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ABSTRACT

The exponential growth of the Web of Things (IoT) is transforming busi-
nesses, connecting billions of devices that generate massive amounts of data.
However, preparing this data at scale in real time poses significant challenges,
including inactivity, transmission capacity constraints, and data blocking in cen-
tralized cloud systems. Edge computing has become an urgent solution. It
allows data preparation to occur closer to the source, thereby improving oper-
ational productivity, reducing idle time, and optimizing transmission capacity.
This shift toward local availability reduces the burden on centralized cloud
systems, making IoT systems more responsive and robust. This article exam-
ines the integration of edge computing with IoT. It highlights the fundamen-
tal advances that have made this connection possible. Key applications, such as
real-time analytics, vision support, and edge AI, describe how edge computing
improves data processing and enhances independent decision-making at the de-
vice level. Additionally, we discuss how advances in hardware, orchestration
techniques, and machine learning drive the development of edge-enabled IoT
environments. By analyzing these current uses, we identify emerging trends
that will shape future IoT systems, making them more adaptive, efficient, and
resilient to changing data demands. This survey highlights the potential of edge
computing to power next-generation IoT systems, providing important insights
for businesses looking to support complete control of the devices involved.
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1. INTRODUCTION
The Internet of Things (IoT) has revolutionized many industries by connecting billions of devices

and enabling seamless communication between them. This connected ecosystem is driving progress across
all sectors: healthcare for real-time patient monitoring, manufacturing for predictive maintenance, and smart
cities for traffic and energy management. By leveraging IoT, these sectors are improving operational efficiency
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and service responsiveness [1]. The rapid expansion of IoT technology has led to the generation of massive
amounts of data, which requires continuous processing and analysis to provide actionable insights. However,
this explosive growth comes with significant challenges, especially when it comes to managing and processing
large-scale data in real-time [2]. Traditional cloud-based IoT systems often suffer from latency, bandwidth
limitations, and processing inefficiencies due to the centralized nature of data processing [3]. As IoT networks
grow, the volume of data transmitted to the cloud for processing becomes a bottleneck, increasing the latency
in data analysis and response times. Addressing these issues is critical for the efficient operation of IoT sys-
tems, especially in applications that require real-time decision-making, such as autonomous vehicles, industrial
automation, and critical healthcare systems [4]. The latency associated with sending data to centralized cloud
servers for processing can cause delays in response times, which can lead to suboptimal performance or even
outages in critical systems. Additionally, the bandwidth required to transmit large amounts of data from IoT
devices to the cloud can overload the network, creating inefficiencies and reducing overall system performance.
The processing limitations of centralized systems further exacerbate these challenges as they struggle to meet
the growing demands of IoT devices [5].

To alleviate these challenges, edge computing has emerged as a promising solution. Edge computing
works by placing data processing close to where the data is generated, known as the “edge” of the network.
Unlike traditional systems that send all data to a central cloud, edge computing processes the majority of
that data locally. This configuration reduces latency, saves bandwidth, and allows IoT systems to respond in
real-time, making it ideal for applications that require immediate action, such as traffic control and healthcare
monitoring [6]. The goal of this research is to explore the integration of edge computing into IoT systems
and evaluate how it improves system efficiency, scalability, and responsiveness. By processing data locally
on edge devices or near the point of origin, IoT systems can achieve faster response times, lower bandwidth
consumption, and better data management at scale. The importance of edge computing in IoT is profound as
it enables more efficient, scalable, and secure deployments [7]. By reducing the reliance on centralized cloud
systems, edge computing also improves data security and privacy as sensitive information can be processed
locally without being sent over potentially vulnerable networks [8]. This study aims to highlight the role of
edge computing in overcoming the limitations of traditional IoT architectures and provide insights into how this
integration can pave the way for more advanced and reliable IoT applications worldwide. The ability of edge
computing to process data in real time while reducing system costs makes it a vital part of IoT development,
especially as industries continue to demand more intelligent and responsive systems for automation, analytics,
and decision-making [9].

