Vol. 11, No. 1, 2026, pp. 22-32
DOI: https://doi.org/10.29210/30036820000

Contents lists available at Journal ELORA

JRTI (Jurnal Riset Tindakan Indonesia)
a ISSN: 2502-079X (Print) ISSN: 2503-1619 (Electronic)

ELORA

Journal homepage: https://jrti.eloracenter.org/jrti

Optimizing edge computing with reinforcement learning for
real-time iot applications

Peniarsih Peniarsih
Universitas Dirgantara Marsekal Suryadarma, Indonesia

Article Info ABSTRACT

Article history: This research explores the integration of Reinforcement Learning (RL) with
. " Edge Computing to optimize real-time Internet of Things (IoT) applications.
Recgved Feb 12h » 2026 The primary problem addressed is the challenge of latency and resource
Revised Mar 20, 2026 constraints in IoT systems, which hinder real-time decision-making. The
Accepted Apr 26, 2017 objective of this study is to investigate how RL can enhance the performance of
Edge Computing by optimizing resource allocation and improving real-time
decision-making in IoT environments. A library research method was
employed, focusing on secondary data from relevant books, journals, and
Edge computing optimization, previous studies related to Edge Computing, RL, and IoT systems. The findings
Reinforcement learning, reveal that Edge Computing significantly reduces latency by processing data
Real-time iot applications closer to the source, while RL optimizes resource management and decision-
making. However, challenges remain in terms of computational overhead and
scalability, particularly in resource-constrained edge devices. The study
concludes that the integration of RL and Edge Computing offers a promising
solution to optimize real-time IoT applications, but further research is needed to
address scalability, security, and energy efficiency for practical implementation.
This combination has the potential to revolutionize IoT systems, making them

smarter, faster, and more efficient in handling complex, real-time tasks.

Keyword:

© 2026The Authors.

|®®©@ This is an open access article under the CC BY-NC-SA license

(https://creativecommons.org/licenses/by-nc-sa/4.0

Corresponding Author:

Peniarsih Peniarsih,
Universitas Dirgantara Marsekal Suryadarma, Indonesia

Email: peniarsih18@gmail.com

Introduction

The rapid development of the Internet of Things (IoT) has had a significant impact on various sectors, from
industry to healthcare and everyday life. However, with the increasing number of connected IoT devices, major
challenges arise in terms of efficient data processing and real-time data transmission. One approach to address
these challenges is through the use of Edge Computing, which enables data processing closer to the source,
reducing latency and network load. Despite this, optimizing Edge Computing at a large scale still faces barriers,
especially in managing limited resources and making real-time decisions, which are crucial for time-sensitive
IoT applications. Therefore, it is essential to examine ways to optimize Edge Computing to better support [oT
applications, particularly by utilizing machine learning technologies(Jiang et al., 2019).

Numerous studies have discussed the application of Edge Computing in the context of IoT. One notable
study shows that Edge Computing can reduce communication latency and improve data processing speed at the
device level, making it highly relevant for IoT applications that require rapid responses. However, despite the
emphasis on Edge Computing’s role in improving IoT performance, significant challenges remain in managing
resources on edge devices, which are limited, as well as in making quick and accurate decisions. Existing
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theories, such as resource management based on rules or conventional processing models, have yet to provide
optimal solutions in the context of real-time IoT applications. One technology that can address these challenges
is Reinforcement Learning (RL), which allows systems to learn and adapt to dynamic environments. While
some studies have explored the application of RL in IoT systems, its application in the context of Edge
Computing for real-time applications has yet to be fully optimized(Jayanetti et al., 2022).

This research aims to optimize the application of Edge Computing by utilizing Reinforcement Learning to
support real-time IoT applications. The focus of this study is to develop methods that can overcome the resource
limitations of edge devices and enhance decision-making automatically and dynamically, thereby speeding up
responses and reducing latency in IoT data processing. By adopting RL-based techniques, this study seeks to
alleviate the network load and improve processing efficiency at the edge level. Additionally, this research aims
to explore how the integration of Edge Computing and RL can create more adaptive systems that can operate
optimally in the evolving and dynamic nature of IoT(Xie et al., 2023).

The importance of this research is grounded in the fact that, while Edge Computing holds significant
potential to enhance IoT performance, challenges related to resource management and rapid decision-making
remain the primary obstacles. In many cases, IoT requires real-time data processing, which heavily depends on
the system’s ability to make decisions quickly and accurately. This is where the application of Reinforcement
Learning can make a significant contribution, as it allows the system to learn from previous interactions and
make better decisions in complex situations. This research is crucial because it can provide new, more efficient
solutions for optimizing Edge Computing for real-time IoT applications, as well as contribute to the development
of smarter, more adaptive technologies. The results of this study are expected to serve as a foundation for the
development of more effective IoT applications, minimizing latency and maximizing the use of limited resources
on edge devices (Ala’a et al., 2025).

