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ABTRACT Real-time human activity detection using smartphone sensor data involves a complex process of capturing,
analyzing, and interpreting information from the various sensors embedded in smartphones, such as accelerometers,
gyroscopes, and magnetometers. Initially, the smartphone continuously collects sensor readings that reflect the user's
movements and interactions with their environment. These data streams are then processed using algorithms to classify
and recognize patterns indicative of specific activities, such as walking, running, or sitting. Machine learning models
are often used to improve the accuracy of activity detection by learning from historical data and adapting to individual
user behavior. The processed results are then presented in real-time, enabling immediate feedback and supporting
applications such as fitness tracking, health monitoring, and personalized services. This technology is particularly
beneficial for various groups, including the elderly, workers, business people, and children. It provides insights into
how the body is responding to different environments and offers recommendations for maintaining well-being based on
the current situation.

KEYWORDS: Gyroscopes, Accelerometers, Human Activity Detection, Magnetometers
L. INTRODUCTION

Human Activity Recognition (HAR) is the way to assess human motions, by using smartphone accelerometers and
gyroscopes to trace activities such as walking or sitting. To swear by the fact that the data is accurate, they are both
used together. Feature selection can effectively improve battery life, performance, as well as reduce the Flag traffic for
cars. High Acceleration Electronics and Electrochemical Navigation Open-air Vehicle Rotorcraft & UAS Conference,
for instance, are technological scam. The report is useful for every operating system, single-span and multi-span
programs as well. The IoT devices can be installed either before or after the windows are put in the building such
systems..

Fig:The Essentials for Health Monitoring
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This image depicts a young person maintaining vigilance on their health by undertaking fundamental practices in their
daily lifestyle. They have a water bottle for hydration and are holding a smartphone possibly to monitor health
parameters like steps taken activity or hydration alerts. The surrounding environment- green open outdoor- promotes a
healthy and active lifestyle it highlights the need to harness modern technology in conjunction with self-aware practices
to achieve an overall well-being.

II. LITERATURE SURVEY

[1]. Wang, A., Chen, G., Yang, J., Zhao, S., & Chang, C. Y. (2016). A comparative study on human activity
recognition using inertial sensors in a smartphone. IEEE Sensors Journal, 16(11), 4566-4578..

Human Activity Recognition (HAR), compared to other sensors that can possibly use a smartwatch or activity
detector derives from accelerometers and gyroscopes on the smartphone, monitoring the exercise a user does like
walking, 'sitting, etc. It is a way of boosting the efficiency of HAR by combining data gathered from both facilities.
Feature selection does the shrinking very well as it removes unimportant data, making the performance an A+. In
addition, it actually saves a lot of energy. Besides that, HAR technology has been used in such sectors as a non-
invasive health monitoring system and an independent living/aging system.

[2]. Kong, W., He, L., & Wang, H. (2021). Exploratory data analysis of human activity recognition based on
smart phone. IEEE Access, 9, 73355-73364

Researchers are exploring innovative ways to achieve this one promising approach involves using a combination of
machine learning and electrodermal activity eda.A measure of skin conductivity that can reveal emotional and physical
states by analyzing eda data alongside traditional sensor data from smartphones.We can significantly improve the
accuracy of activity recognition while weve made significant progress there are still challenges to overcome for
instance.Accurately recognizing multiple activities happening simultaneously or accounting for variations in individual
behaviors.Remains a complex task future research aims to address these issues and make real-time activity recognition
even more reliable.

[3]. Cheng, X., Zhang, L., Tang, Y., Liu, Y., Wu, H., & He, J. (2022). Real-time human activity recognition using
conditionally parametrized convolutions on mobile and wearable devices. IEEE Sensors Journal, 22(6), 5889-
5901.

Recent advancements in deep learning, notably the advent of deep CNNs, have contributed to activity recognition
(HAR) performance of humans on various datasets. However, the increase in the computational cost of larger models
makes them, the more powerful, unsuitable for real-time HAR on mobile, and wearable devices. Despite that the
shallow learning methods are less cumbersome in terms of weight, they are also less accurate. So as to counteract that,
a neat idea that the paper, A computation efficient CNN using conditionally parametrized convolution (CondConv) that
balances the accuracy and computational cost, proposes. In his work, different public datasets of HAR (WISDM,
PAMAP2, UNIMIB-SHAR, and OPPORTUNITY) were used to provide the state-of-the-art precision without the
additional operational cost. The direction can constitute a substitution to the existing architecture of HAR, which in turn
would result in the emulation of real-time HAR on mobile and wearable devices without speed or accuracy nuts.

[4]. Thakur, D., Biswas, S., Ho, E. S., & Chattopadhyay, S. (2022). Convae-Istm: Convolutional autoencoder long
short-term memory network for smartphone-based human activity recognition. IEEE Access, 10, 4137-4156.

