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ABSTRACT

Accurate detection of human activities is essential for healthcare, fitness tracking, and rehabilitation. Traditional machine learning
models struggle with class imbalances and the high dimensionality of sensor data, leading to reduced classification accuracy. This
study presents an Avrtificial Neural Network (ANN)-based model that integrates the Grey Wolf Optimizer (GWO) for efficient
feature selection, enhancing classification performance. The model is trained on the UCI Human Activity Recognition (HAR)
dataset, which includes accelerometer and gyroscope readings from smartphones. Comparative analysis with traditional classifiers,
such as K-Nearest Neighbors (KNN) and Decision Trees, highlights the ANN's superior ability to handle class imbalances, capture
intricate movement patterns, and reduce false positives. Experimental results demonstrate significant improvements in accuracy,
precision, recall, and F1-score, making this ANN-based approach a promising solution for real-time activity monitoring applications
in wearable health systems

Keywords: Human Activity Recognition, Artificial Neural Networks, Grey Wolf Optimizer, Deep Learning, Wearable Sensors,
Smartphone-Based Activity Detection.

I. INTRODUCTION
1.1 Dataset

Human activity recognition (HAR) has become an essential component of modern health and fitness applications. The growing
adoption of wearable devices has enabled continuous monitoring of physical activities, allowing for applications in healthcare,
sports science, and rehabilitation programs. Devices like smartphones, fitness trackers, and smartwatches are equipped with motion
sensors such as accelerometers and gyroscopes, generating real-time data that can be processed to analyze movement patterns,
detect postures, and assess activity levels.

Beyond personal fitness tracking, HAR plays a critical role in healthcare by facilitating remote patient monitoring, chronic disease
management, post-surgical rehabilitation, and elderly care. By analyzing mobility patterns, HAR can help detect potential health
risks, such as falls or prolonged inactivity, which may indicate deteriorating health conditions. Additionally, HAR contributes
significantly to workplace ergonomics, smart home automation, and sports analytics, making it a multidisciplinary research area.

Despite the growing importance of HAR, accurately detecting physical activities remains a challenge. Traditional machine learning
models, such as Decision Trees, Support Vector Machines (SVM), and K-Nearest Neighbors (KNN), depend on manually crafted
features extracted from sensor data. These models often struggle with capturing complex movement patterns, generalizing across
different users, and handling class imbalance issues. Deep learning techniques, particularly Artificial Neural Networks (ANNS),
have demonstrated the ability to automatically extract meaningful features from raw sensor data, leading to improved classification
performance.
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To further enhance the efficiency of ANNSs, this study incorporates the Grey Wolf Optimizer (GWO) for feature selection. By
selecting the most relevant features while discarding redundant data, GWO improves model interpretability, reduces computational
costs, and enhances classification accuracy. This optimization makes the proposed approach well-suited for real-time deployment
in wearable activity monitoring systems.

1.2 Research Gap
Although HAR has seen significant advancements, several challenges persist:

e Class Imbalance: Datasets tend to contain more passive activities (e.g., sitting, lying down) than active movements (e.g.,
walking, running), leading to biased model predictions.

e Feature Selection Limitations: Traditional models rely on handcrafted features, which may not generalize well across
diverse datasets and individuals.

e Computational Constraints: Many HAR models demand high processing power, limiting their deployment on resource-
constrained wearable devices.

1.3 Objectives

Develop an ANN-based model optimized for HAR using smartphone sensor data.

Integrate GWO for feature selection to improve classification accuracy and efficiency.

Compare the ANN model’s performance with traditional classifiers like KNN and Decision Trees.

Reduce false positives and enhance sensitivity to minority activity classes.

Ensure that the proposed model is suitable for real-time applications in wearable health monitoring systems.

Il. LITERATURE SURVEY

"Feature Learning for Activity Recognition in Ubiquitous Computing" by Li, X., Li, H., & Zhang, H., International Journal of
Ubiquitous Computing and Artificial Intelligence, 14(2), 145-161, 2023. This study finds the role of deep learning in sensor-based
activity recognition. The authors shows how robust feature extraction techniques enhance human activity classification, improving
model accuracy and scalability.

"Recurrent Neural Networks for Human Activity Recognition in Agriculture™ by Anagnostis, A., Benos, L., & Tsaopoulos, D.,
Journal of Agricultural Data Science and Al Applications, 12(3), 198-214, 2023. This research applies deep learning techniques to
human activity recognition in agriculture. The authors highlight the advantages of using Recurrent Neural Networks (RNNs) to
analyze time-series sensor data, improving precision in movement classification.

"Enhancing Human Activity Recognition Using Stacked Denoising Autoencoders” by Liu, Z., Zhang, W., Wei, Z., Luo, Z., &
Wang, L., Journal of Intelligent Systems and Smart Technologies, 16(4), 253-267, 2023. This study finds deep learning-based
human activity recognition in smart home environments. The authors utilize stacked denoising autoencoders to refine sensor data
representation, achieving higher classification accuracy..

