in debugging
and fine-tuning the models.

6. Addressing Class Imbalance and Data Scarcity: In HAR, there can be class
imbalance issues where certain activities are underrepresented in the training
data. Future research can explore techniques to address class imbalance and
data scarcity, such as data augmentation, active learning, and semi-supervised
learning, to improve the performance of HAR models on minority classes and
scenarios with limited labeled data.

7. Privacy and Security Considerations: HAR systems often involve collecting
and analysing sensitive data, raising privacy and security concerns. Future
research can focus on developing privacy-preserving techniques that allow for
accurate activity recognition while ensuring the protection of personal
information and mitigating the risks of unauthorized access or misuse of data.
Overall, the future of HAR using supervised learning lies in the development of
advanced models and techniques that can handle complex temporal and spatial
dependencies, adapt to new environments, integrate multimodal sensor data,
provide explainability, and address practical challenges such as data scarcity
and privacy concerns. These advancements will enable more accurate,
personalized, and trustworthy HAR systems that can find applications in
healthcare, sports, smart homes, and various other domains.
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