Method

Research Object

The object of this research revolves around the phenomenon of optimizing Edge Computing with Reinforcement
Learning (RL) for real-time IoT applications. The primary focus of the study is to explore how Edge Computing
can be enhanced by integrating RL algorithms to address the challenges of real-time decision-making, resource
management, and minimizing latency in IoT systems. The study aims to examine existing models, challenges,
and potential solutions by analyzing various case studies and theoretical frameworks related to Edge Computing
and RL. Furthermore, the research delves into the real-world implications of this integration, particularly in
sectors where IoT applications require immediate responses, such as healthcare, smart cities, and industrial
automation. This study investigates how RL can optimize Edge Computing’s capabilities and its application in
real-time IoT environments, identifying the most effective methods to improve the efficiency of data processing
and communication(Ni et al., 2025).

Research Type

This research is categorized as a library research or literature review study, where data collection is based on
secondary sources such as books, journal articles, previous studies, and other scholarly works. The research
primarily utilizes primary data from relevant literature concerning the phenomena and problems encountered
in this study, particularly focusing on the integration of Edge Computing and RL for real-time IoT applications.
The secondary data includes a broader range of literature related to the key themes of the research, such as the
theoretical frameworks on Edge Computing, Reinforcement Learning, IoT, and real-time systems. This
secondary data is sourced from academic journals, conference papers, theses, books, and research reports, all of
which provide foundational insights into the technologies and challenges addressed in the study. These sources
are critically reviewed to build a comprehensive understanding of the current state of the field and to identify
gaps in knowledge that the research aims to address(Hu & Li, 2019).

Theoretical Foundation

The theoretical framework that guides this research is primarily based on Reinforcement Learning (RL) and
Edge Computing theories. RL, introduced by Richard Sutton and Andrew Barto in 1998, is a key component in
decision-making processes for intelligent systems. In RL, agents learn optimal strategies through interactions
with their environment by receiving feedback in the form of rewards or penalties. This theory underpins the core
assumption of the study, that RL can dynamically optimize the resource allocation and decision-making
processes in Edge Computing systems. Additionally, Edge Computing, which refers to processing data closer to
its source rather than in a centralized cloud, is the theoretical foundation for improving real-time IoT
applications. This model, widely discussed in the works of Mahmoud and Abed (2016), addresses the challenge
of reducing latency and optimizing resource usage in distributed computing environments. By integrating RL
into Edge Computing, the study hypothesizes that these systems can be made more adaptive and efficient,
particularly in handling real-time, time-sensitive applications(Lilhore et al., 2025).
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Research Process and Data Collection Techniques

The research process in this study consists of several stages, including data collection, analysis, and synthesis of
relevant information. The primary technique for data collection is the literature review, which involves
systematically reading and analyzing published sources related to the research topic. This includes academic
books, peer-reviewed journal articles, conference papers, technical reports, and other scholarly materials that
provide insights into the challenges and solutions related to optimizing Edge Computing for real-time IoT
applications using Reinforcement Learning. Data is gathered by reviewing various theoretical papers, case
studies, and previous research that focus on Edge Computing, RL, and IoT systems. The literature is then
organized and synthesized to identify patterns, gaps in existing research, and emerging trends that contribute to
the advancement of knowledge in the field. The goal is to develop a coherent understanding of how RL can
enhance the performance of Edge Computing systems in real-time IoT environments(Narra et al., 2023).

Data Analysis Technique

For the analysis of the collected data, the research employs content analysis, a technique widely used in
qualitative research to systematically examine written materials. Content analysis involves studying and
interpreting the data from various sources to identify key themes, patterns, and relationships within the literature.
In this study, the technique is used to analyze academic articles, books, reports, and other documents to uncover
insights into the integration of RL and Edge Computing for IoT applications. The data is carefully processed to
extract significant information that can help in understanding the dynamics of resource management, decision-
making processes, and real-time operations in IoT systems. Through content analysis, the study identifies critical
areas where RL can optimize Edge Computing, such as improving latency, enhancing decision-making, and
maximizing resource usage. The findings from this analysis are then synthesized to provide a comprehensive
overview of the current state of research and propose solutions for improving Edge Computing’s efficiency in
real-time IoT environments(Purwaningsih, 2022).

