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Abstract: Human Activity Recognition (HAR) technology has received significant attention in recent years for
its potential to improve applications in various fields, including human-computer interaction, autonomous
driving, disease diagnosis, healthcare, and sports. This technology focuses on collecting and analyzing data
from sensors embedded in smartphones and wearable devices, which provide real-time insights into different
individual behaviors. With advances in machine learning techniques, it is now possible to analyze this
complex data with high efficiency and ease, enabling the development of intelligent systems capable of
automatically recognizing human activities. This study investigates the performance of several classic
machine learning models, including Logistic Regression (LR), Support Vector Machines (SVM), and Decision
Trees (DT), to classify diverse human activities. The hyperparameters of each model were optimized using
Cross Validation (GridSearchCV) to achieve the best system performance. The benchmark used to train and
test the models was the HAR dataset from Kaggle, which includes labeled data for different human activities
such as walking, sitting, standing, and climbing and descending stairs. The results showed that the Support
Vector Machines model outperformed other algorithms, achieving an accuracy of 96.67%. Furthermore, the
use of GridSearchCV significantly enhanced.

Keywords: Human Activity Recognition (HAR), Logistic Regression (LR), Support Vector Machines (SVM),
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1. Introduction

These systems typically rely on inertial data from accelerometers and gyroscopes to classify and recognize
human activities. Due to their widespread availability and low cost, smartphones provide an ideal platform
for implementing Human Activity Recognition (HAR) systems [1].

This study proposes an activity recognition system that utilizes smartphone sensor data exclusively to
identify daily activities, including walking, running, stair climbing, vehicle driving, and other routine tasks [2].
The inertial data in this study were collected from two devices placed at different locations on the human
body, allowing for a comparison of performance under different dataset configurations [3]. The data were
preprocessed and segmented, and different (ML) algorithms were trained for each phone placement. By
comparing both the devices and the algorithms, optimal results were achieved with accuracy exceeding
predefined thresholds [2]. This paper discusses a robust HAR system developed using machine learning
techniques applied to data from smartphone sensors [3-5]. The system was evaluated against existing HAR
solutions, showing its effectiveness in accurately recognizing basic human activities with low computational
costs and a manageable number of features. Despite progress in HAR, challenges persist in accurately
classifying diverse human activities due to factors like individual behavior variability, sensor data quality, and
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environmental influences [6]. The complexity of human movements and current machine learning model
limitations continue to hinder HAR systems’ effectiveness. This study aims to improve classification accuracy
and generalizability by exploring traditional algorithms such as Logistic Regression (LR), Support Vector
Machines (SVM), and Decision Trees (DT), while also applying advanced methods to enhance activity
recognition accuracy. Additionally, the paper investigates optimization techniques like Grid Search with Cross
Validation (GridSearchCV) to improve both efficiency and accuracy of the models [7, 8].

2. Machine Learning Techniques

ML algorithms, unlike traditional software, detect patterns within data, permitting predictions and
decision-making based on novel inputs. Initially, Artificial Inelegance research focused on creating machines
that could learn from data, leading to early methods like neural networks and probabilistic reasoning [9].
Over time, machine learning emerged as a distinct field in the 1990s, emphasizing practical, solvable
problems. Machine learning develops mathematical models from training data, which helps recognize
complex patterns across fields like healthcare and transportation. As more data is processed, the algorithms
become more effective, automating tasks and generating insights [10]. Machine learning has become
transformative, powering innovations such as deep learning, which utilizes multi-layered neural networks to
process extensive datasets like images and audio [11]. This progression is revolutionizing industries and
influencing daily life, offering significant potential in areas like activity recognition as shown in Fig. 1.
Machine Learning (ML), being a subset of Artificial Intelligence (Al), is focused on learning from data, while
deep learning makes use of multi-layer Neural Network (NN) to handle complex data like images and
audio [12-15].

Contains patterns Finds patterns Recognizes patterns
L
f(X)
Data Train Algorithm Build Model

E Predictions or
Descriptions

Use Model

New Data

Fig. 1. Machine learning uses algorithms to predict new data.

