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Abstract 

Real-time activities on smart, ubiquitous devices have become a revolutionary way to 

improve health management, enhance safety, and automate daily life. This paper proposes 

a unified monitoring system that leverages wearable sensors, smartphones, and ambient 

IoT devices to gather and analyze data on human activity continuously. The system 

combines motion, physiological, and environmental cues to provide an in-depth view of 

user behavior in various and changing environments. The hybrid processing model is 

used: edge devices quickly identify activities with low latency, while long-term analysis, 

model optimization, and personal recommendations are performed on cloud resources. 

State-of-the-art machine learning algorithms are to be employed to categorize both 

straightforward and complex activities effectively, despite noise and abnormal user 

behaviour. The architecture is also focused on power-saving functionality and secure data 

transfer to ensure the device's long life and the user's privacy. The experimental findings 

indicate high precision, smooth scaling, and strong adaptability across a wide range of 

real-world applications, including healthcare tracking, smart homes, and workplace safety 

management. On the whole, this piece of work demonstrates the potential of ubiquitous 
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smart devices to provide continuous, dependable, and context-aware activity monitoring 

that supports smart decision-making and improves the quality of life. 

Keywords: Real-Time, Activity Monitoring, Ubiquitous Devices, IoT, Wearable Sensors, 

Machine Learning, Context Awareness. 

1 Introduction 

Real-time activity monitoring is the ongoing process of obtaining and understanding human activity as 

it happens, using sensors that read fine-grained streams of motion, physiological, and contextual data. 

Technically, this kind of monitoring is built on synchronized sensing, low-latency data pipelines, and 

adaptive inference models that can classify activities with minimal delay. Initial wearable devices, 

including the smart-shirt interfaces provided by Lee and Chung, demonstrated the ability of embedded 

accelerometers and biosensors to continuously track activity without disrupting a user's routine (Lee & 

Chung, 2009; Selvaraj et al., 2025). These concepts were later expanded by ubiquitous monitoring 

architectures that scattered sensing tasks across indoor spaces, personal devices, and networked nodes, 

to ensure real-time responsiveness even when users change spaces (Lee et al., 2009; Zigui et al., 2024). 

Smart ubiquitous devices have taken center stage in activity monitoring, as they combine mobility, 

high sensing density, and economical communication (Iglesias et al., 2011). The devices, including 

smartphones and wearables, as well as ambient IoT modules, allow the collection of context-rich data, 

for which computation may dynamically shift between the edge and the cloud. It can be exemplified 

by systems designed to assist in living. Once sensors organize sampling and transmission tasks 

intelligentlyintelligently, they can conserve bandwidth while still satisfying very strict real-time 

requirements (Nam et al., 2008). Ubiquitous systems have been found useful for health in studies on 

mobile cardiac monitoring, as clinicians and caretakers can remotely monitor users' states (Nelwan et 

al., 2002; Lamberti & Montrucchio, 2003). Sensing-enriched environments can be used to overcome 

sedentary behaviors in general lifestyle observation and to elicit corrective measures to counteract 

long-term health risks (Iglesias et al., 2011; Marhoon et al., 2025). Wearable IoT systems expand the 

possibilities even further by combining continuous physiological monitoring with cloud computing 

analytics (Wan et al., 2018; James et al., 2025). 

 

Figure 1: Wearable activity recognition system 

Figure 1 shows the data flow in a wearable activity-recognition system, where sensors or wearable 

devices capture physiological and motion data. It transmits this data via Bluetooth or Wi-Fi to a 

transmission module, which then sends it to a cloud or local server for processing. The activity-

recognition module takes the received signals and classifies user activities, presenting the results in a 

real-time monitoring interface where users or healthcare providers can see the insights. 

This study aims to develop a technically sound perspective on how smart, ubiquitous devices can 

be used to support reliable, real-time activity recognition across different user environments. This 

involves the adaptive classification pipeline analysis, which is applied in smartphone-based monitoring 

systems that dynamically modify feature extraction to ensure recognition accuracy (Qi et al., 2020). It 

is also the study of how multimodal sensing and fused location-activity information can be used to 

enhance broader intelligent services, a trend marked by developments in ubiquitous computing (Safa et 
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al., 2025). Moreover, the paper considers the integration problem in home settings, where wearable 

sensors and smart-home nodes must interact to monitor daily activities while minimizing false alarms 

(Bang et al., 2008). The study seeks to develop a platform for scalable, privacy- and context-aware 

activity-monitoring solutions that ensure reliable operation in real-world environments. 