Results and Discussions

The integration of Edge Computing with Reinforcement Learning (RL) for real-time Internet of Things (IoT)
applications presents several significant findings that reflect both the potential and challenges of optimizing these
technologies. One of the primary findings from the review is that Edge Computing plays a crucial role in
mitigating latency and bandwidth issues that traditional cloud computing systems face. By processing data at
the edge, closer to the data source, Edge Computing reduces the dependency on centralized cloud infrastructure,
thereby facilitating faster decision-making and real-time responses. This capability is particularly beneficial for
ToT applications that require immediate actions, such as autonomous vehicles, healthcare monitoring systems,
and smart cities, where delays in data processing could lead to catastrophic outcomes(Wijanarko, 2022).

Another notable finding is the role of Reinforcement Learning in enhancing the decision-making process
within Edge Computing systems. RL, by learning from interactions with its environment, can adapt and
optimize resource allocation in real-time, which is crucial for IoT applications operating in dynamic and
unpredictable environments. This adaptive capability allows Edge Computing systems to allocate resources such
as computational power, storage, and bandwidth more efficiently. The ability to make intelligent decisions based
on feedback helps to ensure that the system remains responsive, even under changing conditions, which is
essential for real-time operations (G Anand, 2025).

Despite its advantages, the integration of RL with Edge Computing faces significant challenges, particularly
in terms of computational complexity. RL algorithms typically require substantial computational resources,
which may not be available on resource-constrained edge devices. The need for heavy computation for training
RL models may lead to increased energy consumption and processing delays, which could counteract the
benefits of Edge Computing in real-time IoT systems. As a result, there is a growing interest in hybrid approaches
that leverage cloud computing for training RL models while using edge devices for real-time decision-making
and execution. This approach helps to balance the computational load, but introduces new challenges related to
synchronization and communication between edge devices and the cloud(Handfield & Linton, 2017).

The study also revealed that RL can help optimize the trade-offs between edge and cloud computing,
particularly in terms of managing workloads. RL algorithms can intelligently decide which tasks should be
processed at the edge and which ones should be sent to the cloud. This decision-making process helps to balance
the load and avoid overloading the edge devices, which have limited resources. By dynamically managing
workloads based on real-time data, RL can ensure that critical tasks are processed quickly at the edge, while less
time-sensitive tasks are offloaded to the cloud for further processing(Oliveira & Handfield, 2019).

Furthermore, the literature review highlights the potential of RL to optimize the use of network resources,
improving the overall efficiency of IoT systems. IoT applications often require large volumes of data to be
transmitted across networks, which can strain the bandwidth and lead to bottlenecks. By using RL to optimize

Journal homepage: https://jrti.eloracenter.org/jrti



Optimizing edge computing with reinforcement learning for real-time iot applications 25

data routing and transmission protocols, Edge Computing systems can minimize congestion, reduce data
transfer delays, and enhance the overall performance of the network. This is particularly important in
applications where network reliability and efficiency are paramount, such as in industrial automation or
healthcare monitoring systems(Habibullah & Hossain, 2021).

Another critical aspect uncovered in the results is the adaptability of RL algorithms to different IoT
environments. IoT systems can vary greatly depending on the application, the types of devices involved, and the
network conditions. RL’s ability to continuously learn and adapt to these changing conditions makes it an ideal
solution for optimizing Edge Computing in IoT applications. As the environment evolves, RL can adjust the
system’s operations to ensure continued efficiency, even as new devices are added or environmental conditions
change(Vishnubhatla, 2020).

However, one significant limitation highlighted in the research is the lack of standardized frameworks for
integrating RL with Edge Computing in real-time IoT systems. While the theoretical benefits are well-
established, the practical implementation of these systems remains challenging. The complexity of managing
diverse devices, varying resource constraints, and dynamic environmental conditions calls for the development
of standardized protocols and frameworks that can simplify the integration process. Without such frameworks,
deploying RL-based solutions in real-world IoT applications remains difficult, limiting the broader adoption of
this technology(Kim et al., 2014).

In terms of application, the review found that the combination of Edge Computing and RL has significant
potential in sectors like healthcare, autonomous vehicles, and smart cities. For instance, in healthcare, RL can
be used to optimize the management of medical devices and patient monitoring systems, ensuring that critical
medical data is processed immediately at the edge, while less urgent data can be transmitted to the cloud. In
autonomous vehicles, RL can assist in optimizing traffic management and vehicle control, ensuring that
decisions are made quickly and safely. Similarly, in smart cities, RL can be applied to optimize energy
distribution, waste management, and traffic flow, improving the efficiency and sustainability of urban
environments(Furht et al., 2012).

