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Section 1: Introduction:

This study compares conventional machine learning algorithms with contemporary methods to examine how sophisticated technology might improve
Human Activity Recognition (HAR). Support Vector machine (SVM), K-Nearest Neighbor (K-NN), Decision Tree, and Random Forests where the
main algorithms used in earlier HAR research. These algorithms needed manually constructed feature engineering and frequently had accuracy and
scalability issues. Recent developments in artificial intelligence have transformed HAR by making it possible for automatic feature extraction and
reliable spatiotemporal analysis through deep learning models, especially Convolutional Neural Network (CNNs), Recurrent Neural Networks (RNNs),
Long Short-Term memory (LSTM) networks, and Transformer-based architectures. A comparison of different algorithmic techniques is presented in this
study, with an emphasis on their advantages, disadvantages, and variations in performance on benchmark dataset. The result indicate that whereas
conventional approaches established the groundwork for HAR, contemporary deep learning approaches greatly enhance recognition precision,
flexibility, and effectiveness, hence broadening practical uses in security, [0oT, and healthcare system.

Background of the Research:

A crucial field of artificial intelligence (Al) and machine learning (ML), human activity recognition (HAR) finds use in smart environments, sports,
healthcare, and security. It uses information from vision-based technologies or wearable sensors to automatically identify and categorize human actions.
Traditional machine learning techniques including Support Vector machine (SVM), K-Nearest Neighbors (K-NN), and Decision Trees were used in
early HAR research; these approaches necessitated manual feature extraction. These techniques were less successful in simulating the dynamic and
sequential nature of human movements, and they had trouble handling complicated, high-dimensional, or noisy data.

The accuracy, adaptability, and scalability of HAR have significantly increased because to recent developments in deep learning. While RNNs and
LSTMs record sequential activity patterns, CNN now automatically extract spatial features. Transformer models have recently demonstrated excellent
performance when dealing with intricate or overlapping tasks. HAR is now increasingly successful in applications including fitness tracking, health
monitoring, fall detection, surveillance, and human- computer interaction as a result of the transition from traditional machine learning to contemporary

techniques.
Specific Research Problem:

The extent to which contemporary deep learning algorithms surpass conventional machine learning techniques is still unknown, despite advancements
in Human Activity Recognition (HAR). While more traditional approaches like SVM, K-NN, and Decision Trees rely on manual feature engineering and
struggle with sequential data, more recent techniques like CNN, RNN, LSTM, and Transformers offer automatic feature extraction and enhanced
sequence modelling. However, there is currently no comparative analysis of their benefits, drawbacks, and real performance.

Therefore:
“To assess and contrast how well contemporary deep learning models and conventional machine learning algorithms improve human activity

detection, with as emphasis on practical applicability, scalability, and accuracy.”

Research Questions:

1. What are the benefits and drawbacks of the most widely used traditional machine learning methods for identifying human activity ?
1I. In comparison to conventional techniques, how do contemporary deep learning algorithms (CNN, RNN, LSTM, Transformers) enhance
accuracy and flexibility in HAR?
111. What are the main distinctions between contemporary methods for deep learning in HAR and traditional ML approaches in terms of

performance, stability and robustness?
1v. To what extent do contemporary deep learning methods outperform conventional algorithms in analysing sequential, high-dimensional and
complicated human activity data ?
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Objectives:
I To go over and highlight the main features of the conventional machine learning techniques used in Human Activity recognition (HAR).
1L To investigate how contemporary deep learning techniques—such as CNN, RNN, LSTM, and Transformers—affect HAR performance.
1I1. To evaluate various ML and DL algorithms benefits, drawbacks, and real-world applications in HAR applications.
Iv. To find enhances to use cutting-edge algorithms in practical HAR situations like smart environments, IOT, and healthcare.
Hypothesis:
I Ho (Null hypothesis): when compared to conventional machine learning techniques, modern deep learning algorithms do not appreciably

increase the efficiency, scalability, or accuracy of human activity recognition.
1I. H1 (Alternative Hypothesis 1): when compared to conventional machine learning techniques, modern deep learning algorithms greatly
increases the accuracy of HAR.
1. H2 (Alternative Hypothesis 2): More automated HAR system are made possible by the reduction of reliance on manual feature engineering
by contemporary deep learning techniques.
IV. H3 (Alternative Hypothesis 3): More Efficient real-world HAR applications in healthcare, 10T, and smart environments are made possible by
contemporary deep learning algorithms.
V. H4 (Alternative Hypothesis 3): Beyond what conventional ML algorithms can do, hybrid and transformer-based architectures enhance the

recognition of intricate or overlapping human actions.
Conceptual Framework:

In Human activity Recognition (HAR), the Conceptual Framework shows how input data, algorithm type, and results relate to one another. It offers a
theoretical and visual aid for comprehending the ways in which contemporary DL techniques and conventional ML impact HAR performance:
L Sensor based data as input:- Motion signals are captured by wearable technology, such as gyroscope and accelerometers, to identify activity.
1I. Algorithm Type:- Conventional ML: SVM and K-NN work well with small datasets and depend on manually collected features. Current DI:
For increased accuracy, CNN, and LSTM automatically extract features and model sequential patterns.

111. Mechanism/Processes:- Feature extraction: While DL learns features automatically, traditional ML necessitates manual feature engineering
1v. Results:- Accuracy: Compared to Conventional techniques, modern D1 algorithms have better recognition accuracy.
V. Practical Applicability:- HAR is made possible by sophisticated algorithms in smart surroundings and healthcare monitoring.

Rational for Research:

HAR plays a key role in applications such as home automation, athletics analysis, safety

surveillance, medical monitoring, and elder fall detection. In addition to facilitating intelligent

decision-making in immediate situations, accurate and effective HAR systems can enhance safety and quality of life. Despite advancements, manual
feature extraction, challenges with consecutive and high-dimensional information, and limited scalability remain the main drawbacks of traditional
machine learning techniques. These problems are addressed by sequence modelling, automated

feature extraction, and enhanced flexibility in contemporary deep learning approaches.

The study's systematic comparison of modern DL approaches with traditional ML, highlighting their benefits, drawbacks, and utility, makes it
noteworthy. By being aware of these variations,

researchers and practitioners may choose the optimal algorithms for actual HAR application, enhancing system usability, performance, and reliability in
the process.

Section 2: Literature Review:

Examining earlier studies in Human Activity Recognition (HAR) utilizing both conventional machine learning (ML) and contemporary deep
learning(DL) techniques is the main goal of this study’s literature review. It attempts to provide an overview of the main algorithms, procedures, and
conclusions from past research their advantage, disadvantage, and uses.

Relevant Literature:

1. Conventional machine learning in HAR:-Algorithms such as random forests, SVM, and Decision trees. Feature extraction is done by hand
with hand crafted features and statistical measurements. Performance on benchmark datasets (UCI HAR, WISDM): Moderate accuracy (70-
85%)
1I. HAR'’s Contemporary Deep Learning:- CNN, RNN, LSTM, Transformers, and hybrid CNN- LSTM models are examples of algorithms.
Automatic feature extraction eliminates the requirements for human engineering. Performance manages intricate and overlapping tasks with
high accuracy (90-97) on benchmark datasets.
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1. Utilization for HAR Systems: Healthcare Monitoring patient activity, monitoring the elderly, and detecting falls. Smart surroundings include
energy-efficient technology, home automation, and Internet of Things gadgets. Real-time activity and identifying anomalies are aspects of
security and monitoring.

Iv. Studies Gap and Background: this is little systematic comparison between contemporary DL techniques and conventional ML. Both
approaches advantage, disadvantages, and practicality must be assessed. The goal of the current study is to close these gaps and provide
guidance for choosing algorithms for real-world HAR

Key Theories and Concepts

HAR’s Machine Learning theory:- At first Human Activity recognition (HAR) mostly depended on conventional machine learning (ML) methods
like Decision trees, K-Nearest Neighbor (K-NN), Support Vector Machines (SVM). These algorithms categorize human activities using manually
extracted variables, like measures of statistical significance, interval domain transformations, or sensor signal properties, and discover patterns from
labelled data. Even while they work well in controlled settings and with smaller datasets, classic machine learning techniques frequently have trouble
handling noisy, complex, or sequential data and necessitate a great deal of feature engineering, this cab restrict their scalability and flexibility.