Along with the definition of the motivation and background motives for real-time activity 

monitoring, the paper's structure will help the reader follow every step of the system's development 

and testing. The methodology section presents the selection of smart devices, the data acquisition 

pipeline, and the organization of the real-time processing model. This is followed by the results 

section, which presents the performance results, comparisons with traditional monitoring methods, and 

user-based evaluation. These findings are then presented in the discussion section, with the authors 

placing them in the broader context of healthcare, fitness, and industry applications, and discussing the 

study's limitations and how those limitations offer opportunities for future development. Lastly, the 

summary concludes by encapsulating the work's contribution, providing practical guidance on its 

implementation, and outlining the overall effect of the inclusion of smart and pervasive devices in 

contemporary monitoring practices. Such an arrangement makes the transition from system design to 

its practical implications in real life much easier, as a reader has a clear grasp of the technical 

background and the practical importance of the suggested framework. 

2 Background 

Present activity-monitoring systems have evolved from rudimentary motion-tracking devices to 

elaborate multisensor systems that can record behavioural, environmental, and physiological signs 

with fairly high accuracy. The ubiquitous home pioneers demonstrated the importance of RFID tags, 

fixed sensor nodes, and an ambient, context-aware middleware in creating living spaces that interpret 

user behavior based on ambient data streams (Yamazaki, 2005). With the development of sensing 

systems, the idea of ubiquitous sensing emphasized embedding accelerometers, microphones, and 

proximity sensors into real-world settings to continuously track human motion without direct user 

interaction (Essa, 2002). Modern systems are based on hybrid edge-cloud pipelines: edge devices 

handle real-time inference tasks, such as person tracking, while cloud devices handle long-term 

modeling and more complex computations (Xu et al., 2018). Solutions based on wearables and 

smartphones have also grown in capability, enabling continuous sampling of physiological signals, 

posture data, and mobility patterns with energy-aware sensing schedules (You et al., 2018; Fahim et 

al., 2012). 

Ubiquitous smart devices offer several technical benefits that enable real-time monitoring. Their 

movement also enables sensing to be tracked around the user rather than relying solely on fixed 

installations. Recent wearables integrate various sensing modalities, such as motion, heart rate, and 

ambient light, providing more feature space for classification. Mobile platforms, Such as Smartphone-

Based platforms, are based on board processors, GPS sensors, and wireless connections to enable 

context-fusion activities, allowing users to have a smooth transition between indoor and outdoor 

environments (Pham, 2015). Ambient-intelligence systems go to the next level by connecting devices 

into collaborative sensor ecologies that can provide situational awareness at the room, appliance, and 

user levels (Thakur & Han, 2021). Healthcare-related systems like UbiHeld demonstrate how personal 

wearables can be used in combination with distributed sensors to support older people in identifying 

irregularities and provide early warnings (Ghose et al., 2013). Additionally, smart-thing ecosystem 

techniques, which enable devices to communicate sensor events, enable faster responses and eliminate 

unnecessary sensing (Wirtz et al., 2015). 
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Despite these advantages, real-time monitoring poses several technical challenges. Constant 

sensing consumes more energy, so runtime optimization is required for mobile platforms. 

Segmentation of activity windows is complicated by sensor noise and irregular user behavior, 

especially when events overlap or lack definite boundaries. Smart-home segmentation research 

revealed that sensor events are often bursty, and systems must distinguish between significant and 

normal environmental variations to ensure proper identification (Wan et al., 2015). There are 

additional privacy and data security issues that make use a further challenge, particularly when sharing 

physiological or behavioral data across networks. Lastly, the heterogeneity of devices, varying 

sampling rates, communication protocols, and hardware capacities creates interoperability constraints 

that must be overcome to support scalable, real-world systems. 