In this paper, a novel DL architecture is proposed which is called ConvAE-LSTM for human activity recognition,
considering smartphone sensor data coming from accelerometers and gyroscopes as the input. The architecture here
combines convolutional neural networks for automatic feature extraction and autoencoders for dimensionality
reduction, alongside capturing the temporal modeling abilities through the use of LSTM networks. It has achieved
state-of-the-art results with very high accuracy, precision, recall, and F1-scores on four public datasets, namely, UCI,
WISDM, PAMAP2, and OPPORTUNITY. Being computationally efficient, it also turned out to be competitive.
However, after hyperparameter tuning, its performance in the real world could further improve. Nevertheless, much
more challenges remain in this field of application for activity recognition, such as further improvement in real-world
generalization.
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[5]. Gochoo, M., Tahir, S. B. U. D., Jalal, A., & Kim, K. (2021). Monitoring real-time personal locomotion
behaviors over smart indoor-outdoor environments via body-worn sensors. IEEE Access, 9, 70556-70570.

This paper proposes and studies an improved human activity recognition based on three groups of datasets: IM-WSHA,
PAMAP2, and HuGaDB. In this model, instead of processing the features from the time, wavelet, and time-frequency
domains in a separate manner, we made it multi-fused in utilizing multi-fused features optimized with SGD and
classified with kernel sliding perceptron. Three datasets show notably improved experimental results, namely IM-
WSHA with 83.18% accuracy rate, PAMAP2 with 94.16%, and HuGaDB with 92.50%. This proposed method is more
efficient than those classifiers, such as ANN and SVM. More complicated activities will be considered for development
in the future; for example, smart homes and healthcare will be used.

III. METHODLOGY

The proposed methodology is mitigate the challenges like interoperability of Sensor devices, computational complexity,
high implementation cost, model overfitting for dataset and scalability.
It explains the implementation of this frame work.

3. 1. Data Set:

e It collected the dataset from WISDM, PAMAP?2 ,Kaggle and git-hub. It provides the Human activity from different
smart phone sensors like touch sensor, Gyroscopes sensor,etc.

e Github contains detailed information about various banking transactions and customer data like customer id,
account balance.

e  World bank datasets is a platform which doesn’t provide biometric datasets specifically, it provides economic and
financial data that might be helpful.

Detail Compact Column

# tBodyAcc-mean(... = # tBodyAcc-mean(... = # tBodyAcc-mean(... =
-0.59 0.67 -0.36 0.25 -0.58 0.49
8.25717778 -6.82328523 -8.814653762
08.28602671 -8.813163359 -8.11988252
8.27548482 -8.826085042 -8.11815167
8.27029822 -8.832613869 -8.11752818

Fig: Smartphone Usage Data Visualization

3. 2. Data Preprocessing:

e Imputation Algorithms:Imputation helps ensure that these gaps do not disrupt data analysis or machine learning
models.

e  Outlier Detection Algorithms:These outliers can occur due to sensor malfunctions, noise, or unusual events in the
data.

o Filtering Algorithms:It can provides smartphone sensor data, these algorithms help clean up signals from sensors
like accelerometers and gyroscopes, which may contain high-frequency noise, low-frequency drift, or other
irrelevant components
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3. 3. Model Training and Predicating:
Deep CNN: For high precision in activity recognition (with computational challenges).

LinearSVC: For lightweight and efficient classification.
WISDM : Is a valuable resource for developing and testing algorithms that recognize human activities using

smartphone sensor data.

3.4.Flow Chart:
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IV. RESULT

An application using real-time HAR through sensor data for monitoring physical conditions of a person, such as an
elderly person, a worker, or a child. Sensors like accelerometers and gyroscopes will be used to interpret the type of

activity involved by the user, as well as ambient elements such as weather.

Preprocessing

\

= BaAnl;‘of Complex graph of
activities smartphone activities
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Complex graph of
\ Main datasets smartwatch activities

Fig: Sensor Fusion for Human Activity Recognition

It would provide real-time feedback and issue alerts if the activity exceeds the body's capacity or poses a health risk.
For example, an elderly person walking in a park during unfavorable weather could receive a warning if their activity

exceeds safe thresholds, promoting safer and healthier behavior.
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Integration:

Smartphone Sensors: The app will use gyroscopes and accelerometers for real-time activity recognition.

Weather Data: Integrated with weather APIs to factor in external conditions.

Machine Learning Models: Utilize lightweight models for personalized and efficient activity analysis to ensure app
usability on smartphones with limited computational power.

Health Alerts: Provide actionable alerts or recommendations when activity patterns or conditions exceed safe levels.

Expected Outcomes:

e Improved awareness of body limits during daily activities.

e Enhanced safety and health monitoring for vulnerable populations.

e A proactive approach to avoiding overexertion in changing environments.

V. CONCLUSION

The paper underlines the potential of smartphone sensor data combined with advanced machine learning architectures
in realizing real-time activity recognition by humans as such the research effectively approaches. Some of the key
challenges affecting the implementation of har models particularly on computational efficiency scalability .The real-
time applicability of the implementations results this work highlights the robustness of the convae-Istm framework to
various datasets.

But points out the practical implications in particular applications such as healthcare monitoring elderly care fitness
tracking and workplace safety the fusion of smartphone-based sensors with light. But precise machine learning
algorithms offers great promise for ubiquitous applications adding additional data from outside sources like weather
conditions and displaying health alerts puts this system on the path of proactive interventions towards safety and
wellness.

while the results are promising there are still many open issues in handling multiple activities improving real-world
generalization and optimizing diverse hardware platforms still the findings clearly show remarkable advancement in
making systems on har technology more accessible adaptable and impactful for real-world applications.
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