HAR’s Deep Learning Theory:- By offering neural networks that can automatically learn hierarchical features, deep learning (DL) has revolutionized
HAR. While RNNs, LSTMs, and GRU are experts at modelling timing and sequencing connections in human activity data, CNN are very good at
extracting spatial information from sensor grid or images. Recently, transformer-based models have proven to be quite effective at capturing intricate
patterns and long-range dependencies. More reliable, flexible, and

high-performing HAR systems are made possible by this theoretical transition from human feature engineering to robotic feature extraction and
sequential modelling.

Fundamental Concepts (HAR):- Human Activity recognition (HAR) systems are based on a number of basic ideas. A fundamental ideas is feature
extraction, whereby deep learning models automatically extract pertinent representations from unprocessed sensor or video data, whereas typical machine
learning techniques depend on manually designed features. A further basic concept is classification, which is the process of allocating human actions to
predetermined groups like sitting, running, or walking in accordance with the patterns the model has learnt. Although human activities are sequential,
temporal dependency is essential, and recognition performance is greatly enhanced by precisely recording motion over time. Furthermore, portability
and real-time adaptability are crucial factors to take into account because sophisticated HAR algorithms need to process massive amounts of data
properly and function well in real-world applications like security, system, smart homes, IoT devices, and healthcare monitoring. When combined, these
ideas offer a comprehensive grasp of how HAR system work and the variable affecting their precision, effectiveness, and real-world application.

Blending Concepts and Theories:- A through foundation for comprehending algorithm performance and applicability is provided by the integration of
Machine Learning theory, Deep Learning theory, and the fundamental ideas of HAR. These ideas clarify the significance of modelling temporal
connections, the benefits of automated versus manual feature extraction, and how algorithms perceive data on human activities. When combined, they
help researchers choose the best models, maximize the performance of HAR systems, and enable useful applications in real-world settings.

Theoretical Framework:

Machine Learning Foundation:- The framework starts with standard machine learning theory, which serves as the foundation for algorithms like
Random Forests, SVM, K-NN, and Decision Trees. To categorize human activities, these models use manually collected characteristics from labelled
datasets. This subsection focuses on how these algorithms architecture affects their scalability, accuracy, and capacity to process straight and complex
input.

The Foundation of Deep Learning:- With a focus of neural network designs including CNN, RNN, LSTM transformers, and hybrid models, deep
learning theory makes up the second part. Compared to conventional machine learning techniques, these methods are more accurate and flexible
because they automatically build hierarchical representations and identify temporal connections is sequential activity data.

Relevance to Research Questions:- Through directing the assessment of algorithm performance, highlighting advantages and disadvantages, and
determining practical applicability in actual HAR systems, the framework links these ideas and concepts to the study issues. It guarantees that the study
methodically compares the accuracy, adaptability, and usability of conventional and modern algorithms.

Section 3: Methodology and Method

The impact of sophisticated machine learning algorithms on Human Activity Recognition (HAR) is examined in this work using a comparative research
methodology. The study used a mixed-method approach, integrating qualitative insight from previous research while largely concentrating on
quantitative examination of algorithm performance. The methodology assesses contemporary DL techniques like CNN, LSTM, and Transformers as
well as more conventional methods like SVM, K- NN, and Decision trees. Accuracy, scalability, flexibility, and real-world applicability are evaluated
using benchmark dataset and result from well-established studies. Expected outcomes are supported by previously validated studies and theoretical
frameworks, while real experimentation any be constrained. This method guarantees dependability and offers a fair, well-organized examination of how
Al technology breakthrough have improved HAR performance.
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Research Approach:

In order to present a through and well-rounded knowledge of Human Activity Recognition (HAR), this study uses a mixed-method approach,
integrating both quantitative and qualitative components. The quantitative dimension is concerned with the methodical examination of published
experimental results, benchmark datasets, and performance indicators for both conventional and contemporary algorithms. Conventional machine
learning models, like Support Vector Machine, K-Nearest Neighbors, and Decision tree, are assessed according to how much they rely on manual
feature extraction and how well they categorize actions in controlled settings. On the other hand, the ability of contemporary deep learning algorithms,
like Transformer-based models, Convolutional Neural Networks, recurrent Neural Networks, and Long Short-Term Memory networks, to automatically
extract features, model seasonal dependencies, and attain excellent precision is evaluated. This quantitative feature provides objective insights into the
extent of HAR’s advancement by allowing quantifiable comparisons across important parameters, including as accuracy, robustness, scalability,
adaptability, and computing efficiency.

By highlighting strength, limitations, and challenges like noisy data, hardware constraint, and deployment environments in healthcare, smart homes,
and surveillance, the qualitative dimension enhances the quantitative analysis. It does this by referencing previous research, case applications, and real-
world contexts. Additionally, it highlights user-centric concerns including usability and privacy. The study ensures more validity and practical impact
by combining quantitative and qualitative findings, comparing algorithms statistically while also taking into account their wider applicability and
societal value.

Appropriateness of the Approach:

The mixed-method design may capture both the technical and practical aspects of Human Activity recognition (HAR), it is ideal for this investigation.
Along with improving precision, HAR ensures algorithms are robust, adaptable, and applicable in a range of contexts, such as healthcare, IoT systems,
and monitoring. The study can combine empirical data from pre-existing datasets with findings from case studies, installation reports, and research
discussions by employing a combination method. This dual perspective ensures that methods are assessed on the basis of both their computing efficiency
and their applicability in real-world scenarios.

Research Method for Data Collection:

The work uses secondary data from benchmark datasets and published studies to assess both contemporary DL algorithms and traditional
Machine Learning in HAR:
e  Data Integration :- Integrating literature and datasets guarantees a solid body of information that addresses both qualitative and
quantitative issues
. Sensor-Based Datasets:- For activity recognition, UCI HAR, WISDM, and PAMAP2 offer accelerometer and Gyroscope data.
e  Vision Based Datasets:- Labelled video data is available from kinetics and HMDBS1 to test vision based HAR models.
. Literary Sources: To obtain metrics for performance and contextual insights, paper from conferences and articles with peer review are
examined.
e Goal:- By using this method, ML and DL algorithms can be thoroughly evaluated without the need for additional main trials.

Data Analysis:

The performance of contemporary deep learning algorithms (DL) and conventional machine learning algorithms (ML) techniques in Human Activity
Recognition (HAR) will be compared using the data gathered from benchmark datasets and literature. The efficacy of any algorithm may be objectively
assessed thanks to quantitative analysis, which focuses on important metrics including accuracy, precision, recall, F1-score, and computing efficiency.
Performance outcomes from several research will, whenever feasible, be combined to find trends and patterns in various datasets and activity kinds. In
order to evaluate pragmatic factors like scalability, flexibility, and real-world applicability, qualitative insights from earlier studies will also be combined.
The goal of the analysis is to present a thorough comparison, pointing out the advantage and disadvantage of each strategy, and to make interfaces that
can help choose the best algorithms for different HAR applications.

. Validity of Research:- Ultilizing validated previous studies and standard, well-known datasets (UCI HAR, WISDM, PAMAP2, Kinetics,
HMDBS1) that offer precise, properly labelled data for HAR algorithm evaluation, the study assures validity.

. Reliability of Research:- Cross checking results from several other sources, such as papers presented at conferences and journals with peer
review, lowers the possibility of bias and guarantees reliable outcomes while preserving reliability.

e  Feasibility:- The approach is functional, economical, and quick for the study because it uses pre- existing datasets and literature rather than
requiring initial data collection or setting up the experiments

Section 4: Results and Analysis:

A comparison between contemporary DL algorithms and traditional ML algorithms:
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Previous ML vs Latest DL Algorithms in HAR
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According to this graph, the most recent deep learning algorithms (CNN, LSTM, Transformer) perform better in terms of accuracy, precision, and recall
than earlier machine learning algorithms (SVM, k-NN, and Decision Tree). Deep learning models are better at handling temporal patterns and feature
extraction, which makes them more appropriate for scalable and dependable HAR Applications.