3 Methodology 

3.1 Selection of Smart Devices for Monitoring 

The selection of the device will start with assessing sensing accuracy, sampling stability, 

communication efficiency, and energy limitations. Multi-axis accelerometers and gyroscopes 

(commonly used range of ±16 g, 100 200 Hz sampling) are wearables that are used as the leading 

motion sensors as they can detect tiny micro-movements, which aid in distinguishing activities. 

Smartphones include additional measurements from GPS modules, barometers, magnetometers, and 

proximity sensors. As a result, they are well-suited for contextual inference, such as changes in 

elevation, heading, or environmental conditions. Ambient IoT nodes, such as PIR motion sensors or 

pressure mats, are added to address ambiguity caused by occlusions or inconsistent device placement. 

The chosen devices must support low-latency communication protocols: Bluetooth Low Energy for 

short-range communication and Wi-Fi for long-range streaming. Adaptive duty cycling maintains 

battery life by ensuring that sensors sample at frequencies proportional to the measured motion 

variance. 

3.2 Data Collection and Data Analysis 

The data pipeline is associated with the acquisition of timed sensor vectors. Raw motion data is in the 

form of: 

𝑥(𝑡) = [𝑎𝑥(𝑡), 𝑎𝑦(𝑡), 𝑎𝑧(𝑡), 𝑔𝑥(𝑡), 𝑔𝑦(𝑡), 𝑔𝑧(𝑡)]                         (1) 

𝑎𝑖(𝑡), 𝑔𝑖(𝑡)  the acceleration and angular velocity, respectively, in axis 𝑖. 

A sliding-window segmentation process divides the continuous stream into windows 𝑊𝑘 of fixed 

duration ΔT: 

𝑊𝑘 = {𝑥(𝑡): 𝑡𝑘 ≤ 𝑡 < 𝑡𝑘 + 𝛥𝑇}                                                     (2) 

Examples of feature extraction include statistical values (mean, variance, energy), frequency-

domain values (such as the short-time Fourier transform), and jerk-based values of rapid activity 

change. The extracted feature vector is represented as. 

𝑓𝑘 = 𝛷(𝑊𝑘)                                                                                        (3) 

𝜙 represents the feature-mapping. 

To be classified, an edge execution lightweight model is needed. The simplified Hidden Markov 

Model is used to adopt a probabilistic temporal classifier. The probability of each activity class c will 

be calculated as. 
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𝑃( 𝑐 ∣∣ 𝑓𝑘 ) ∝ 𝑃( 𝑓𝑘 ∣∣ 𝑐 )𝑃(𝑐)                                                         (4) 

and the future activity is predicted to be 

𝑐̂𝑘 = arg max
𝑐

𝑃(𝑐 ∣ 𝑓𝑘)                                                                   (5) 

 

Figure 2: Activity recognition methodology pipeline 

Figure 2 demonstrates the general activity recognition approach, which starts with the acquisition 

of raw sensor data and then preprocesses the signals by cleaning and normalizing them. These features 

are then filtered to extract relevant ones, which are then used as inputs to machine-learning 

classification models. The resulting predictions are translated into monitoring outputs, ensuring proper 

and active activity estimation. 

3.3 The Deployment of the Real-time Monitoring System 

The implemented system is based on a hybrid edge-cloud architecture. To ensure real-time 

responsiveness, the edge devices, mostly wearables and smartphones, do the segmentation, feature 

extraction, and initial classification locally. Cloud nodes can do long-term model adaptation and more 

computationally intensive optimization. 

The suggested model employs processing loop based on events, which minimises unnecessary 

computation in the case when the user is at rest. The working steps are described in the algorithm 

below: 

Proposed Algorithm: Real-Time Adaptive Activity Monitoring 

Input: Continuous sensor stream S(t) 

Output: Activity labels ŷ(t) 

1. Initialize model parameters θ and window size ΔT 

2. While system is active: 

3. Read new sensor sample x(t) 

4. Append x(t) to current window Wk 

5. If motion_variance(Wk) < threshold: 

Raw Sensor Data

Preprocessing

Feature Extraction

Classification

Monitoring / Output



Real-Time Activity Monitoring Using Smart Ubiquitous 

Devices 
                        Warsha Prashant Siraskar et al. 