2.1. Logistic Regression (LR)

LR is a binary classification model appropriate for supervised learning. It is trained to learn the probability
of the input belonging to a specific class as illustrated in Fig. 2. Logistic regression is unlike linear regression
because linear regression provides continuous values while logistic regression provides probabilities
between 0 and 1 since a sigmoid function is applied (Fig. 3) [16-18].
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Fig. 3. Modeling binary outcomes using the sigmoid function.

This probability is calculated by applying the sigmoid function, as defined by:

1
1 4 el=(Bo+ B1X1+ B2X2+ -+ fnXn)} (1)

P(Y = 1|X) =

where P(Y = 1|X) : represents the probability that output Y belongs to the desired category 1, given the
features X, and f denotes the coefficients for each feature. The algorithm determines classification based on
decision boundaries, where a threshold (typically set to 0.5) classifies results: if the probability exceeds 0.5,
the input is assigned to one category; otherwise, it's assigned to the other. LR also uses regularization to
prevent overfitting by penalizing large feature coefficients, which improves model generalizability. LR is
widely used in various fields such as medical diagnostics, finance, spam detection, and human activity
recognition. It is simple, easy to implement, and interpretable, making it effective when relationships
between variables are linear and decision boundaries are clear. However, it struggles with non-linear data
and significant feature overlap, limiting its performance in more complex scenarios. Despite these challenges,
logistic regression remains a valuable tool for binary classification [19, 20].

2.2. Support Vector Machines (SVMs)

SVMs algorithm is an algorithm that has been used widely in machine learning because it can handle both
linear and nonlinear classification issues. The basic idea is to look for an optimal high-level separator in
various classes by maximizing the margin between the nearest points, so-called “support vectors”. Support
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vector machines can handle non-linear data by utilizing kernel functions (e.g., linear, polynomial, RBF) to
project the data into higher dimensions for efficient classification. While SVMs are adept at handling high-
dimensional data, they are sensitive to noise and outliers, and training them can be very computationally
expensive, especially with large and complex datasets as shown in Fig. 4. [21, 22].
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Fig. 4. The fundamentals of support vector machines.

Linear Support Vector Classification (SVC) is an advanced variant of SVM designed to find linear boundaries
that separate classes. In this paper, Linear SVC is used to differentiate human activity classes based on
smartphone sensor data. It works by identifying the optimal hyperplane that maximizes the distance between
support vectors, the points closest to the hyperplane. By increasing the margin between support vectors and
the hyperplane, Linear SVC improves classification accuracy. This procedure can be summarized by the
following fundamental equation [23]:

yiwlx;—=b)=1i=1,...,n (2)

where y; denotes the assigned class for the point x;, w is the weight vector, and b is the bias term that defines
the position of the hyperplane.

This methodology enables Linear SVC to effectively analyze activity data from smartphone sensors, such as
acceleration and angular measurements, ensuring accurate activity classification. It is particularly suited for
handling large, multidimensional data, leading to improved analytical results and offering new opportunities
in fields like health, fitness, and artificial intelligence [24-30].

2.3. Decision Trees (DT)

Decision Trees (DT) are intuitive yet powerful algorithms that recursively partition data based on feature
values to classify instances. Each node in the tree represents a decision point, while leaves correspond to final
classifications, making DT highly interpretable. Criteria such as Gini impurity and entropy guide the splitting
process, optimizing the model’s ability to capture non-linear relationships in the data. In this study, DT is
applied to human activity recognition, where it leverages sensor-derived features like acceleration and
angular velocity to categorize activities using simple “if-then” rules. While DT’s transparency and lack of
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dependency on feature scaling are advantages, its propensity for overfitting is mitigated through
GridSearchCV, ensuring balanced performance across diverse activities [31, 32].

2.3.1. Validation

In order to better estimate the true risk of a learning algorithm output, part of the training set is typically
withheld as a validation set. This allows the model performance to be intensively tested so that overfit can be
detected and a reasonable estimate of its ability to generalize to new, unseen data made. Model choice and
hyperparameter tuning rely upon this.