2. LITERATURE REVIEW
The architecture of an IoT system typically consists of sensors, gateways, and cloud storage, forming

a network of interconnected devices designed to collect, process, and analyze data. Sensors are responsible
for collecting data from the environment, such as temperature, humidity, motion, or light, and transmitting
this data to gateways, which act as intermediaries that aggregate data from multiple sensors before sending
it to the cloud [10]. Cloud storage is where most of the data processing and analysis takes place, providing
scalable computing power and storage for IoT systems [11]. However, this centralized approach has several
limitations, including latency, bandwidth constraints, and processing inefficiencies. As the number of IoT
devices increases, so does the volume of data transmitted to the cloud, which can lead to congestion and
slow response times in applications that require real-time processing. Relying on centralized cloud processing
also increases bandwidth consumption because all data must be sent to remote cloud servers, regardless of
relevance or priority [12]. This can be particularly problematic for time-sensitive IoT applications, such as
those in healthcare or autonomous driving, where delays in data transmission and processing can have serious
consequences. Additionally, the cloud-based model faces the power and resource constraints of IoT devices,
as many of them are battery-powered, low-power sensors that may not be equipped to manage continuous data
transmission over long distances [13].

2.1. Edge Computing Fundamentals
Edge computing addresses many of the limitations inherent in centralized IoT architectures by mov-

ing data processing closer to the source of the data, to the “edge” of the network. In an edge computing
model, instead of sending all data to the cloud, some processing and analysis are performed on local devices or
servers that are closer to the sensors and IoT devices that generate the data [14]. This decentralized approach
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optimizes bandwidth usage while improving the processing power of IoT systems, enabling faster decision-
making in applications that require real-time responses. By processing data locally, edge computing enables
faster decision-making because devices do not need to rely on the cloud for every operation [15]. This is es-
pecially useful for applications that require real-time analysis, such as smart cities, industrial automation, and
autonomous vehicles. In addition to reducing latency, edge computing also improves bandwidth efficiency by
filtering out redundant or unnecessary data at the edge, sending only the most relevant information to the cloud
for further analysis. This significantly reduces the pressure on network resources, making IoT systems more
scalable and efficient. Additionally, security and privacy concerns are more effectively addressed with edge
computing because sensitive data can be processed and stored locally, reducing the risk of exposure during
transmission to centralized cloud systems [16].

2.2. Integration of IoT and Edge Computing
Recent innovations have accelerated the integration of IoT and edge computing to create more respon-

sive and scalable IoT systems. For example, real-time data analytics can now be performed on edge gateways,
enabling faster response times in applications such as predictive maintenance, where immediate action can
prevent equipment failure [17]. Artificial intelligence at the edge is another important innovation, where ma-
chine learning algorithms are deployed directly to edge devices, enabling local intelligence without relying
on cloud-based models. This is especially useful in resource-constrained environments, as AI models can be
trained in the cloud and deployed at the edge to perform tasks such as anomaly detection or real-time predictive
analytics [18]. The rise of 5G networks has further boosted the adoption of edge computing in IoT, as the
increased speeds and reduced latency of 5G networks make it easier to implement decentralized processing in
IoT systems [19]. With hybrid Edge-Cloud models, data processing can be dynamically distributed between
the cloud and the device, based on the urgency and importance of the data. This allows for more efficient use of
resources, where non-time-sensitive data can be uploaded to the Cloud, while critical data is processed locally
at the edge [20].

2.3. Challenges in IoT and Edge Integration
While the integration of IoT and edge computing offers many benefits, it also poses a number of

challenges to overcome. One of the main concerns is cybersecurity [21]. By decentralizing data processing
and information storage to the edge, IoT systems become more vulnerable to attacks because edge devices
often lack the robust security infrastructure of cloud data centers. Data privacy is another concern, especially
in sensitive industries such as healthcare, where ensuring that personal information is securely processed at the
edge is critical [22]. Encryption and authentication mechanisms must be implemented to ensure data security
during transmission and storage at the edge. Another challenge is device resource constraints. Devices are often
constrained by limited power, processing, and storage capabilities. These low-power devices must support real-
time processing and may not be capable of performing complex AI models or analytics [23].

Solutions include developing lightweight algorithms tailored to these devices, optimizing power con-
sumption, and designing specialized hardware such as System-on-a-Chip (SoC) processors that balance perfor-
mance and energy efficiency. Emerging technologies such as low-power AI accelerators are helping to address
these constraints, making high-performance edge computing more feasible. Additionally, scalability remains
a concern as managing and orchestrating multiple edge devices across geographically dispersed networks re-
quires complex management and orchestration tools [24].