 

561 

6. Reduce sampling rate and skip classification 

7. If |Wk| = ΔT: 

8. f = Φ(Wk)                   // Feature extraction 

9. For each activity class c: 

10. Compute likelihood Lc = P(f | c) P(c) 

11. ŷ = argmaxc Lc             // Classification decision 

12. Transmit ŷ to cloud for logging 

13. Reset window Wk 

14. End While 

The proposed algorithm outlines a real-time adaptive model of continuous sensor data stream 

processing and labeling of activities effectively. It works by taking sample sensor data into a sliding 

window, and it adapts the sampling rate dynamically to the motion variance in order to save on 

computational resources when the activity is low. When the window has acquired a size to the 

predetermined size, the system then extracts all the relevant features and calculates the likelihoods of 

each activity class after which the most likely label is chosen. The activity that has been predicted is 

then sent to the cloud to be logged and the cycle then repeats the window. This adaptive capability 

allows the quick, resources-efficient and precise activity recognition that is appropriate in the context 

of uninterrupted monitoring with smart ubiquitous devices. 

The system is via a modular framework in which the devices can be independent sensing units but 

coordinate themselves by network time. The real-time performance is met through the reduction of on 

device computing and efficient window handling. Adaptive sampling and early exit logic is used to 

save energy by stopping unnecessary feature computations. The methodology that results can assist 

continuous monitoring of activities in dynamic settings. 

4 Results 

4.1 Real-Time Performance of Smart Devices 

The real-time monitoring platform was highly responsive with a more steady inference latency of less 

than 120 ms when using both wearable and smartphone platforms. This was done with an optimized 

segmentation logic and local feature extraction making the system deliver near-instantaneous 

classification of the activity when walking, running, sitting, climbing a stair, and transitional 

movement. The adaptive sampling system was important since it increased sampling rate when the 

motion variance was high and reduced sampling rate when the body was idle, leading to the realization 

of higher battery consumption with no affect on the detection rate. Signal preprocessing, mobile 

application development (Android Studio), and classifier validation (Python-based frameworks, 

NumPy, SciPy, scikit-learn) software packages made it possible to evaluate system stability in detail. 

Current testing in the field proved that the system was able to provide data reliability even in the event 

of device motion, loss of connectivity, or application interference. 

4.2 Comparison with Traditional Monitoring Methods 

The smart-device-based model also had a wider range of coverage and a greater time resolution 

compared to the traditional monitoring systems relying either on fixed sensors or human observation. 

A typical fixed-sensor system tends to have issues with occlusion, blind spots and engagement, and 
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restricted environmental capture, however, the wearable-smartphone system provided continued data 

capture regardless of the location of the user. Also, the combination of motion, proximity, and 

environmental information facilitated more active interpretation of activities compared to the 

traditional accelerator-based approaches. Computationally, the edge implementation minimized the 

reliance on centralized servers which reduced the total communication traffic by over half and reduced 

the delays in the operation. The differences can be summarized in the performance table. 

Table 1: Performance analysis 

Metric Smart Device System Traditional Methods 

Average Latency (ms) 95–120 350–600 

Recognition Accuracy (%) 92.8 78.4 

Coverage Range User mobility-based Fixed location only 

Battery Consumption (per hour) 4.3% Not applicable 

Data Loss Rate (%) 1.2 7.5 

Environmental Adaptability High Moderate 
 

The performance analysis table 1 is a comparison of important operational parameters of the smart 

device based monitoring system as compared to the traditional methods of monitoring, the merits of 

mobile sensor rich platforms can be seen. The smart device system proves to be much less latent, more 

precise in recognition, and more expansive in mobility-based coverage, indicating that it will be able to 

monitor user activities in various environments throughout. It also has less loss of data and is highly 

adaptable to the changing ambient conditions. Conversely, conventional systems are slower and less 

precise, as they have fixed locations, which also influences the delays and the precision of the results. 

In general, the table shows clearly that smarter ubiquitous devices offer better responsive, reliable, and 

flexible real-time activities monitoring than traditional methods. 

The analysis reveals that smart ubiquitous devices are significantly superior to traditional systems 

in the areas of accuracy and responsiveness. The low data-loss rate is because of the redundant 

buffering plans, as well as lightweight packet formats being used and optimized upon to intermittent 

networks. 