Grid Search is a powerful technique for optimizing machine learning models in HAR. It involves selecting a
model (e.g., Logistic Regression, Linear SVC, or Decision Trees) and defining a range of hyperparameters to
test, such as regularization strength (C) and solver type for Logistic Regression, kernel type for Linear SVC,
and maximum depth or minimum samples for splitting in Decision Trees. The process involves training the
model on the training set and evaluating it on the validation set, often using K-fold Cross-Validation [33-38].
After testing all combinations of hyperparameters, the best-performing ones are selected based on accuracy.
The model is then retrained with these optimal parameters and tested on an unseen dataset to assess its
generalization ability. In HAR, Grid Search enhances model performance, leading to more accurate activity
classification from sensor data. This systematic optimization is key to achieving better results and ensuring
that the model generalizes well in real-world applications as shown in Fig. 5 [39-41].
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Fig. 5. Grid search in machine learning.

2.3.2. Evaluation

Different evaluation criteria and tools are used, depending on the model used and the type of data, to
measure the accuracy and reliability of the model in making decisions. Confusion Matrices: is a summary
table for describing the accuracy of a ML model on test data. It shows the number of correct and incorrect
predictions made by the model as depicted in Fig. 6. [42-44].
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Fig. 6. The basic structure of a confusion matrix.

The CM is especially useful for classification models, which assign categorical labels to input data. It
typically includes the following key metrics. The confusion matrix helps assess the model’s performance
across different classes, providing valuable insights into areas for improvement. It is particularly useful for
evaluating models when the classes are imbalanced, offering more than just an overall accuracy measure.

A crucial first step in machine learning is teaching the model to identify different patterns and correlations
using training data. Enabling the model to produce precise classifications or predictions on fresh data is the
goal. In order to avoid overfitting, which occurs when a model performs well on training data but badly on
fresh data, hyperparameter optimization techniques like Grid Search with Cross-Validation (GridSearchCV)
are employed. This procedure guarantees the creation of a solid model that yields precise and dependable

findings.

3. Simulation Results and Discussion

This study uses a Kaggle dataset containing data from accelerometers and gyroscopes to recognize various
human activities such as walking, sitting, standing, lying down, etc. This data includes a set of features such
as acceleration in the x, y, and z axes, along with angular velocity, which are pre-processed through cleaning
and normalization to ensure consistency. The machine learning model is trained on a certain number of 71%
of the data and evaluated on the remaining number of 29%. Several algorithms we have previously learned
about, including logistic regression, are tested with GridSearchCV to tune the hyperparameters. Performance
is measured using precision, accuracy, recall, F1 score, and confusion matrix to assess how well the model
classifies activities and identifies misclassifications. The results are analyzed to identify activities that are
frequently misclassified in a significant way, such as ascending and descending, providing insights for
improving the model and improving sensor data collection techniques for future works.

3.1. Control Flow

This paper uses LR, SVM, and DT classifier, each model offers a unique approach to classification, and their
performance is evaluated based on data processing, training, and evaluation steps as shown as control flow

L T
Data Data Tralnlng Testing
preparation splitting phase phase
N A N -/

Fig. 7. Architectures flow chart.

in Fig. 7.
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3.2. Dataset

The dataset employed in this study is sourced from Kaggle and comprises labeled sensor data
collected from accelerometers and gyroscopes embedded in smartphones and wearable devices. It
captures a diverse range of human activities, including walking, sitting, standing, lying down, and
ascending or descending stairs, providing a comprehensive foundation for activity recognition research.
Each data instance includes triaxial acceleration (x, y, z) and angular velocity measurements, offering
rich spatial and temporal insights into movement patterns. The dataset consisting of acceleration (x, y, z)
and angular velocity, captures diverse body movements for various activities as shown in Fig. 8.