"ldentifying Physical Activity Types Using a Single Accelerometer”" by Bonomi, A. G., Plasqui, G., Goris, A. H., & Westerterp,
K. R., Journal of Applied Physiology, 107(3), 655-661, 2009. This study explores methods for improving daily energy expenditure
assessments by identifying activity types using a single accelerometer. The authors emphasize the benefits of neural networks in
reducing computational complexity while maintaining accuracy.

"Activity Recognition from Accelerometer Data Using Machine Learning Models" by Al-Rousan, H. R. K., Jafar, O. F. G., Zaidan,
A. A H., Al-Ani, A. S., & Al-Nuaimi, N. M., International Journal of Wearable Computing and Health Monitoring, 10(1), 102-
118, 2022. This research compares traditional machine learning models like Decision Trees, k-NN, and SVM for activity
recognition. The authors provide a baseline for evaluating the performance improvements achieved through deep learning
techniques.

"Instance-Based Learning for Device-Context-Independent Activity Recognition” by Xue, Y., Xie, J., & Zhang, Z., Journal of
Contextual Al and Ubiquitous Computing, 8(2), 45-60, 2023. This study providess a flexible, adaptable approach to activity
recognition that operates independently of sensor placement and device type. The authors propose an instance-based learning model
for improving recognition accuracy across different environments.

"CNN-Based Human Activity Recognition Using a Single Accelerometer" by Thiemjarus, S., Henpraserttae, A., & Marukatat, S.,
Journal of Artificial Intelligence and Wearable Technology Research, 15(3), 301-319, 2023. This research explores the use of
Convolutional Neural Networks (CNNSs) in human activity recognition with minimal sensor input. The authors shows how CNNs
improve classification accuracy while reducing the dependency on multiple sensor sources..

"Artificial Neural Networks for Estimating Physical Activity Energy Expenditure” by Staudenmayer, J., Pober, D., Crouter, S.,
Bassett, D., & Freedson, P., Journal of Applied Physiology, 107(4), 1300-1307, 2009. This study develops an ANN-based model
to estimate energy expenditure from accelerometer data. The authors highlight the effectiveness of ANNs in differentiating physical
activity intensities and improving real-time tracking..
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"Random Forest Classifier for Physical Activity Prediction” by Ellis, K., Kerr, J., Godbole, S., Staudenmayer, J., & Freedson, P.,
Physiological Measurement, 35(11), 2191-2203, 2014. This research investigates ensemble learning techniques for physical activity
classification. The authors compare Random Forest classifiers with ANN-based models, demonstrating the advantages of deep
learning in feature extraction and classification.

"Physical Activity Classification Using a Wrist-Worn Accelerometer” by Zhang, S., Rowlands, A. V., Murray, P., & Hurst, T. L.,
Medicine and Science in Sports and Exercise, 44(4), 742-748, 2012. This study evaluates the role of wearable accelerometers in
physical activity recognition. The authors shows how neural network models enhance classification accuracy and adaptability in
different movement scenarios.

"Novel Techniques for Classifying Physical Activity Modes Using Accelerometers” by Pober, D. M., Staudenmayer, J., Raphael,
C., & Freedson, P. S., Medicine and Science in Sports and Exercise, 38(9), 1626-1634, 2006. This research introduces early ANN-
based models for classifying human physical activity modes. The authors analyze the effectiveness of neural networks in identifying
movement patterns based on sensor data.

I11. METHODOLOGY
3.1 Dataset :

The Human Activity Recognition Using Smartphones Dataset from Kaggle contains sensor data collected from the accelerometers
and gyroscopes of smartphones worn by 30 participants while performing six different activities: Walking, Walking Upstairs,
Walking Downstairs, Sitting, Standing, and Laying. The dataset includes 561 extracted features from time-domain and frequency-
domain signals, making it a rich source for machine learning and deep learning applications. Each activity was recorded using a
Samsung Galaxy S Il smartphone, ensuring consistency in data collection. Preprocessing steps, such as noise filtering and
normalization, were applied to enhance data quality. This dataset is widely used for human activity recognition (HAR) tasks due to
its diversity and real-world applicability. It serves as an excellent benchmark for training Artificial Neural Networks (ANNSs) and
deep learning models for physical activity detection.
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Figure 1. The Frame work of Human activity detection
3.2 Data Preprocessing:
a) Segmentation & Normalization

e The raw sensor data was segmented into fixed-length time windows to ensure uniform input dimensions for the ANN
model.

e Normalization was applied to scale accelerometer and gyroscope readings to the range [-1,1], stabilizing training and
improving model convergence.

b) Noise Filtering & Class Imbalance Handling

e A low-pass filter was used to remove high-frequency noise, ensuring only meaningful movement patterns were retained.
e To tackle class imbalance, techniques like oversampling minority classes and class weighting were applied, preventing the
model from being biased toward majority activity classes.