Finally, the results suggest that while the integration of RL with Edge Computing holds great promise, more
research is needed to address the scalability, security, and privacy concerns associated with these technologies.
As IoT networks grow in size and complexity, ensuring the security of sensitive data and the scalability of RL
models is essential. Furthermore, privacy concerns must be addressed, particularly in applications like
healthcare, where personal data is involved. Future research should focus on developing solutions that can
address these challenges while ensuring that the full potential of Edge Computing and RL is realized in real-time
IoT applications(Manchana, 2021).

Discussions

Real-Time IoT Applications and the Role of Edge Computing

One of the most striking findings from this research is the essential role that Edge Computing plays in enabling
real-time applications in the Internet of Things (IoT). In traditional cloud-based systems, data collected from
IoT devices must be sent to a central server for processing. This process introduces significant latency, especially
in systems requiring immediate feedback. In contrast, Edge Computing allows data to be processed closer to its
source at the edge of the network thereby reducing the time it takes to transmit data to and from remote cloud
servers. This reduction in latency is crucial for applications that demand real-time decision-making, such as
healthcare monitoring systems, autonomous vehicles, and industrial automation. For example, in healthcare, a
delay in data transmission could jeopardize patient safety, making it essential to process the data as close to the
source as possible(Chigboh et al., 2024).

Edge Computing also enhances the overall performance and efficiency of IoT systems by decentralizing
processing tasks. By distributing computing resources across multiple edge devices, rather than relying solely on
centralized data centers, IoT systems can be more responsive to changes in their environment. This decentralized
approach helps to avoid the bottlenecks that typically occur when large amounts of data are sent to cloud servers
for processing. As IoT devices proliferate, the amount of data generated increases exponentially, further
emphasizing the need for localized processing. Edge Computing provides a scalable solution to handle this
growing volume of data, ensuring that devices can continue to operate effectively without overwhelming
centralized infrastructure(Roe & Schulman, 2023).

The key advantage of Edge Computing lies in its ability to process data in real-time, eliminating delays caused
by long-distance data transmission. This real-time processing capability is vital for a range of IoT applications
where even slight delays could have serious consequences. In autonomous vehicles, for example, delays in
processing sensor data could result in accidents or traffic disruptions. Similarly, in industrial automation, slow
response times can lead to production downtime or equipment malfunctions. With Edge Computing, critical
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decisions can be made locally, allowing these systems to operate more safely and efficiently, even in the most
time-sensitive scenarios.

Moreover, Edge Computing allows for greater control over data security and privacy. Since data is processed
locally, there is less reliance on transmitting sensitive information across potentially vulnerable networks. This
can significantly reduce the risk of data breaches, making Edge Computing a more secure option for IoT systems
that handle sensitive data, such as in healthcare or financial services. Local data processing also reduces the
exposure of personal information to external servers, aligning better with privacy regulations and helping
organizations comply with data protection standards.

Despite its advantages, implementing Edge Computing on a large scale requires significant investment in
infrastructure. IoT devices must be equipped with sufficient processing power and storage capabilities to handle
the demands of real-time data processing. Additionally, managing these edge devices can become complex,
especially when scaling up to handle thousands or millions of IoT devices across various locations. These
challenges highlight the need for innovative solutions in network management, device maintenance, and system
integration to ensure that Edge Computing can be effectively deployed in real-time IoT applications.

The increasing adoption of 5G technology is expected to further boost the effectiveness of Edge Computing
in IoT applications. 5G networks offer high bandwidth and low latency, which complement the capabilities of
Edge Computing by enabling faster data transfer and better connectivity. Together, 5G and Edge Computing
have the potential to unlock new possibilities for real-time IoT applications, from smart cities to autonomous
systems. The combination of these technologies is likely to accelerate the development of next-generation IoT
services, enhancing everything from transportation networks to healthcare delivery.

Finally, as the demand for real-time IoT applications continues to grow, Edge Computing will become an
essential part of the technological ecosystem. As more devices connect to the IoT network, the ability to process
data locally will be critical for ensuring the efficiency, security, and reliability of these systems. The future of IoT
applications hinges on the ability to handle vast amounts of data in real time, and Edge Computing is poised to
play a key role in meeting these demands(Bablu & Rashid, 2025).