*Zz

Ao

(a) (b)

Fig. 8. Wearable sensors (a) accelerometer measures acceleration; (b) Gyroscope measures rotation

To ensure robustness, the dataset undergoes rigorous preprocessing, including cleaning to remove
noise and normalization to standardize feature scales. The data is partitioned into training (71%) and
testing (29%) sets, adhering to best practices in supervised learning to validate model generalizability.
With 7,352 training and 2,947 testing instances, the dataset strikes a balance between volume and
diversity, enabling effective model training and evaluation. This well-curated dataset not only supports
the comparative analysis of machine learning algorithms but also highlights the challenges of
distinguishing similar activities, such as walking upstairs versus downstairs, thereby driving innovation
in feature engineering and model optimization. The inclusion of real-world sensor data ensures practical
relevance, making the dataset ideal for developing HAR systems with applications in healthcare, fitness,
and smart environments. Its structured format and detailed annotations further facilitate reproducible
research, aligning with the study’s goal of advancing activity recognition technology.

3.3. Logistic Regression with GridSearchCV

A normalized confusion matrix where diagonal elements represent precision for each activity, and off-
diagonal elements show misclassification rates. Normalization ensures row sums equal 1 for easier
interpretation as shown in Fig. 9.
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Fig. 9. Normalized CM of the logistic regression.

Fig. 9 displays the Normalized Confusion Matrix for the Logistic Regression model, providing valuable
insights into its performance across various activity classes. Key observations from the matrix include:

LAYING: Perfect precision of 1.0, indicating flawless performance.

SITTING: Precision of 0.87 suggests some challenges in classification, although still acceptable.

STANDING: Achieved a precision of 0.97, reflecting strong performance.

WALKING: Achieved an impressive precision of 0.99, indicating very high accuracy.

WALKING_DOWNSTAIRS: With a precision of 0.96, the model shows effective classification for this activity.

WALKING_UPSTAIRS: With a precision of 0.95 with 4% misclassified as “WALKING".

The model shows one notable issue is that the model frequently confuses WALKING_UPSTAIRS with
WALKING and WALKING_DOWNSTAIRS, which highlights the difficulty in distinguishing these similar
activities.

Fig. 10 provides a confusion matrix that visualizes the counts of true positives, false positives, true
negatives, and false negatives for each class, further illustrating the model’s strengths and areas for
improvement. Table 1 summarizes the model’s performance, showcasing its exceptional ability to classify
LAYING, with perfect scores in precision, recall, and F1-Score. However, SITTING experiences the lowest recall,
suggesting occasional misclassification, though its precision remains high. Overall, the model demonstrates
robust performance with an overall accuracy of 95.83%. Additionally, it highlights the average cross-
validation score of approximately 93.77%, demonstrating the model’s consistent and reliable performance.
The Logistic Regression model, with its optimized hyperparameters, performed effectively, achieving high
cross-validation scores and proving its robustness across various validation folds.
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Fig. 10. CM of the logistic regression.

Table 1. Confusion Matrix Summary

Correct

Incorrect

. . o .
Activity Predictions Predictions Accuracy (%) Incorrect Details
Laying 537 0 100 -
- 60 (predicted as standing),
Sitting 428 63 87.6 3 (predicted as walking upstairs)
Standing 516 16 96.9 Predicted as sitting
Walking 492 4 992 3 (predlct}ed as walkm_g downstf':urs),
1 (predicted as walking upstairs)
Walking 3 (predicted as walking),
404 16 96.2
Downstairs 13 (predicted as walking upstairs)
Walking 23 (predicted as walking),
Upstairs 447 24 949 1 (predicted as walking downstairs)

3.4. SVM with GridSearchCV

A normalized confusion matrix, where the values represent the proportion of instances for each true and
predicted label, as opposed to absolute counts. Fig. 11 displays the Normalized CM for the SVM model, offering
a detailed view of its classification performance across different activity classes. Key observations from the

matrix include:

LAYING: Achieved perfect classification with a score of 1.00, indicating all instances were correctly

classified.

SITTING: With a precision of 0.87, the model misclassified 12% of instances as “STANDING”.
STANDING: Scored 0.98, with just 2% of instances misclassified as “SITTING".