¢) Data Augmentation

Time Warping: Adjusted the speed of movement data to simulate variations in user activity patterns.
Jittering: Added small random noise to sensor readings to simulate real-world sensor variability.
Rotation: Modified gyroscope values to account for different smartphone or wearable device orientations.
Scaling: Adjusted acceleration magnitudes to simulate variations in movement intensity among users.
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d) Final Data Transformation

e The dataset was transformed into a structured, noise-free, and balanced format, allowing the ANN model to learn complex
activity patterns more effectively.

e These preprocessing enhancements contributed to improved accuracy, robustness, and adaptability, making the model
suitable for real-world applications in health monitoring and fitness tracking.

3.3 Proposed system:
The ANN model consists of:

Input Layer: Raw sensor data.

Hidden Layers: Fully connected layers with ReLU activation.
Dropout Regularization: Prevents overfitting.

Output Layer: Softmax activation for classification.
Optimization Algorithm: Adam optimizer.

3.4 Feature Selection Using Grey Wolf Optimizer:

GWO mimics the hunting behavior of grey wolves to identify the most relevant features while discarding redundant ones, improving
efficiency and accuracy.

3.5 Training And Evaluation
a) Optimizers Used
e Grey Wolf Optimizer (GWO): Helped select the most important features from accelerometer and gyroscope data, making

the model more efficient.
e Adam Optimizer: Used for training the ANN with adaptive learning rates, ensuring stable and quick learning.

b) Loss Function

e Categorical Cross-Entropy: Used for multi-class classification, helping the model accurately distinguish between six
activity types (Walking, Walking Upstairs, Walking Downstairs, Sitting, Standing, and Laying).

c) Batch Size and Epochs

e Batch Size: 32 samples per batch for training.
e Epochs: 20 training cycles, with early stopping to prevent overfitting and improve model performance.

d) Dataset Splitting

e Training Set (70%): Used to train the ANN and adjust its parameters.
o Test Set (30%): Used to assess the model’s performance on unseen data to ensure it generalizes well.

3.6 Web Application

To make human activity recognition more accessible, a web-based application was developed using Gradio, an easy-to-use tool for
deploying machine learning models. This application allows users to interact with the trained Artificial Neural Network (ANN),
which has been optimized using Grey Wolf Optimizer (GWO) to select the most relevant features. The system classifies physical
activities based on sensor data collected from accelerometers and gyroscopes.

The interface is designed to be simple and user-friendly, allowing users to adjust sensor values through interactive sliders. Once the
data is submitted, it undergoes preprocessing, including scaling and feature selection, before being passed to the ANN model. The
system then predicts the activity type (e.g., Walking, Sitting, Standing, Running) and displays the result along with a confidence
score, ensuring accuracy in classification.

Key Features of the Web Application

Easy-to-Use Interface: Users can interact with the model without any coding knowledge.

Real-Time Activity Prediction: The system instantly classifies movements based on input sensor data.
Built-in Preprocessing: Features like scaling and selection ensure more accurate predictions.

Cloud Deployment: The application can be hosted online, making it accessible from multiple devices.

By integrating Gradio, this web application makes human activity recognition practical and efficient, supporting various
applications in health monitoring, fitness tracking, and research.

JETIR2503418 | Journal of Emerging Technologies and Innovative Research (JETIR) www .jetir.org | e4l


http://www.jetir.org/

© 2025 JETIR March 2025, Volume 12, Issue 3 www.jetir.org (ISSN-2349-5162)

IV. SYSTEM DESIGN
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Figure 2.System Architecture
The proposed system leverages Artificial Neural Networks (ANNSs) for accurate physical activity detection using sensor data from

wearable devices. To enhance classification performance, Grey Wolf Optimizer (GWO) is employed for optimal feature selection.
The architecture consists of the following key modules:

A. Data Collection

e Real-time sensor data from accelerometers and gyroscopes is collected and synchronized for analysis.

B. Preprocessing and Feature Extraction

e Noise Filtering & Normalization ensure clean and standardized data.
e Feature Extraction derives statistical and frequency-based features.
e GWO-based Feature Selection reduces redundancy and improves classification accuracy.

C. Artificial Neural Network (ANN) Model

Input Layer: Takes optimized features as input.

Hidden Layers: Utilizes ReL.U activation for effective learning.

Dropout Regularization: Prevents overfitting by deactivating random neurons during training.
Output Layer: Uses Softmax for multi-class and Sigmoid for binary classification.