Reduced Latency Real-Time Decisions
Faster Response Instant Local
Times Processing
ROLE OF EDGE
COMPUTING IN
REAL-TIME loT
APPLICATIONS
Efficient Data ‘ Healthcare
Handling Monitoring
Decreased Cloud Improved Patient
Load Care

Industrial Automation
Responsive Operations

Figure 1. the role of Edge Computing in real-time Internet of Things (IoT) applications
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The diagram above illustrates the role of Edge Computing in real-time Internet of Things (IoT) applications,
focusing on how processing data closer to its source can reduce latency and enhance efficiency across various
IoT applications.

Diagram Description

Central Circle: In the center of the diagram, there is a blue circle with the text "ROLE OF EDGE COMPUTING
IN REAL-TIME IoT APPLICATIONS", which serves as the core of all aspects related to Edge Computing in
the context of real-time IoT applications. This central circle indicates that Edge Computing acts as the central
element connecting and influencing all other components in the IoT system.

Reduced Latency: One of the circles surrounding the central circle is labeled "Reduced Latency",
representing the key benefit of Edge Computing—reducing the time required to transmit data between [oT
devices and cloud servers. This reduction in latency is crucial for applications requiring fast responses, such as
autonomous vehicles and healthcare monitoring systems.

Real-Time Decisions: To the right, there is a circle labeled "Real-Time Decisions", which explains how Edge
Computing allows for real-time, local data processing without needing to send data to a centralized server. This
is particularly important for applications requiring instant decision-making, such as in autonomous vehicle
navigation systems.

Efficient Data Handling: On the bottom left, the circle labeled "Efficient Data Handling" emphasizes how
Edge Computing reduces the load on the cloud by processing data locally. This helps minimize the need to send
large volumes of data to the cloud, making data management more efficient.

Healthcare Monitoring: On the bottom right, there is a circle labeled "Healthcare Monitoring", highlighting
how Edge Computing improves patient care by enabling real-time medical data processing. This is vital for
applications like remote patient monitoring, where delays in data processing could impact patient safety.

Industrial Automation: The lower left circle represents "Industrial Automation", illustrating how Edge
Computing enables responsive operations in industrial automation systems. This is crucial for applications such
as machine monitoring and process control, where quick decision-making is necessary to prevent system failures.

Arrows: The diagram uses arrows to connect each circle to the center, illustrating the interdependent
relationship between Edge Computing and various IoT application benefits. These arrows show how Edge
Computing supports all these aspects, from latency reduction to efficient data handling.

Reinforcement Learning as a Solution to Resource Management

The integration of Reinforcement Learning (RL) into Edge Computing systems provides a dynamic and adaptive
solution to optimize resource management in real-time IoT applications. IoT systems are often deployed in
environments where resources—such as computational power, storage, and bandwidth—are limited, and
efficient management of these resources is critical to ensure the system remains responsive. RL’s ability to
optimize decision-making based on environmental feedback makes it an ideal solution for managing resources
in Edge Computing. Instead of relying on predefined rules or static models, RL allows IoT systems to
continuously learn from their interactions and make real-time adjustments to resource allocation based on
current conditions(Singh et al., 2025).

One of the primary benefits of applying RL to Edge Computing is its ability to dynamically allocate resources
to where they are needed most. For example, in an IoT system used for industrial automation, certain tasks may
require more computational power or bandwidth than others. RL algorithms can help determine which tasks
should be processed locally on edge devices and which ones should be offloaded to the cloud, ensuring that
critical tasks are prioritized while minimizing network congestion. This optimization reduces bottlenecks,
improves system responsiveness, and ensures that resources are utilized as efficiently as possible.

RL also helps manage power consumption, which is a key concern for IoT devices, especially those deployed
in remote or energy-constrained environments. By learning from past interactions, RL can optimize the energy
usage of edge devices, ensuring that they operate efficiently while minimizing energy waste. For example, RL
algorithms can learn to adjust the frequency of data transmission or determine when to put devices into low-
power states, thus extending the operational lifetime of battery-powered IoT devices. This is particularly
important for applications such as environmental monitoring or remote healthcare, where devices are often
deployed in the field and need to operate autonomously for extended periods.

Another challenge that RL addresses is the allocation of computational power in IoT systems. Edge devices
often have limited processing capabilities, and assigning too many tasks to a single device can cause delays or
system failures. RL helps distribute workloads across multiple edge devices, ensuring that each device operates
within its capacity and that the overall system performs optimally. By continuously learning from the system'’s
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performance, RL can adjust resource distribution in real-time, balancing the load and preventing overburdening
any single device.