WALKING: Demonstrated flawless classification with a precision of 1.00.
WALKING_DOWNSTAIRS: Achieved 0.98, with a minimal 1% misclassification as “WALKING”.
WALKING_UPSTAIRS: Scored 0.96, with 4% misclassified as “WALKING”.
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Fig. 11. Normalized CM of the SVM.

Fig. 12 provides a confusion matrix that visualizes the counts of true positives, false positives, true
negatives, and false negatives for each class, further illustrating the model’s strengths and areas for
improvement. Table 2 summarizes the model’s overall performance, highlighting its strong results for LAYING
and WALKING_DOWNSTAIRS, where it achieved near-perfect or perfect precision. However, SITTING
exhibited the lowest recall, indicating some misclassification, although its precision remains high. Overall, the
model demonstrates robust performance across all classes, achieving an accuracy of 96.67%. With an average
score of 94.27%, the model proves to be highly reliable and well-suited for real-world applications. However,
continued evaluation with new data is essential to ensure its ongoing effectiveness and accuracy in different
scenarios.
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Fig. 12. CM of the SVM.
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Table 2. Confusion Matrix Summary

Correct Incorrect
- o .

Activity Predictions  Predictions Accuracy (%) Incorrect Details

Laying 537 0 100 -

Sitting 428 63 876 58 (predicted a.s Standing),_3 (predictgd as walking

upstairs), 2 (predicted as laying)
Standing 522 10 98.1 9 (predicted as Sitting), 1 (predicted as Walking)
Walking 496 0 100 -
Walking Downstairs 412 8 98.1 3 (predicted as Walking), 5 (predicted as walking
upstairs)
Walking Upstairs 454 17 96.3 17 (predicted as Walking)

3.5. Decision Trees with GridSearchCV

The normalized confusion matrix for a classification model predicting various human activities. In this
matrix, rows represent true labels and columns represent predicted labels, with cell values indicating the
proportion of instances for each true-predicted combination. This visualization suggests that the model is a
strong candidate for the classification task.

Fig. 13 Observed the Normalized Confusion Matrix reveal the following classification performance:
LAYING: Achieved perfect classification with 100% accuracy.

SITTING: 76% of instances were correctly classified, while 24% were misclassified as “STANDING.”
STANDING: 89% of instances were correctly classified, with 11% misclassified as “SITTING.”

WALKING: Demonstrated high accuracy at 95%, with 3% misclassified as “WALKING_DOWNSTAIRS.”
WALKING_DOWNSTAIRS: 83% of instances were correctly classified, and 6% were misclassified as
“WALKING.”

WALKING_UPSTAIRS: 77% of instances were correctly classified, while 15% were misclassified as
“WALKING_DOWNSTAIRS.”

The model performed exceptionally well with LAYING, achieving perfect scores across precision, recall, and
F1-Score. However, SITTING exhibited the lowest recall, indicating that a significant portion of instances were
misclassified. The overall F1-Score for SITTING was also lower compared to other activities. While WALKING
showed high recall, its precision was slightly lower, suggesting that some misclassifications occurred.

10
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Fig.13. Normalized CM of the decision trees.
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Fig. 14 provides a detailed confusion matrix, offering additional insights into the model’s performance. The
average cross-validation score of 85% for the best estimator further highlights the model’s solid performance
across different validation sets. This score suggests the model generalizes well to new data, but further tuning
could improve overall accuracy. As shown in Table 3, the Decision Tree Classifier proved effective for this
classification task but has areas for improvement, particularly in distinguishing between the “SITTING” and
“STANDING” classes. To enhance model performance, further hyperparameter tuning or exploring alternative

algorithms may be necessary.