4.3 User Feedback and Satisfaction 

According to the users, the overall experience was positive, with the system being unobtrusive and not 

using too much interaction on the part of the user. The component of the real-time feedback, provided 

by the form of the mobile dashboard, was seen as intuitive, as the visualization of the patterns of 

activities and alerts were clear. Comfort and convenience were cited by the participants as major 

benefits especially over the old fashioned wearable belts or chest-mounted sensors. They also reported 

minor issues with inconsistencies of detection in sudden motions, which were not a serious 

inconvenience when it comes to overall usability. The overall satisfaction was high, and the users 

appreciated portability, accuracy, and timeliness of real-time insights. 
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Figure 3: Heatmap of accuracy and latency 

The heatmap (Figure 3) shows the interaction between two fundamental performance indicators 

accuracy and latency among the smart-based device-based monitoring system and conventional 

monitoring methods. The value of every cell is measured, and its size is encoded by color, making it 

possible to compare the results immediately. The smart device setup will be shown in darker colours 

when referring to latency and accuracy which show its reduced delay and better reliability. On the 

other hand, the traditional system shows a bright, highly saturated latency cell, which is an indication 

of a much greater response time. This color contrast in their intensity assists in putting the emphasis on 

the fact that ubiquitous smart devices are better than standard setups in that they are much faster and 

more precise in their ability to recognize activities. The heatmap thus serves as an easy to understand, 

high-level performance map, which allows speedy identification of performance difference between 

the systems. 

 

Figure 4: Latency distribution 

The Figure 4 which is used to show the distribution of the values of latency of the two monitoring 

systems. Since the dataset is based on two key points of latency the smart devices and the traditional 

monitoring the histogram generates two bars that are located at some points 110 ms and 470 ms. The 

extreme difference in responsiveness is emphasized by the fact that the smart-device latency cluster is 
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on the left, which means that it is a quick and low-delays system, whereas the traditional-method 

latency is far much right, which means that the reaction speed is slower and that it is not suitable to use 

in a continuous real-time monitoring system. The histogram successfully describes the performance 

difference, even with the limited number of points, as it is revealed that the two latency values are in 

entirely different categories, which supports the idea that edge-based smart sensing is the best choice 

in time sensitive operations. 

5 Discussion 

The results of this real-time tracking framework propose wide practical potential in the field of 

healthcare as well as fitness and operational settings in which the ongoing understanding of human 

activity can positively influence the results directly. This type of systems may be used in clinical 

practices to reduce the workload of medical personnel, providing automatic monitoring of the mobility 

patterns of a patient, timely notifications of abnormal behavior, and more effective monitoring of 

adherence without using fixed equipment. Fitness apps can use the fact that the system can pick up on 

the slightest changes in movement quality, allowing the user to adjust the exercise regimen or even 

notice fatigue patterns as they happen. Other industries that can use these capabilities to ensure that 

worker activity remains real time, minimize risks, and facilitate decisions based on data include 

industrial safety in the workplace, elderly care, and logistics. Although the strengths of the study are 

high, it has a series of limitations: controlled testing conditions might not be able to fully simulate the 

noise, signal disruption, and unpredictable motion in the areas of free living; there are limitations on 

the size of batteries utilized in wearable devices which still limits deploying the technology over 

prolonged periods; change in body position, physiology of the users as well as the calibration of the 

device can also interfere with recognition accuracy. Also, the privacy issues of the ongoing data 

collection should be treated cautiously to prevent its rejection. Future directions consist of creating 

stronger models which could automatically adjust to altered sensor conditions, decreasing latency by 

in-flight processing in lighter models and increasing the range of activity classes to include a broader 

range of real world behavior. Indeed, looking at multimodal integration (taking motion sensors and 

sound, ambient context, or environmental cues) would make it more robust, as well as reduce false 

detections. The larger longitudinal studies in non-laboratory settings would be useful in confirming 

consistency with time and another group of users. A more energy-efficient hardware and edge-based 

analytics could eventually facilitate the use of continuous monitoring over time, providing more 

insight and be able to be deployed to many more industries. 

