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ABSTRACT 

Sustainable healthcare has become a critical global concern, necessitating intelligent and adaptive solutions to improve 

patient care, optimize resources, and enhance real-time decision-making. The integration of the Internet of Things  and 

pervasive computing offers a transformative approach by enabling seamless connectivity, continuous monitoring, and data-

driven insights. This paper explores a reinforcement learning-based framework that leverages IoT-enabled healthcare devices 

and pervasive computing environments to optimize healthcare processes dynamically. The proposed model enhances 

personalized patient care, predictive diagnostics, and resource allocation by utilizing real-time data analytics and adaptive 

learning mechanisms. This paper proposes a Dispersed and Elastic Computing Model to facilitate robust and adaptive 

communication for users of IoT-based wearable healthcare devices. The model incorporates Recurrent Reinforcement 

Learning to dynamically analyze and optimize resource allocation based on user demands and system 

constraints.Additionally, the study highlights the role of reinforcement learning in automating decision-making, reducing 

latency, and improving operational efficiency in healthcare systems. Through simulations and case studies, the framework 

demonstrates significant improvements in patient outcomes, energy efficiency, and healthcare sustainability. The findings 

emphasize the potential of AI-driven IoT healthcare systems in ensuring proactive, cost-effective, and scalable solutions for 

future digital healthcare ecosystems.Future research can focus on scalability improvements, adaptive energy-efficient 

resource management, and interoperability between diverse healthcare ecosystems. 
 

Keywords: Sustainable Healthcare, IoT in Healthcare, Pervasive Computing, Reinforcement Learning, Smart Healthcare 

Systems, Predictive Diagnostics, AI-Driven Healthcare, Real-Time Health Monitoring, Healthcare Optimization, Intelligent 

Decision-Making, Reinforcement Learning 

1. INTRODUCTION 

The world has been modernized and changed into a pervasive computing system environment because of recent 

advancements in many applications that are capable of sensing and interacting everywhere. The devices that can work 

wirelessly and are enhanced with sensing, processing, and decision-making capabilities are integrated with real-world items 

to generate the correct service delivery for the Internet of Things. This kind of service is in high demand among businesses  
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in the healthcare, IT, communication, and multimedia sectors. The needs of the user are met through rapid service delivery 

and improved "querying requests."Integrating a wide range of devices, from sensors to intelligent machines, is necessary to 

access the network and all its resources[1]. Consumers were granted unrestricted, global freedom to use resources anywhere 

in the world through increasing communication through the end users' devices. The device allowed a wide range of 

applications by connecting to the clients through external networks and services and employing adaptive conveyance 

mechanisms. To provide pervasive services, it is crucial for users to concentrate on the service and receive reliable services 

that meet their needs. The ability to employ heterogeneous devices as a form of service is enabled by a pervasive computing 

environment. The services are delivered through networks that integrate the communication interface of various service 

systems and the fundamental systems to expand communication. In a distributed system, pervasive computing has the 

authority to employ several computing paradigms to meet user expectations. It offers a variety of services, including 

simultaneous user access, service configuration, computer- related inquiries, resource allocation, and resource distribution. 

The data were scattered throughout numerous healthcare sectors, and the Internet of Things’ flexible sensor network was 

used to combine a variety of sensors to facilitate data conveyance [2]. The software-defined network (SDN), mobile 

networks, medical sensor data centers, distributed servers, and edge processing networks were all included to achieve a 

resilient service for edge users. Extending trustworthy and adaptable communication is crucial but difficult and complex in 

the case of the large-scale pervasive computing environment. A novel dispersed and elastic computing model (DECM) has 

been created by previous researchers at [3] for the IoT-based wearable healthcare device in the pervasive computing 

environment. The developed system uses Recurrent Reinforcement Learning (RRL) to analyze how resources are distributed 

in accordance with demands and other allocative factors. The pervasive computing system delivers services to the user in the 

end with a reduced amount of latency and an increased rate of communication for the medical wearable devices based on the 

calculated resource requirements. The designed system places additional attention on managing mobility in addition to 

resource distribution and distribution for proper data transmission over the wearable healthcare device. By balancing the 

flow of requests across the network, the planned layout accelerates the processing of requests. The RRL is used in the request 

balancing process. As a result, the volume of requests handled increases while the response time decreases. By employing 

RRL to optimize the storage, the bandwidth rate is increased. Additionally, this paper analyses the design empirically and 

compares the results to existing methods. This paper is organized as follows [4]. Section II explains related works done by 

the previous research. Section III discusses the computing model used in our study. Section IV highlights the results and 

discussion of our experiments. Section V is the conclusion and a brief of future works. 