However, one of the primary challenges in implementing RL for resource management in Edge Computing
is the computational overhead associated with training RL models. Training these models requires significant
processing power, which may not be available on the resource-constrained edge devices. To overcome this,
hybrid approaches have been proposed, where RL models are trained in the cloud and then deployed to the edge
for real-time decision-making. This hybrid approach allows for the use of more complex RL models without
overloading edge devices, although it introduces new challenges related to data synchronization, model updates,
and communication between edge and cloud systems(Wang et al., 2020).

The need for real-time decision-making in IoT systems further complicates the resource management process.
Edge devices must continuously adapt to changing conditions, and RL models must be capable of making
decisions quickly without sacrificing performance. This real-time adaptability is essential for applications like
autonomous vehicles, where delays in decision-making can have catastrophic consequences. RL helps address
this by allowing the system to adapt to environmental changes, such as varying traffic conditions or unexpected
obstacles, in real-time, ensuring that IoT systems remain operational and responsive.

As the complexity of IoT systems grows, the importance of efficient resource management becomes even
more critical. By integrating RL with Edge Computing, IoT systems can continuously improve their
performance over time, making them more efficient, responsive, and capable of handling complex tasks. The
ongoing learning process in RL enables these systems to adapt to new challenges and optimize their resource
allocation autonomously, ensuring that IoT applications continue to meet the growing demands of the digital
age(Veeramachaneni, 2025).

Challenges in Practical Implementation

Despite the significant theoretical advantages of combining Reinforcement Learning (RL) with Edge Computing
for real-time IoT applications, the practical implementation of this integration presents several challenges. One
of the most pressing challenges is the computational burden associated with training RL models. RL algorithms
typically require large amounts of computational power and memory to process and learn from the environment.
Training these models involves numerous iterations of trial and error, which can be resource-intensive,
particularly for edge devices with limited processing capabilities.

Edge devices are often constrained by factors such as low processing power, limited memory, and restricted
battery life, making them ill-suited for the heavy computational demands of RL training. This poses a challenge
for deploying RIL-based solutions on edge devices, as the devices may struggle to process the large volumes of
data necessary for training the models. To mitigate this issue, hybrid approaches have been proposed, where RL
models are trained in the cloud using powerful servers and then deployed to the edge for real-time decision-
making. While this approach alleviates the computational burden on edge devices, it introduces new
complexities, such as the need for continuous synchronization and communication between the edge and cloud
components(Khan et al., 2020).

Another challenge lies in ensuring that RL models can be deployed effectively in diverse and dynamic IoT
environments. [oT systems are often heterogeneous, consisting of a wide range of devices with different
capabilities and requirements. This variability makes it difficult to develop RL models that can be universally
applied across all devices and applications. Each IoT environment may require customized models that are
specifically designed to optimize resource allocation and decision-making based on the unique characteristics of
the system. The complexity of these models can make it difficult to achieve generalization across different [oT
applications, further complicating the deployment process.

Data synchronization between the edge and cloud is another significant challenge. In hybrid RL models,
where training occurs in the cloud and inference is performed at the edge, ensuring that the edge devices are
using up-to-date models is critical. Frequent model updates are necessary to account for changes in the
environment, but transmitting updated models to edge devices in real-time can be challenging, especially in
bandwidth-constrained environments. This can lead to delays in decision-making or inconsistencies in the
system's performance. Therefore, finding efficient methods for syncing models between edge and cloud devices
is a critical area of focus in the practical deployment of RL in Edge Computing(Hartmann et al., 2022).

Additionally, the scalability of RL. models presents challenges when applied to large-scale IoT networks. As
the number of IoT devices grows, the complexity of managing the communication and coordination between
edge devices increases. RL models need to be scalable to accommodate this growth, ensuring that they can
efficiently manage resource allocation and decision-making across thousands or even millions of devices. The
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ability to scale RL-based solutions without introducing significant latency or system failures is essential for
maintaining the performance and reliability of large IoT networks(Karami & Karami, 2025).

Security and privacy concerns also pose significant challenges in the implementation of RL and Edge
Computing for IoT applications. Many IoT systems handle sensitive data, such as health information or personal
details, and ensuring the confidentiality and integrity of this data is paramount. RL-based decision-making
models must be designed to prevent unauthorized access to sensitive data, and robust security protocols must be
implemented to protect both the edge devices and the cloud infrastructure. Additionally, privacy regulations,
such as GDPR, must be considered when deploying RL-based IoT systems to ensure that user data is handled
appropriately and in compliance with legal requirements.