6 Conclusion 

The research shows that real-time monitoring of activities with smart devices can provide better 

detection speed, accuracy and coverage, as compared to conventional fixed monitoring methods. The 

system includes motion sensors, light-weight feature extraction, and adaptive sampling, allowing the 

system to have a low latency but retain the recognition accuracy, even when individuals move across 

the various locations. These results demonstrate the usefulness of implementing smart wearables and 

ambient devices in those scenarios where constant monitoring is necessary, e.g. tracking of patient 

mobility, coaching fitness, or monitoring the safety of the workplace. To organizations or individuals 

that have adopted such systems, it is advisable to focus on the devices with constant sensor calibration, 

long battery life, and secure cloud connection as well as daily recalibration as a way of ensuring the 

devices perform well consistently. The combination of device data and contextual information to 

create successful deployment is also helpful in reducing false alarms and better interpreting subtle 
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changes in activities. On balance, the study highlights the fact that ubiquitous smart devices have an 

increasing potential that can be used to provide more responsive and personalized monitoring 

solutions. The strategy will increase the range of insights available in real-time and will allow more 

informed decisions in various domains because these systems will not be confined to a specific 

location but rather be flexible and user-centric. 

References 

[1] Bang, S., Kim, M., Song, S. K., & Park, S. J. (2008, August). Toward real time detection of 

the basic living activity in home using a wearable sensor and smart home sensors. In 2008 

30th Annual International Conference of the IEEE Engineering in Medicine and Biology 

Society (pp. 5200-5203). IEEE. https://doi.org/10.1109/IEMBS.2008.4650386 

[2] Essa, I. A. (2002). Ubiquitous sensing for smart and aware environments. IEEE personal 

communications, 7(5), 47-49. https://doi.org/10.1016/j.compeleceng.2017.06.031 

[3] Fahim, M., Fatima, I., Lee, S., & Lee, Y. K. (2012, February). Daily life activity tracking 

application for smart homes using android smartphone. In 2012 14th International conference 

on advanced communication technology (ICACT) (pp. 241-245). IEEE. 

[4] Ghose, A., Sinha, P., Bhaumik, C., Sinha, A., Agrawal, A., & Dutta Choudhury, A. (2013, 

September). UbiHeld: ubiquitous healthcare monitoring system for elderly and chronic 

patients. In Proceedings of the 2013 ACM conference on Pervasive and ubiquitous computing 

adjunct publication (pp. 1255-1264). https://doi.org/10.1145/2494091.2497331 

[5] Iglesias, J., Cano, J., Bernardos, A. M., & Casar, J. R. (2011, March). A ubiquitous activity-

monitor to prevent sedentariness. In 2011 IEEE international conference on pervasive 

computing and communications workshops (percom workshops) (pp. 319-321). IEEE. 

https://doi.org/10.1109/PERCOMW.2011.5766894 

[6] James, A., Thomas, W., & Samuel, B. (2025). IoT-enabled smart healthcare systems: 

Improvements to remote patient monitoring and diagnostics. Journal of Wireless Sensor 

Networks and IoT, 2(2), 11-19. 

[7] Lamberti, F., & Montrucchio, B. (2003, April). Ubiquitous real-time monitoring of critical-

care patients in intensive care units. In 4th International IEEE EMBS Special Topic 

Conference on Information Technology Applications in Biomedicine, 2003. (pp. 318-321). 

IEEE. https://doi.org/10.1109/ITAB.2003.1222542 

[8] Lee, H. N., Lim, S. H., & Kim, J. H. (2009). UMONS: Ubiquitous monitoring system in smart 

space. IEEE Transactions on Consumer Electronics, 55(3), 1056-1064.  

[9] Lee, Y. D., & Chung, W. Y. (2009). Wireless sensor network based wearable smart shirt for 

ubiquitous health and activity monitoring. Sensors and Actuators B: Chemical, 140(2), 390-

395.  https://doi.org/10.1016/j.snb.2009.04.040 

[10] Marhoon, H. A., Oudah, A. Y., Hussien, N. A., & Raaid, A. (2025). Designing Wireless 

Sensor Network Data Based Machine Learning Approach for Accurate Human Activity 

Recognition. Journal of Internet Services and Information Security, 15(1), 385-400. 

https://doi.org/10.58346/JISIS.2025.I1.025 

[11] Nam, M., Al-Sabbagh, M., Kim, J. E., Yoon, M. K., Lee, C. G., & Ha, E. Y. (2008). A real-

time ubiquitous system for assisted living: Combined scheduling of sensing and 

communication for real-time tracking. IEEE Transactions on Computers, 57(6), 795-808. 

https://doi.org/10.1109/TC.2008.21 

[12] Nelwan, S. P., Van Dam, T. B., Klootwijk, P., & Meij, S. H. (2002, September). Ubiquitous 

mobile access to real-time patient monitoring data. In Computers in cardiology (pp. 557-560). 