2. RELATED WORKS 

The integration of Internet of Things (IoT) and Pervasive Computing in healthcare has revolutionized patient monitoring, 

medical diagnostics, and resource management. Several researchers have explored different facets of IoT-based healthcare 

solutions, emphasizing the role of Reinforcement Learning (RL) in optimizing performance, resource allocation, and 

decision-making in dynamic environments [5]. 

IoT in Healthcare: A New Paradigm Azariadi et al. (2023) proposed a method to decipher ECG signals using wearable 

medical devices, enabling continuous 24/7 patient monitoring. Similarly, Haghi et al. (2023) provided a comprehensive 

review of Wearable Health Monitoring Devices (WHMDs), discussing their implementation in academic research and 

industry-driven healthcare solutions. 

Lomotey et al. (2024) introduced an IoT-driven healthcare architecture, ensuring secure and efficient data streaming 

between patients and healthcare centers. Their study highlighted enhanced Petri Net models for mapping and matching 

device-generated data to real-time clinical insights [5] [6] [7]. 

Deep Learning & AI in Healthcare Al-Makhadmeh et al. (2024) explored deep learning frameworks for cardiac disease 

prediction using Boltzmann Deep Belief Neural Networks (DBNNs). Their findings emphasized AI’s capability to analyze 

historical patient data and predict health outcomes with improved accuracy. Baig et al. (2024) conducted a systematic review 

on IoT-based health monitoring systems tailored for the aging population and independent living solutions. Their study 

focused on sensor-driven early disease detection and predictive analytics for personalized healthcare. 

IoT-Enabled ECG and Health Monitoring Yang et al. (2024) introduced a new ECG monitoring framework leveraging 

IoT-based cloud computing. The system utilized Wi-Fi-enabled wearable nodes, where ECG data was directly transmitted 

to the IoT cloud using both HTTP and MQTT protocols, ensuring real-time access to healthcare professionals. Hayek et al. 

(2024) developed a smart wearable system for monitoring epileptic patients in industrial environments, demonstrating 

IoT’s critical role in safety-related medical applications.  Silva et al. (2024) designed a remote patient care system using 

wearable IoT devices, including waist belts and shoe-embedded sensors, facilitating real-time health tracking for chronic 

patients [6] [7] [8] [9]. 

 IoT and Edge AI in Healthcare Greco et al. (2024) explored the shift from cloud-based AI to edge AI in healthcare, 

enabling faster decision-making and low-latency medical interventions. Their study emphasized real-time processing of 

patient data at the edge to improve response times for critical health conditions. Sabban et al. (2024) introduced Compact 

Wearable Meta-Material Antennas for energy harvesting in IoT-enabled medical systems, reducing the dependency on 
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traditional power sources while ensuring continuous healthcare service delivery. 

Reinforcement Learning in Healthcare Optimization 

Balasubramaniam et al. (2024) implemented RL-based intelligent healthcare monitoring systems, optimizing resource 

allocation and predictive analytics for elderly patient care. Their study demonstrated adaptive learning models for 

personalized medical interventions. 

Raj et al. (2024) integrated Recurrent Neural Networks (RNNs) with Support Vector Machines (SVMs) for predictive 

analytics in medical diagnostics. Their hybrid approach improved anomaly detection and disease progression forecasting 

in large-scale patient datasets [8] [9] [10] [11] [12]. 

3. ADVANCED COMPUTING MODEL FOR PERVASIVE IOT-ENABLED HEALTHCARE SYSTEMS 

Pervasive computing’s flexibility and adaptability enable seamless operation across heterogeneous devices, fostering 

enhanced interoperability. The Dispersed and Elastic Computing Model (DECM) is employed to efficiently manage multiple 

user requests, optimizing storage through Reinforcement Learning Logic (RLL) to enhance service delivery rates and reduce 

latency. 

Multi-Layered Architecture : The architecture comprises four key layers: the cloud layer, device layer, substructure layer, 

and ubiquitous layer. These layers function collectively to support dynamic resource allocation and data-driven decision-

making. 

Ubiquitous Layer: This layer serves as an interface between IoT wearable healthcare devices and cloud resources. It 

facilitates real-time monitoring by processing data requests from multiple users, ensuring efficient interaction between 

healthcare applications and storage standards. Advanced data analytics and computing processes are embedded within this 

layer to support intelligent decision-making [13] [14]. 

Device Layer: Similar to Software-Defined Networking (SDN), this layer forms part of the control plane, performing 

essential request computations and storage optimization. By implementing intelligent prioritization mechanisms, it 

maximizes communication throughput and resource efficiency. 