Finally, the dynamic nature of IoT environments requires RL. models to be highly adaptive. Changes in
device capabilities, network conditions, or environmental factors can impact the performance of the RL. models,
necessitating frequent adjustments to the system. Developing RL algorithms that can quickly adapt to these
changes, while maintaining system stability and efficiency, remains a significant challenge in the practical
implementation of RL in Edge Computing for IoT applications(Sondinti & Reddy, 2023).

Future Directions and Practical Implications

The findings from this research suggest several promising directions for future studies and practical
implementations of the integration of Reinforcement Learning (RL) and Edge Computing for real-time Internet
of Things (IoT) applications. One of the primary areas that require further exploration is the development of
hybrid models that balance the computational demands of RL with the resource limitations inherent in edge
devices. While RL is capable of optimizing resource management and decision-making processes, it often
requires significant computational resources, which edge devices may lack. Therefore, it is crucial to investigate
methods that allow RL models to be trained in the cloud, where computational power is abundant, and then
deployed to edge devices for real-time inference. This hybrid approach will need to balance the complexity of
RL models with the constrained resources of edge devices, ensuring that the system remains efficient and
responsive(Chinamanagonda, 2020).

Second, there is a pressing need for more studies that evaluate the practical effectiveness of these hybrid RL
and Edge Computing models in real-world IoT applications. While the theoretical potential is evident, it is
essential to assess how these models perform in diverse and dynamic environments. IoT systems are
characterized by a variety of devices, networks, and use cases, each with unique resource demands and
challenges. Research should focus on testing the scalability of these hybrid models in large-scale IoT networks,
as well as evaluating their ability to maintain performance across a range of real-world conditions. This includes
determining how these systems handle an increasing number of connected devices, fluctuations in network
connectivity, and varying environmental factors that affect data processing.

Moreover, security and privacy concerns are critical considerations for any IoT application, particularly
those involving sensitive data such as personal health information or financial records. Real-time IoT systems
often collect, transmit, and process vast amounts of sensitive data, making them attractive targets for
cyberattacks. Future research must prioritize the development of robust security frameworks that can protect the
integrity and confidentiality of data in IoT systems utilizing RL and Edge Computing. This includes exploring
encryption techniques, secure data transmission methods, and privacy-preserving RL algorithms that can ensure
compliance with privacy regulations such as the General Data Protection Regulation (GDPR). Security
measures should be designed to prevent unauthorized access, tampering, or exploitation of both the edge devices
and the cloud infrastructure that support these systems(Badidi et al., 2023).

The increasing size and complexity of IoT networks also necessitate the development of more scalable RL
models that can handle the growing demands of these systems. As IoT ecosystems expand, the volume of data
generated by devices will increase exponentially, making it more challenging to process and manage efficiently.
Current RL algorithms may not be well-suited for large-scale IoT applications due to their computational
intensity. Future research should focus on creating lightweight RL. models that can operate effectively in large,
distributed networks without overburdening edge devices or introducing excessive latency. Additionally,
methods for managing the communication and coordination between edge devices and cloud infrastructure need
to be improved to ensure that RL models can scale seamlessly across a wide range of devices and network
configurations.

One area of interest for future research is the integration of Edge Computing with other advanced
technologies, such as 5G networks, to further enhance the performance of IoT systems. 5G offers low latency,
high bandwidth, and the ability to connect a large number of devices simultaneously, which could complement
the capabilities of Edge Computing. The combination of Edge Computing and 5G could provide the low-latency
processing required for time-sensitive IoT applications, while RL could optimize network traffic management
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and resource allocation across a wide range of devices. Researchers should explore how these technologies can
be integrated to create more efficient and robust IoT systems capable of handling complex, real-time decision-
making tasks.

Additionally, as the demands of IoT systems continue to grow, it is essential to explore how RL can be used
to not only optimize resource management but also improve the overall adaptability and resilience of IoT
networks. In environments where conditions change rapidly such as autonomous driving, smart cities, or
industrial IoT the ability of RL to dynamically adapt to new circumstances is a significant advantage. Future
studies should investigate how RL can be used to build self-healing IoT systems that can detect and recover from
failures autonomously, without requiring manual intervention. This could improve the reliability and continuity
of IoT services, even in the face of unexpected challenges or disruptions.