IEEE. https://doi.org/10.1109/CIC.2002.1166833 

https://doi.org/10.1016/j.compeleceng.2017.06.031
https://doi.org/10.1145/2494091.2497331
https://doi.org/10.1109/PERCOMW.2011.5766894
https://doi.org/10.1016/j.snb.2009.04.040
https://doi.org/10.1109/CIC.2002.1166833


Real-Time Activity Monitoring Using Smart Ubiquitous 

Devices 
                        Warsha Prashant Siraskar et al. 

 

566 

[13] Pham, C. (2015, October). MobiRAR: Real-time human activity recognition using mobile 

devices. In 2015 Seventh International Conference on Knowledge and Systems Engineering 

(KSE) (pp. 144-149). IEEE. https://doi.org/10.1109/KSE.2015.43 

[14] Qi, W., Su, H., & Aliverti, A. (2020). A smartphone-based adaptive recognition and real-time 

monitoring system for human activities. IEEE Transactions on Human-Machine 

Systems, 50(5), 414-423.  https://doi.org/10.1109/THMS.2020.2984181 

[15] Safa, M., Naga Raju, M., Devendrappa, D. M., & Ashwini, A. N. (2025). Advances in 

Ubiquitous Computing: Integrating Location and Activity Sensing for Intelligent 

Services. Journal of Wireless Mobile Networks, Ubiquitous Computing, and Dependable 

Applications, 16(1), 609-623. 

[16] Selvaraj, R., Kuthadi, V., Baskar, S., & Acevedo, R. (2025). Exploring Motivation and 

Learning Factors in Digital Media Through the Lens of Activity Theory and Behavioural 

Influences. Indian Journal of Information Sources and Services, 15(3), 37–47. 

https://doi.org/10.51983/ijiss-2025.IJISS.15.3.05 

[17] Thakur, N., & Han, C. Y. (2021). An ambient intelligence-based human behavior monitoring 

framework for ubiquitous environments. Information, 12(2), 81. 

https://doi.org/10.3390/info12020081 

[18] Wan, J., AAH Al-awlaqi, M., Li, M., O’Grady, M., Gu, X., Wang, J., & Cao, N. (2018). 

Wearable IoT enabled real-time health monitoring system. EURASIP Journal on Wireless 

Communications and Networking, 2018(1), 1-10. 

[19] Wan, J., O’grady, M. J., & O’Hare, G. M. (2015). Dynamic sensor event segmentation for 

real-time activity recognition in a smart home context. Personal and Ubiquitous 

Computing, 19(2), 287-301. https://doi.org/10.1007/s00779-014-0824-x 

[20] Wirtz, H., Rüth, J., Serror, M., Zimmermann, T., & Wehrle, K. (2015, June). Enabling 

ubiquitous interaction with smart things. In 2015 12th Annual IEEE International Conference 

on Sensing, Communication, and Networking (SECON) (pp. 256-264). IEEE.  

https://doi.org/10.1109/SAHCN.2015.7338324 

[21] Xu, R., Nikouei, S. Y., Chen, Y., Polunchenko, A., Song, S., Deng, C., & Faughnan, T. R. 