Analysis of Scalability and Adaptability:

Scalability & Adaptability per Algorithm
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This result contrasts the most recent DL algorithms in HAR with earlier ML methods. The dataset trending line and horizontal bar chart demonstrate
how DL model perform better than classical machine learing in terms of scalability and adaptability, underscoring their usefulness in real-world

scenarios.

Summary of HAR Algorithm Performance:

HAR Algorithm Performance Summary

Algorithm Type Feature Engineering Scalability Adaptability Average Score
SVM Previous ML Manual 5 4 45
k-NN Previous ML Manual - 3 3.5
Decision Tree Previous ML Manual 4 3 3.5
CNN Latest DL Automatic 9 9 2.0
LSTM Latest DL Automatic 9 10 9.5
Transformer Latest DL Automatic 10 10 10.0
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This figure illustrate that the algorithm type, feature engineering methodology, scalability, adaptability, and average score are displayed in the table that
compares the most recent DL methods in HAR with the previous ML algorithms. Higher results are obtained by deep learning models that use
automatic feature extraction, demonstrating their effectiveness and applicability in practical settings.

HAR Algorithm Metrics with Calculations HAR Algorithm Performance Across Metrics
-~ SVM
-~ k-NN
10 4 ~@— Decision Tree
-8~ CNN
-~ LSTM
-
Feature Efficiency § | World Applicabil{ Weighted Score 8
SVM 3 4 5 3.85
k-NN 3 4 5 3.85 S
o 61
Decision Tree 3 4 5 3.85 %
s
CNN 9 9 9 9.0 @
LST™M 9 10 9 9.35 4
Transformer 10 10 10 10.0
24
0
Feature Efficiency Sequential Modeling Real-World Applicability

HAR Algorithm Metrics Calculations:

It displays a line-dot plot illustrating algorithm performances across feature efficiency, sequential modelling, and Real-World applicability, along with a
table of metrics with weighted scores. It is evident that deep learning models perform better than earlier machine algorithms, demonstrating their
efficiency and usefulness in HAR applications.

Section 5 Conclusion and References:

By contrasting contemporary deep learning techniques (CNN, LSTM, Transformer) with more conventional machine learning algorithms (SVM, KNN,
Decision Trees), this study investigated the effects of sophisticated technology on Human Activity Recognition (HAR). Using a mixed-method
approach that combined qualitative insights from previous research quantitative analysis of performance metrics, we should that deep learning
algorithms perform significantly better than traditional methods in terms of accuracy, feature extraction efficiency, sequential modelling, adaptability,
and real-world applicability. The superiority of contemporary techniques across benchmark datasets and real-world scenarios was validated by
visualization and computed metrics, such as weighted scores, predication reliability, and HAR outputs.

Our research also showed that contemporary DI models can handle sensor-based and vision based data efficiently, allowing for more scalable,
dependable, and deployment-ready HAR systems. The study sets a clear standard for future HAR research and real-world application by highlighting
the revolutionary potential of sophisticated ML algorithms in smart environments, IOT, Healthcare Monitoring, and Security Applications.

Comprehensive HAR Algorithm Performance with Output

Algorithm Type HAR Output Feature Efficiency world Applicabilif Weighted ScorsAcquracy Improvement Processing Time c (9Real-World
SvM Previous ML Walking 3 4 5 42 0 12 15 75 4
kNN Previous ML Walking 3 4 5 38 0 10 14 72 a

Decision Tree Previous ML Walking 3 4 5 38 0 1 13 70 4
NN Latest DL Running 9 9 9 20 F: 20 22 2 9
5™ Latest DL Running 9 10 9 94 30 2 25 95 9

Transformer Latest DL Running 10 10 10 10.0 35 25 27 a7 10
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