Confusion matrix
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Fig. 14. CM of the decision trees.
Table 3. Confusion Matrix Summary
Correct Incorrect
L o .
Activity Predictions Predictions Accuracy (%) Incorrect Details
Laying 537 0 100 -
Sitting 374 117 76.0 Predicted as Standing
Standing 472 60 88.4 Predicted as Sitting
) 17 (predicted as Walking Downstairs),
Walking 472 24 950 7 (predicted as Walking Upstairs)
Walking 24 (predicted as Walking),
4 1 .
Downstairs 349 7 836 47 (predicted as Walking Upstairs)
Walking 71 (predicted as Walking),
1 77.

Upstairs 365 06 6 35 (predicted as Walking Upstairs)

3.6. The Comparison of the Three Models

The SVM model is the most effective choice for this classification task, followed closely by Logistic
Regression. The Decision Tree model shows significantly poorer performance and may not be suitable for
tasks requiring high accuracy. These insights can help guide the selection of the most suitable model based
on specific needs and requirements. Table 4 shows the Assessment metrics for three cases, and Table 5 shows

comparison of the three models.
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Table 4. Comparison of the Three Models

Metric SVM Logistic Regression Decision Tree
Accuracy 96.67% 95.83% 87.28%
Error Rate 3.325% 4.174% 12.72%
Precision (Avg) High (~0.96) High (~0.95) Low (~0.83)
Recall (Avg) High (~0.96) High (~0.95) Low (~0.85)
F1-Score (Avg) High (~0.96) High (~0.95) Low (~0.84)
Computational Cost High Medium Low
Generalizability Best Good Poor

The accuracy-error curve is shown in Fig. 15 showing the following percentages that express the
performance and effectiveness of the model:

Best Performance: The SVM model has the highest accuracy (96.67%) and the lowest error rate (3.325%),
making it the best-performing model among the three.

Strong Showing: The Logistic Regression model also performs well, with an accuracy of 95.83% and an
error rate of 4.174%.

Least Effective: The Decision Tree model has the lowest accuracy (87.28%) and the highest error rate
(12.72%), indicating it is the least effective option compared to the other two models.

ROC (Receiver Operating Characteristic) analysis is a useful way to compare model prediction performance
by displaying the trade-off between sensitivity (or TPR) and specificity (1-FPR). Classifiers yielding curves
closer to the top-left corner perform better. A random classifier as baseline should yield points on the
diagonal (FPR = TPR). as illustrated in Fig. 16. demonstrates the presents the ROC curves of three models:
Logistic Regression, SVM, and Decision Tree.

Accuracy and Error Curve for Different Models
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Fig. 15. Accuracy and error curve.
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Fig. 16. ROC curve for three cases.
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Table 5 compares the performance of SVM, LR, and DT from our study with other referenced studies
in HAR research. Key metrics include accuracy, precision, recall, F1-Score, computational cost, and

generalizability.
Table 5. Comparison with Other Studies
Study Model Accuracy Precision Recall F1-Score Comp. Cost Generalizability Key Findings
Best performance, robust for
SVM  96.67% 0.96 0.96 0.96 High Best similar activities (e.g., stairs vs.
walking).
M Fast, i 1 1
ySwdy R 9583% 095 095 095  Medium Good ast, interpretable, struggles
with non-linear data.
Overfits, struggles with
0,
DT 87.28% 0.83 0.85 0.84 Low Poor “SITTING” vs. “STANDING.”
Li Effective for smartphone-based
ima

SVM 94.2% 0.93 0.92 0.92 High Good HAR but less accurate than the

(2018) [35] attached study.

Subasi et al. Comparable to the attached

(2019) [1] LR 93.5% 0.92 0.91 0.91 Medium Moderate paper but slightly lower
accuracy.

Thuone et al Similar to the attached paper’s

(2024}};) [4] DT 89.7% 0.88 0.87 0.87 Low Moderate DT but slightly better due to
feature engineering.
Arizaetal. Random Medium- Ensemble methods improve over
0,

(2023) [2] Forest 95:1% 0.94 0.94 0.94 High Good single DTs but still below SVM.