(2018, May). Real-time human objects tracking for smart surveillance at the edge. In 2018 

IEEE International conference on communications (ICC) (pp. 1-6). IEEE.  

https://doi.org/10.1109/ICC.2018.8422970 

[22] Yamazaki, T. (2005, February). Ubiquitous home: real-life testbed for home context-aware 

service. In First International Conference on Testbeds and Research Infrastructures for the 

Development of Networks and Communities (pp. 54-59). IEEE. 

https://doi.org/10.1109/TRIDNT.2005.37 

[23] You, I., Choo, K. K. R., & Ho, C. L. (2018). A smartphone-based wearable sensors for 

monitoring real-time physiological data. Computers & Electrical Engineering, 65, 376-392. 

https://doi.org/10.1016/j.compeleceng.2017.06.031 

[24] Zigui, L., Caluyo, F., Hernandez, R., Sarmiento, J., & Rosales, C. A. (2024). Improving 

Communication Networks to Transfer Data in Real Time for Environmental Monitoring and 

Data Collection. Natural and Engineering Sciences, 9(2), 198-212. 

https://doi.org/10.28978/nesciences.1569561 

https://doi.org/10.1109/KSE.2015.43
https://doi.org/10.1109/THMS.2020.2984181
https://doi.org/10.51983/ijiss-2025.IJISS.15.3.05
https://doi.org/10.1109/ICC.2018.8422970
https://doi.org/10.1109/TRIDNT.2005.37
https://doi.org/10.1016/j.compeleceng.2017.06.031
https://doi.org/10.28978/nesciences.1569561


Real-Time Activity Monitoring Using Smart Ubiquitous 

Devices 
                        Warsha Prashant Siraskar et al. 

 

567 

Authors Biography 

 

Prof. Warsha Prashant Siraskar is an Assistant Professor in the Department of 

Information Technology at Yeshwantrao Chavan College of Engineering (YCCE), Nagpur, 

India. She is committed to excellence in teaching and research, with academic interests that 

include emerging IT technologies, software development, data analytics, and computational 

systems. Prof. Siraskar has contributed to scholarly publications, academic events, and 

curriculum development, supporting the professional growth of her students. Her dedication to 

innovative pedagogy and continuous learning makes her a valued member of the YCCE 

academic community. 

 

Neelam Painuly is a faculty member at the School of Pharmacy & Research, Dev Bhoomi 

Uttarakhand University, Dehradun, India. She is dedicated to advancing pharmaceutical 

education and research, with academic interests spanning pharmaceutical sciences, drug 

formulation, and related interdisciplinary areas. She actively contributes to academic 

development, research initiatives, and student mentorship within the institution. Her 

commitment to quality teaching and continuous professional growth makes her a valued 

member of the university’s academic community 

 

Amit Kumar is affiliated with the Centre of Research Impact and Outcome at Chitkara 

University, Rajpura, Punjab, India. He is engaged in promoting high-impact research, 

supporting scholarly collaborations, and contributing to the university’s academic excellence 

initiatives. His professional interests include research assessment, data-driven analysis, and 

fostering interdisciplinary outcomes. Through his dedication to innovation and quality 

enhancement, Amit Kumar plays an integral role in strengthening the research ecosystem at 

Chitkara University. 

 

Aarsi Kumari is an Assistant Professor in the Department of Computer Science & IT at 

ARKA JAIN University, Jamshedpur, Jharkhand, India. She is dedicated to delivering quality 

education and fostering innovation in the fields of computer science and information 

technology. Her academic interests include emerging technologies, software development, data 

analytics, and computational methodologies. She actively contributes to academic research, 

student mentorship, and departmental development. With a commitment to continuous learning 

and professional growth, Aarsi Kumari is a valued member of the university’s academic 

community. 

 

Pratyashi Satapathy is an Assistant Professor in the Department of Computer Science and 

Engineering at Siksha 'O' Anusandhan (Deemed to be University), Bhubaneswar, Odisha, 

India. Her academic interests span computer science fundamentals, emerging technologies, and 

applied research in computational systems. She is dedicated to providing quality education, 

guiding students, and contributing to departmental research initiatives. With a strong 

commitment to academic excellence and continuous professional development, she remains an 

active contributor to the university’s growing research ecosystem 

 

Ashutosh Pattanaik is an Assistant Professor in the Department of Mechanical 

Engineering at the Faculty of Engineering and Technology, JAIN (Deemed-to-be University), 

Karnataka. His academic and research interests include mechanical system design, thermal 

engineering, and advanced manufacturing processes. He is dedicated to delivering high-quality 

education, guiding student research, and contributing to departmental academic initiatives. 

With a strong commitment to innovation and continual professional development, he plays an 

active role in strengthening the academic and research ecosystem of the university. 

 


