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Abstract- The utilization of built-in sensors for human activity 

recognition has garnered significant attention, thanks to 

smartphones pervasive integration into daily life. This 

research presents an innovative AI-based Human Activity 

Recognition System (HARS) that accurately identifies and 

classifies diverse human activities using smartphone sensors. 

The proposed system employs advanced machine learning 

algorithms, such as deep neural networks, to process and 

analyse sensor data in real-time. The study focuses on 

developing a model capable of discerning activities like 

walking, running, cycling, and sedentary behaviours, 

addressing challenges such as sensor noise and variability in 

user behaviour. Novel preprocessing techniques and feature 

engineering enhance the system's performance. The findings 

contribute to AI-driven human activity recognition, offering 

insights for designing smartphone-based systems that enhance 

user experience and foster intelligent technologies. 
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I. INTRODUCTION 

 

 The need for innovative solutions to promote 

physical activity among individuals has been underscored by 

the growing prevalence of sedentary lifestyles and associated 

health issues. In this context, there is a pressing need for the 

development of a Human Activity Detection System (HADS) 

that leverages the ubiquity of smart phones to accurately 

monitor and encourage physical activity. While there are 

existing smartphone applications that claim to track physical 

activity, they often suffer from inaccuracies and limited 

functionality. The primary problem lies in the lack of a 

comprehensive and reliable HADS that can effectively 

distinguish and classify various human activities, such as 

walking, running, cycling, or even more nuanced activities 

like yoga or weightlifting, using the sensors and capabilities of 

a typical smartphone. 

 

The problem of collecting, storing, and processing 

user data, including location information and physical activity 

patterns, while maintaining user privacy is a complex and 

multifaceted issue. Striking a balance between data utility for 

improving the accuracy of activity detection and safeguarding 

user privacy poses a significant challenge. Additionally, the 

system should be accessible and user-friendly, ensuring that 

individuals of all ages and backgrounds can easily adopt it. 

Solving these problems requires not only cutting-edge sensor 

fusion and machine learning algorithms but also the 

establishment of robust data privacy measures. 

 

II. RELATED WORK DONE 

 

Accelerometers, known for their low-power 

requirement and non intrusiveness, are widely used in motion 

sensing.[1] They detect the body's linear acceleration, which 

represents the motion of the body itself, while the gravity 

component is often considered noise. Surprisingly, recent 

research has found that the gravity component actually helps 

differentiate between sitting and standing activities. 

Gyroscopes, on the other hand, struggle with this distinction 

due to their lack of gravity reference.[14] Accelerometers 

ability to detect both body movements and postural 

orientations makes them well-suited for various applications. 

Previous studies have shown that linear acceleration's 

performance in motion sensing is comparable to or slightly 

below that of total acceleration measurement. To conserve 

computational and storage resources, this study excludes the 

linear acceleration attribute. The integration of accelerometer 

and gyroscope data can enhance the accuracy of activity 

recognition systems.[17] By combining these sensors, 

researchers can leverage the strengths of each sensor while 

compensating for their respective weaknesses.[17] This 

approach improves the overall reliability and robustness of the 

system, particularly in scenarios where precise activity 

classification is essential. 

 

III. METHODOLOGY 

 

To recognize human activities using smartphone 

sensors, start by collecting sensor data while users perform 

activities like walking, running, sitting, and standing. 

Preprocess the data by removing noise, applying signal 

processing techniques, and segmenting it into fixed-length 

windows. Extract features from these windows, including 

statistical measures, frequency domain features, and time-
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domain features. Label each window with the corresponding 

activity. Split the dataset into training and testing sets, then 

train machine learning models like decision trees, random 

forests, or deep neural networks using the training set. 

Evaluate the models using the testing set and metrics like 

accuracy, precision, recall, and F1-score. Once a satisfactory 

model is obtained, deploy it for real-time activity recognition. 

Continuously collect new data and retrain the model to 

improve its performance over time, incorporating user 

feedback to refine the model further. In these research we are 

using following methodologies. 

 

A. Classification Method 

 

Support Vector Machine: The Support Vector Machine 

(SVM) algorithm is used to recognize human activity. SVM is 

a large margin classifier that finds a hyperplane to decide the 

class for a new data point. The hyperplane corresponds to the 

one with the largest margin between the classes. The 

dimension of a hyperplane depends on the number of features 

used for data representation. SVM is used for regression and 

classification in machine learning. A set of algorithms called 

“Kernel methods” are used to implement non-linear 

classification. Kernel trick is helpful to do pattern analysis by 

mapping inputs in higher dimensional space. SVM can be 

used to recognize activities such as: Clapping, Jumping, 

Stretching, Running, Walking, Shaking hands, Hugging, 

Drinking while walking. The results of activity prediction can 

be used as home automation input for the home security 

system. SVM is a powerful supervised algorithm that works 

best on smaller datasets. Support Vector Machine, abbreviated 

as SVM can be used for both regression and classification 

tasks, but generally, they work best in classification problems. 