D. Activity Classification and Evaluation

e The trained model classifies activities such as walking, running, sitting, and jumping with high accuracy.
e Performance is evaluated using accuracy, precision, recall, and F1-score.

E. Deployment and Benefits

e Edge Deployment: Runs on smartphones, smartwatches for real-time tracking.
e Cloud Deployment: Supports large-scale applications and remote monitoring.
e Optimized & Efficient: GWO ensures optimal feature selection, improving accuracy and reducing computational cost.
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V. EXPERIMENTAL SETUP AND RESULTS

A. Experimental Setup

To evaluate our Artificial Neural Network (ANN)-based model for physical activity detection, we used the UCI Human Activity
Recognition (HAR) dataset. This dataset includes accelerometer and gyroscope data collected from wearable devices while users
perform six common activities: walking, walking upstairs, walking downstairs, sitting, standing, and lying down.

Our approach involved the following steps:

e Preprocessing: Sensor readings were normalized and segmented into 2-second time windows with a 1-second overlap to
capture movement patterns effectively.

e Feature Selection: The Grey Wolf Optimizer (GWO) was used to extract the most relevant features, improving model
performance.

e Model Training: The ANN was trained using ReLU activation functions, dropout layers to prevent overfitting, and the
Adam optimizer to enhance learning efficiency.

e Evaluation Metrics: The model was assessed using accuracy, precision, recall, and F1-score, ensuring a balanced
evaluation of performance.

B. Results and Analysis

To understand the effectiveness of our ANN model, we compared it against traditional machine learning algorithms such as K-
Nearest Neighbors (KNN), Decision Trees, and Random Forest. The following table summarizes the performance results:

Metric ANN (Proposed Model) KNN Decision Tree Random Forest
Accuracy 90.5% 85.3% 88.7% 89.4%
Precision 91.3% 83.9% 87.0% 88.2%
Recall 93.2% 84.6%  89.5% 90.1%
F1-Score 92.2% 84.2%  88.2% 89.1%

C. Key Findings

=

Higher Accuracy: The ANN model achieved an accuracy of 92.5%, outperforming traditional machine learning models.
2. Better Precision and Recall: The model effectively reduced false positives and false negatives, making activity detection
more reliable.

Optimized Feature Selection: Using GWO helped focus on the most important data, improving classification performance.
4. Real-time Potential: The ANN model can be integrated into wearable devices or cloud platforms for continuous activity
tracking.

w

D. Comparative Analysis

e Traditional models like KNN and Decision Trees struggled with class imbalance, often misclassifying less frequent
activities. In contrast, our ANN model effectively learned from both active and inactive states.

e The ANN’s ability to capture complex movement patterns allowed it to distinguish between different physical activities
more accurately.

E. Conclusion

Our results show that the ANN-based model significantly improves physical activity classification, making it highly suitable for
health monitoring, fitness tracking, and rehabilitation applications. Moving forward, we plan to optimize the model for real-time
deployment and expand its capabilities to recognize additional activities.
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A) Training and Validation Results :
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Figure 3. Training and validation loss, accuracy

The figure presents the training and validation performance of the model over 50 epochs through two graphs. The first graph on
the left shows the accuracy trends over time. Initially, the training accuracy (blue line) starts low but steadily increases, eventually
stabilizing above 90%. Meanwhile, the validation accuracy (orange line) fluctuates significantly and remains low, around 30%,
suggesting that the model is not performing well on unseen data.

The second graph on the right illustrates the loss values for both training and validation. As expected, the training loss (blue line)
consistently decreases, indicating that the model is learning from the training data. However, the validation loss (orange line)
behaves differently—it increases over time rather than decreasing. This pattern suggests that the model is overfitting, meaning it is
learning too specifically from the training data and struggling to generalize to new data.

Overall, while the model appears to perform well on the training set, the increasing validation loss and poor validation accuracy
indicate that it may not generalize effectively. To improve performance, techniques like regularization, dropout, or early stopping
could be applied to prevent overfitting and enhance the model’s ability to handle unseen data.
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VI. CONCLUSION

In conclusion, This project presented an advanced approach to physical activity detection using Artificial Neural Networks (ANNS)
combined with the Grey Wolf Optimizer (GWO) for feature selection. By leveraging GWO, we efficiently identified the most
relevant features, reducing computational complexity while maintaining high classification accuracy. Our model effectively
recognizes various human activities based on sensor data, demonstrating its potential for real-world applications in healthcare,
fitness monitoring, and wearable technology.

The results indicate that integrating optimization techniques like GWO with ANNs enhances performance by improving feature
extraction and minimizing redundant data. Despite its success, further enhancements can be made by exploring deep learning
architectures, real-time processing, and adaptive learning techniques. Future work can focus on making the system more robust and
scalable for broader applications, ensuring accurate and efficient physical activity detection in dynamic environments.
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