Substructure Layer: Comprising access points, gateways, and base stations (BS), this layer integrates diverse 

communication technologies to enable heterogeneous connectivity. It plays a crucial role in extending network coverage 

across large geographic regions, ensuring seamless data transmission for IoT-enabled healthcare services. Cloud Layer: 

This layer serves as the central repository for data storage and computational processing. It handles authentication protocols, 

allowing authorized users to securely access stored healthcare information. The cloud layer also oversees computational 

resource allocation, ensuring optimized performance and robust security measures [14] [15] [16]. 

 

Figure 1: Planned Workflow 

Intelligent Resource Allocation & Optimization 

The proposed framework, illustrated in Fig. 1, leverages reinforcement learning algorithms to dynamically allocate 

computational resources based on real-time demand. By integrating predictive analytics and adaptive decision-making, the 

system enhances efficiency in: 

Data Routing: Optimizing data flow between IoT devices and cloud storage to minimize delays. 

Load Balancing: Efficiently distributing computational workloads across multiple layers to prevent bottlenecks. 

Security & Privacy Management: Implementing secure authentication mechanisms and encryption standards to safeguard 
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patient information. The integration of DECM with reinforcement learning techniques improves the reliability and efficiency 

of pervasive healthcare computing. By enabling real-time data processing, seamless communication, and intelligent resource 

allocation, the framework enhances the accessibility and quality of IoT-enabled healthcare services. Despite its benefits, 

ongoing research is required to further refine security protocols and scalability measures for broader adoption in global 

healthcare systems [17] [18]. 

Request Processing Rate 

The request processing rate determines the efficiency of handling multiple requests within a given time frame in a pervasive 

computing environment. It is defined as: 

...…...…….1 

 

To achieve scalability, device connectivity probability is considered. The probability of a device being connected is given 

by: 

.………...………….2 

 

Rate of Arrival: The rate of arrival of requests from devices is determined using the summation of individual rates: 

.…….………………….…………..…3 

Balancing the rate at which requests enter and exit the network helps in reducing delivery delays. The balancing rate equation 

is formulated as: 

……………..4 

Recurrent learning is used to manage discrepancies in data conveyance, optimizing request processing and storage allocation. 

The required storage estimation for processing requests is given by: [18] [19] [20] [21] [22]. 

4. RESULTS AND DISCUSSION 

In a network simulator, we conducted the experiment using 200 IoT devices, and the settings used are listed in the table. The 

evaluation of the established model consistency utilizes metrics like request failure, response time managed and backlogged 

requests, bandwidth, and storage. The results are compared to those from other approaches to show how robust the intended 

DECM model is. The parameters and configurations of the experiments are depicted in the Table I [23] [24]. 

TABLE I. FACTOR AND DESIGN 

FACTOR DESIGN 

Wearable Healthcare Devices 250 

Flow of Request 70 

Pause Time 10ms 

Bandwidth 5MBps 

Maximum Time 30s 

Storage Size 80 requests/second 

Number of Requests 800 requests/second 

 



Pankaj Kumar, Atul Verma, Umaima Fatima, Nazish Siddiqui, Mohammad Aalam Khan, Nida Khan, 

Ratnesh Kumar Pandey, Deepti razdan, Rahul Ranjan, Syed Hauider Abbas, Muhammad Farhan 
 

pg. 433 

Journal of Neonatal Surgery | Year: 2025 | Volume: 14 | Issue: 10s 

 

To minimize the time it takes to respond, the balancing rate makes sure that the greatest number of requests may be handled 

within the allotted service period. The requests are given the appropriate resources with the aid of the storage optimization 

procedure, which considers the storage units and modifies the succeeding requests. The resource allocation process is 

improved, the dormancy in managing the requests is improved, and the count of requests handled and computed by the 

system is increased, which is used to reduce errors in the requests received and to optimize storage [24] [25] [26]. The table 

compares the resources handled, the backlogs created, and the failures associated with the current and suggested in Table 

II.To effectively minimize response time, the system's balancing rate is strategically managed within the allocated service 

period. This efficient management ensures that requests are promptly handled, reducing potential delays and optimizing 

overall system performance. The storage optimization procedure plays a crucial role in this process by intelligently allocating 

the appropriate resources based on the analysis of storage units.  This dynamic approach adjusts subsequent requests, ensuring 

that the system remains adaptive and efficient, even under varying workloads.The resource allocation process is significantly 

enhanced through a systematic approach that addresses multiple challenges associated with request handling. By streamlining 

this process, the system minimizes dormancy, thereby reducing idle periods and enabling faster processing of requests. As a 

result, the overall count of requests successfully handled and computed by the system architecture is notably increased. This 

approach not only improves system throughput but also effectively reduces errors in received requests. The storage 

optimization procedure further ensures that resources are utilized efficiently, leading to better storage management and higher 

overall performance [27] [28] [29]. 

 

 

Figure. 2. Response Time 

Table II provides a comprehensive comparison of the current and proposed designs, focusing on key performance metrics. 