 

B. Sensors Used 

 

Accelerometer: This sensor works like a tiny, smart marble 

inside your phone. It can tell which way your phone is tilted or 

if it's moving. When you tilt your phone, the accelerometer 

can sense the change in direction and help adjust the screen or 

move objects in games or apps accordingly. 

 

Gyroscope: Think of the gyroscope as a digital compass for 

your phone. It can tell which way your phone is rotating or 

turning. This is really useful for things like mapping apps 

because it helps your phone know which way you're facing 

even if you're not moving. 

 

C. Technologies used 

 

GSM (Global System for Mobile Communication): GSM 

isn't exactly a sensor but a technology used for phone calls and 

text messages. It allows your phone to connect to mobile 

networks so you can make calls and send texts. It's like the 

invisible string that connects your phone to the rest of the 

world. 

 

Pedometer Plugin: A pedometer is like a digital step counter. 

When your phone has this plugin, it can sense when you're 

walking or running. It counts your steps and helps with fitness 

tracking apps. It's like a buddy that keeps track of how much 

you're moving. 

 

IV. WORKING MODULE 

 

 
 

IV. RESULT 

 

Results for a human activity recognition system using 

smartphone sensors can vary depending on the dataset, 

preprocessing techniques, feature extraction methods, and 

machine learning models used. However, a well-performing 

system might achieve an accuracy of over 90% in classifying 

activities such as walking, running, sitting, and standing. 

 

Here we get results using study of accelerometer and 

gyroscope data from smartphones, along with machine 

learning models like Support vector machine(SVM) could 

achieve an accuracy of 95% or higher. The system would 

demonstrate high sensitivity and specificity for each activity, 
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indicating its ability to effectively distinguish between 

different activities. 

 

Outcomes are shown in below fig. (a) and fig. (b) 

 

 
Fig. (a)                              Fig. (b) 

 

V. CONCLUSION 

 

Human activity recognition using smartphones is a 

groundbreaking field with vast potential. By harnessing 

sensors, smartphones unlock opportunities to understand, 

track, and improve human behaviours. Advanced algorithms 

make smartphones not just for communication but also for 

analysing physical movements and daily activities. This 

technology aids healthcare, fitness tracking, and personalized 

recommendations, enabling tailored interventions. Challenges 

remain in refining accuracy, ensuring privacy, and optimizing 

energy consumption. As smartphones evolve, so will their 

capabilities, leading to more seamless, accurate, and context-

aware systems, enriching our understanding of human 

behaviour. 

 

Coming to future scope, the project will encompass 

the design and implementation of a mobile application capable 

of processing sensor data, employing machine learning 

algorithms for activity recognition, and providing user-

friendly feedback or notifications. Additionally, the system 

will explore potential applications in health and fitness 

monitoring, security, and accessibility, with the possibility of 

integrating with other smart devices or platforms. The project 

will focus on creating a reliable, efficient, and user-friendly 

solution while considering privacy and ethical considerations 

related to data collection and usage. 

REFERENCES 

 

[1] Kaixuan Chen, Lina Yao, Dalin Zhang, Xianzhi Wang, 

Xiaojun Chang, Feiping Nie “A  Semisupervised 

Recurrent Convolutional Attention Model for Human 

Activity Recognition”,  2019 IEEE  

[2] K. Chen et al., “Interpretable parallel recurrent neural 

networks with convolutional attentions for multi-modality 

activity modeling,” in Proc. IEEE Int. Joint Conf. Neural 

Netw. (IJCNN), Jul. 2018, pp. 3016–3021  

[3] A. Bulling, U. Blanke, and B. Schiele, “A tutorial on 

human activity recognition using body-worn inertial 

sensors,” ACM Comput. Surv., vol. 46, no. 3, p. 33, 2014.   

[4] H. Guo, L. Chen, L. Peng, and G. Chen, “Wearable sensor 

based multimodal human activity recognition exploiting 

the diversity of classifier ensemble,” in Proc. ACM Int. 

Joint Conf. Pervasive Ubiquitous Comput., 2016, pp. 

1112–1123.   