3.7. Key Insights

1. SVM is the Best Traditional ML Model
- SVM (96.67%) outperforms other studies [35], likely due to better hyperparameter tuning
(GridSearchCV).
- Strengths: High accuracy, robust to noise.
- Limitations: Computationally expensive.
2. LRis a Strong Alternative
- LR (95.83%) is comparable to Subasi et al. [1] (93.5%), showing consistency in performance.
- Best for: Real-time applications where interpretability matters.
3. DT Underperform
- DT (87.28%) is worse than Thuong et al. [4] (89.7%), suggesting better feature selection could help.
- Main issue: Overfitting and difficulty distinguishing similar activities.
4. Ensemble Methods (Random Forest) Improve Over DT
- Arizaetal [2] reached 95.1% with Random Forest, showing better generalization than single DTs.

4. Tools and Software

For the implementation and evaluation of the proposed Human Activity Recognition (HAR) system, the
following tools and software were utilized:

1. MATLAB R2023a

o Primary platform for algorithm development, signal processing, and machine learning
model training.
o Toolboxes Used [45-51]:
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= Statistics and Machine Learning Toolbox: For feature extraction, classification
(SVM, KNN, Decision Trees), and performance evaluation (confusion matrices, ROC
curves).

» Signal Processing Toolbox: For preprocessing sensor data (filtering, noise
removal, segmentation).

*» Deep Learning Toolbox: For designing and training neural networks (LSTM, CNN)
for time-series and image-based activity recognition.

» Parallel Computing Toolbox: To accelerate model training using GPU/CPU
parallelization.

2. MATLAB Apps [52-55]

o Classification Learner App: For rapid prototyping and comparison of supervised learning
models.
o Signal Analyzer App: For visualizing and preprocessing accelerometer/gyroscope data.

5. Conclusion

HAR has emerged as a critical technology with far-reaching applications in healthcare, smart environments,
fitness tracking, and human-computer interaction. This study investigated the performance of three classic
machine learning models—LR, SVM, and DT—in classifying human activities using smartphone sensor data.
The research leveraged the Kaggle HAR dataset, which includes accelerometer and gyroscope measurements
for activities such as walking, sitting, standing, and stair climbing. Hyperparameter optimization via
GridSearchCV was employed to enhance model accuracy and generalizability.

The results demonstrated that SVM outperformed the other models, achieving an impressive 96.67%
accuracy, followed closely by LR (95.83%), while DT lagged behind (87.28%). SVM’s superior performance
can be attributed to its ability to handle high-dimensional data and maximize the margin between support
vectors, making it highly effective in distinguishing between similar activities. LR, though slightly less
accurate, proved to be a strong alternative due to its interpretability and computational efficiency. DT, while
intuitive, struggled with overfitting and misclassification, particularly for activities like sitting and standing,
which share overlapping sensor patterns. Despite the success of traditional machine learning models,
challenges remain in improving classification accuracy for closely related activities (e.g., walking upstairs vs.
downstairs) and adapting to real-world variability in movement patterns. Future research should explore
deep learning approaches (e.g.,, CNNs, LSTMs) for enhanced feature extraction, real-time HAR systems for
dynamic environments, and multimodal sensor fusion (e.g.,, combining accelerometer, gyroscope, and heart
rate data) to further refine recognition capabilities.

In conclusion, this study highlights the effectiveness of SVM and LR in HAR applications while underscoring
the need for continued innovation in model optimization and data processing. By advancing these techniques,
HAR systems can achieve greater reliability, paving the way for broader adoption in healthcare monitoring,
assistive technologies, and smart automation. The insights from this work contribute to the growing body of
research in activity recognition, reinforcing the potential of machine learning to transform how we interpret

and respond to human movement in real-world scenarios.

6. Future Work

To improve classification performance and address limitations, the following future directions are
suggested:

Real-time Processing and User Adaptability: Developing real-time HAR systems for wearable devices or
mobile apps, combined with personalized models tailored to individual users, can improve immediate
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feedback and accuracy in diverse real-world applications.

Transfer Learning and Multimodal Systems: Exploring transfer learning to reduce training costs and
incorporating multimodal data (e.g., visual or audio) alongside sensor data can improve model generalization
and provide richer context for activity interpretation.
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