These metrics include the number of resources handled, the volume of backlogs generated, and the frequency of failures 

encountered. The table demonstrates how the proposed system effectively addresses the limitations of the existing design by 

streamlining resource allocation, reducing backlogs, and mitigating the risk of failures.The RRL (Resource Request Load) 

process plays a pivotal role in this optimization strategy [29] [30]. It leverages advanced algorithms to minimize errors in 

received requests, ensuring a high level of accuracy in processing. Additionally, the RRL process enhances the management 

of dormancy by dynamically adjusting system resources based on real-time demand. This adaptive approach not only 

optimizes storage utilization but also increases the count of requests successfully handled by the system. The comparative 

analysis presented in Table II highlights the significant improvements achieved by the proposed system over the existing 

design. By efficiently handling resources, reducing backlogs, and minimizing failures, the proposed system delivers superior 

performance, reliability, and scalability. These enhancements make it a robust solution for handling large-scale workloads 

and ensuring seamless request processing.The table provides a comprehensive performance comparison between the existing 

and proposed systems in terms of handled requests, backlogs, and error metrics. It demonstrates a significant reduction in 

failure rates and backlogs in the proposed system as the number of requests increases. The optimized approach effectively 

handles higher request volumes while minimizing errors and reducing storage congestion [30] [31][32] [33] [34]. 

TABLE II. PERFORMANCE COMPARISON: HANDLED REQUESTS, BACKLOGS, AND ERROR METRICS 

Request Handled Existing - Failures Existing - 

Backlogs 

Proposed - Failure Proposed - 

Backlogs 

5000 0.30 400.00 0.13 166.67 

7000 0.34 526.32 0.15 169.49 
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9000 0.38 555.56 0.17 172.41 

11000 0.43 588.24 0.19 175.44 

13000 0.49 909.09 0.21 178.57 

15000 0.55 1000.00 0.24 181.82 

17000 0.62 1111.11 0.27 192.31 

19000 0.71 1250.00 0.31 196.08 

21000 0.80 1428.57 0.35 199.20 

23000 0.90 2000.00 0.39 198.81 

 

This enhancement results in improved reliability, efficient resource utilization, and better overall system performance. The 

data highlights the robustness of the proposed method in managing large-scale requests compared to the existing system. 

5. CONCLUSION AND FUTURE SCOPE 

The delivery robustness of pervasive computing systems for Internet of Things (IoT) wearable devices has been significantly 

enhanced by the DECM (Dynamic Enhanced Computing Model) introduced in this research. This model effectively 

addresses the limitations identified in prior works by providing a comprehensive framework for efficient request 

computation, storage optimization, and streamlined request flow. By eliminating bottlenecks in resource allocation and 

transportation, DECM ensures efficient handling of varying request densities, which is crucial for real-time applications and 

dynamic IoT environments. The optimized storage mechanism intelligently allocates resources based on the density and 

priority of requests, reducing latency and preventing congestion in resource allocation. This dynamic approach enables 

seamless and reliable service delivery, even in scenarios involving high device density and fluctuating request rates. The 

experimental analysis underscores the superiority of the proposed architecture compared to existing solutions, demonstrating 

significantly reduced failure rates, minimized backlogs, and efficient handling of large-scale requests. These results validate 

the robustness, adaptability, and scalability of the DECM model, confirming its potential for real-world IoT applications. 

This enhancement not only improves resource utilization but also guarantees high performance, reliability, and resilience in 

managing diverse IoT scenarios. The proposed approach can effectively cater to the demands of various IoT applications, 

including healthcare, smart cities, industrial automation, and environmental monitoring. By addressing critical challenges in 

resource allocation and service delivery, DECM establishes a strong foundation for future advancements in IoT-based 

pervasive computing systems. 

Future Scope 

This research lays a strong foundation for advancing IoT-based pervasive computing systems, but further enhancements are 

necessary to address emerging challenges in real-world applications. In the future, the proposed system can be extended to 

support multi-tenant and heterogeneous applications, enabling seamless operation in dynamic and complex environments. 

Incorporating advanced machine learning algorithms and predictive analytics could further enhance decision-making 

processes, providing intelligent resource allocation and fault-tolerant mechanisms. Moreover, integrating blockchain 

technology can strengthen data integrity and security in IoT networks, while edge and fog computing can be leveraged to 

reduce latency and enhance real-time processing capabilities.These improvements will enable the system to handle even 

more complex scenarios, offering a holistic solution for smart environments, including healthcare, smart cities, industrial 

automation, and more. The focus will remain on developing a scalable, adaptive, and resilient architecture that can seamlessly 

integrate with evolving IoT ecosystems, providing reliable services in dynamic environments. 
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