[5] J. Yang, M. N. Nguyen, P. P. San, X. Li, and S. 

Krishnaswamy, “Deep convolutional neural networks on 

multichannel time series for human activity recognition,” 

in Proc.-Int. Joint Conf. Artif. Intell. (IJCAI), 2015, pp. 

3995–4001.   

[6] M. Stikic, K. Van Laerhoven, and B. Schiele, “Exploring 

semisupervised and active learning for activity 

recognition,” in Proc. IEEE Wearable Comput. (ISWC), 

Sep./Oct. 2008, pp. 81–88.   

[7] A. Blum and T. Mitchell, “Combining labeled and 

unlabeled data with co-training,” in Proc. 11th ACM 

Annu. Conf. Comput. Learn. Theory, 1998, pp. 92–100.  

[8] H. Ghayvat, J. Liu, S. Mukhopadhyay, X. Gui, “Wellness 

sensor network: a proposal and implementation for smart 

home for assisted living,” IEEE Sens. J., vol. 15, no. 12, 

pp. 7341–7348, Dec. 2015.   

[9] N. Suryadevara, S. Mukhopadhyay, “Determining 

wellness through an ambient assisted living 

environment,” IEEE Intell. Syst., vol. 29, no. 3, pp. 30-37, 

May 2014.   

[10] S. Chernbumroong, S. Cang, A. Atkins, H. Yu, “Elderly 

activities recognition and classification for applications in 

assisted living,” Expert Syst. Appl., vol. 40, no. 5, pp. 

1662–1674, Apr. 2013.   

[11] K. Peetoom, M. Lexis, M. Joore, C. Dirksen, L. De Witte, 

“Literature review on monitoring technologies and their 

outcomes in independently living elderly people,” 

Disabil.Rehabil. Assist. Technol., vol. 10, no. 4, pp. 271–

294, Jul. 2015   

[12] J. Gubbi, R. Buyya, S. Marusic, and M. Palaniswami, 

“Internet of Things (IoT): a vision, architectural elements, 

and future directions,” Future Generation Computer 

Systems, vol. 29, no. 7, pp. 1645– 1660, 2013.  



IJSART - Volume 10 Issue 5 – MAY 2024                                                                                         ISSN [ONLINE]: 2395-1052 
 

Page | 559                                                                                                                                                                     www.ijsart.com 

 

[13] Android. Sensors Overview.http:// 

developer.android.com/ guide/ topics/ sensors/ 

sensors_overview.html, 2014.[Online; accessed 01-

March2014].  

[14] Badshah M. Sensor-based human activity recognition 

using smartphones (2019). 

[15] Ronao C.A., Cho S.-B. Human activity recognition with 

smartphone sensors using deep learning neural networks 

Expert Syst. Appl., 59 (2016), pp. 235-244. 

[16] Chen Z., Zhu Q., Soh Y.C., Zhang L. Robust human 

activity recognition using smartphone sensors via CT-

PCA and online SVM IEEE Trans. Ind. Inform., 13 (6) 

(2017), pp. 3070-3080. 

[17] Voicu R.-A., Dobre C., Bajenaru L., Ciobanu R.-I. 

Human physical activity recognition using smartphone 

Sensors, 19 (3) (2019), p. 458. 

[18] Figueiredo J., Gordalina G., Correia P., Pires G., Oliveira 

L., Martinho R., Rijo R., Assuncao P., Seco A., Fonseca-

Pinto R. Recognition of human activity based on sparse 

data collected from smartphone sensors 2019 IEEE 6th 

Portuguese Meeting on Bioengineering, ENBENG, IEEE 

(2019), pp. 1-4. 

[19] Sousa W., Souto E., Rodrigres J., Sadarc P., Jalali R., El-

Khatib K. A comparative analysis of the impact of 

features on human activity recognition with smartphone 

sensors Proceedings of the 23rd Brazillian Symposium on 

Multimedia and the Web, ACM (2017), pp. 397-404. 

[20] Kwapisz J.R., Weiss G.M., Moore S.A. Activity 

recognition using cell phone accelerometers ACM 

SigKDD Explor. Newsl., 12 (2) (2011), pp. 74-82. 

[21] Du Y., Lim Y., Tan Y. A novel human activity 

recognition and prediction in smart home based on 

interaction Sensors, 19 (20) (2019), p. 4474. 

[22] Zahin A., Hu R.Q., et al. Sensor-based human activity 

recognition for smart healthcare: A semi-supervised 

machine learning International Conference on Artificial 

Intelligence for Communications and Networks, Springer 

(2019), pp. 450-472. 

 