Table 1. Future Research Directions for Integrating Reinforcement Learning (RL) and Edge Computing in

Real-Time IoT Applications

Research Area  Specific Description & Real-World Key Evaluation Main Technical
Research Methods IoT Metrics Challenges
Application
Example
Hybrid RL- Train RL (e.g., Smart home Inference latency =~ Model compression
Edge Models DQN/PPO) in cloud resource <50ms, accuracy without
(AWS/GCP), deploy allocation. >95%. performance loss.
quantized models to edge
(e.g., TensorFlow Lite);
optimize via federated
learning.
Real-World NS-3/Cooja simulations Industrial IoT Scalability Network
IoT + field tests on 1000+ monitoring. (devices/hour), fluctuations &
Evaluation node networks; vary throughput. environmental
connectivity (5G/WiF1i). factors.
Security and Integrate homomorphic Health IoT Attack success Encryption
Privacy encryption + differential (wearables). rate <1%, data overhead on
privacy in RL; GDPR- leakage. resource-limited
compliant audits. edge.
Scalable RL Lightweight RL (e.g., Large-scale Throughput per Exponential data
Models pruning/distillation); smart grids. device, volume & latency.
multi-agent RL for edge- convergence time.
cloud coordination.
5G Integration Hybrid edge-5G slicing +  Autonomous E2E latency 5G-edge handover
RL traffic optimization vehicles. <10ms, synchronization.
(e.g., Q-learning for bandwidth
slicing). utilization.
Adaptability RL-based anomaly Smart cities Recovery time Real-time
and Resilience  detection + self-healing traffic <5s, uptime adaptation to
(e.g., actor-critic for management. >99.9%. failures.
recovery).
Standards and  Develop open-source Cross-industry Adoption rate, Lack of current
Frameworks frameworks (e.g., ToT interoperability standards.
Kubernetes + RLIib); deployment. score.
IEEE-like protocols.
Energy Energy-aware RL (e.g., Remote sensor Energy per Energy vs. accuracy
Efficiency power in reward networks. inference <1mJ, trade-off.
function); dynamic battery life.

voltage scaling.

Another important direction for future research is the development of standards and frameworks for
integrating RL with Edge Computing in 10T systems. Currently, there is a lack of standardized practices for
implementing RL algorithms in IoT environments, which makes it difficult for organizations to adopt and
deploy these technologies effectively. Future research should aim to establish best practices, protocols, and
architectures that can guide the implementation of RL and Edge Computing in real-world IoT applications. By
creating a standardized approach, researchers and practitioners can more easily integrate these technologies into
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existing systems, accelerating the adoption of RL-driven Edge Computing solutions across various industries.
Finally, as IoT networks continue to evolve, the development of more energy-efficient RL models will be crucial
to sustaining the long-term viability of these systems. Many IoT devices operate in remote or battery-powered
environments where energy efficiency is a key concern. Future research should focus on developing RL
algorithms that optimize not only computational resources but also energy consumption. By improving the
energy efficiency of RL models, researchers can help extend the operational lifespan of IoT devices, reduce
operational costs, and make Edge Computing more sustainable for long-term deployment in large-scale IoT
applications.

By addressing these challenges and focusing on these future research directions, the integration of RL and
Edge Computing has the potential to revolutionize the way IoT systems operate. This integration can lead to
faster, smarter, and more efficient solutions for real-time IoT applications, enabling industries to unlock the full
potential of the IoT ecosystem. As these technologies continue to mature, their practical implications will drive
the development of next-generation IoT applications that are more responsive, adaptive, and capable of handling
the increasing complexity of connected systems.

Conclusions

The integration of Reinforcement Learning (RL) and Edge Computing offers a promising solution for optimizing
real-time Internet of Things (IoT) applications. By processing data locally at the edge of the network, Edge
Computing significantly reduces latency, making it ideal for time-sensitive IoT applications such as healthcare
monitoring, autonomous vehicles, and industrial automation. RL further enhances this system by optimizing
resource allocation, dynamically managing tasks, and enabling intelligent, real-time decision-making. The
combination of these technologies addresses key challenges in IoT, such as resource constraints, network
congestion, and the need for rapid, adaptive responses. However, the integration also presents challenges,
particularly in terms of computational complexity and the need for scalable, secure, and privacy-preserving
models. Looking ahead, future research should focus on hybrid approaches that balance the computational
demands of RL with the resource limitations of edge devices, as well as explore the scalability, security, and
privacy implications of these models in real-world IoT environments. Additionally, the integration of 5G and
the development of energy-efficient RL. models will be crucial in enhancing the performance and sustainability
of IoT systems. By addressing these challenges, the integration of RL and Edge Computing has the potential to
revolutionize the efficiency, adaptability, and overall performance of IoT systems, enabling smarter, faster, and
more resilient applications in various industries.
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