3. RESEARCH METHODS
This study uses a mixed-methods approach, using both qualitative and quantitative methods to analyze

the integration of edge computing in IoT systems. The qualitative aspect focuses on gathering insights from
industry experts and case studies, while the quantitative approach looks at measurable performance metrics
such as latency reduction, bandwidth, and profitability. By combining these two approaches, the study pro-
vides a comprehensive understanding of the benefits and challenges of implementing edge computing in IoT
environments [25].

3.1. Data Collection
To comprehensively assess the impact of edge computing on IoT systems, a combination of quanti-

tative and qualitative data collection methods is employed. This mixed-methods approach ensures a holistic
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understanding of both the measurable improvements in system performance and the underlying insights from
industry experts regarding implementation challenges and best practices.

• Surveys: Structured surveys are distributed to IT professionals and IoT system managers, gathering
quantitative data on the performance of IoT systems with and without edge computing integration. The
surveys focus on metrics such as system efficiency, latency, bandwidth usage, and operational costs.

• Interviews: Semi-structured interviews with industry professionals, such as IoT architects and providers
of edge computing solutions, offer qualitative insights into innovations, best practices, and difficulties in
incorporating cutting-edge IT into IoT systems.

• Case Studies: Detailed case studies of companies deploying IoT systems with edge computing integra-
tion provide real-world examples of performance improvements, focusing on industries such as manu-
facturing, healthcare, and smart cities.

3.2. Analysis Techniques
The data collected through the aforementioned methods are carefully analyzed using a variety of ad-

vanced techniques to extract meaningful insights and assess the true impact of edge computing on IoT systems.
Both quantitative and qualitative analysis methods are employed to ensure a well-rounded evaluation of the
integration process and its outcomes.

• Performance Metrics Analysis: Data collected from surveys and case studies are analyzed using sta-
tistical tools to measure improvements in latency, bandwidth utilization, and cost savings. This analysis
helps quantify the impact of edge computing on overall IoT system efficiency.

• Thematic Analysis: Qualitative data from interviews are analyzed through thematic coding to identify
common challenges, innovative solutions, and expert recommendations on deploying edge computing in
IoT systems.

This approach provides a balanced view of integrating edge computing into IoT systems, combin-
ing quantitative performance metrics with expert qualitative insights to understand the technical and strategic
aspects of deployment [26].

4. RESULT AND DISCUSSION
In the predictive maintenance case study, edge computing significantly improved system responsive-

ness by reducing latency. For example, data analytics processing time was reduced by 50%, allowing the
system to detect potential failures and respond immediately. This reduction minimizes downtime and ensures
that critical systems can maintain optimal performance without relying on cloud-based processing. Edge com-
puting has been shown to reduce system latency by approximately 75% in IoT applications, who documented
improvements in system latency and efficiency in various industrial IoT applications.

In the industrial sector, companies have reported an average of 75% reduction in latency, which is
especially useful in environments where real-time data processing is critical, such as predictive machine main-
tenance or automated systems that require split-second decision-making. This reduction in latency has been a
game-changer for applications that require immediate responses, such as smart manufacturing, healthcare, and
traffic management.

Figure 1. Summary of Performance Improvement in IoT System



76 ❒ E-ISSN: 2808-554X | P-ISSN: 2655-8807

Figure 1 illustrates the percentage improvements in latency reduction, efficiency increase, and cost
savings across different industries measured after implementing edge computing in IoT systems. The X-axis
represents the performance metrics (latency, efficiency, cost), while the Y-axis shows the percentage improve-
ment value. This visualization highlights the practical benefits of edge computing by showing specific metrics
that improve IoT system performance. Additionally, the cross-industry analysis shows an average efficiency
gain of 80%, corresponding to a 75% reduction in latency and a 65% increase in cloud storage spending.
This quantitative information highlights the significant operational cost savings and performance improvements
achieved through edge computing. For example, in the smart city sector, local data processing has reduced traf-
fic response times by 50%, illustrating the effectiveness of advanced solutions in time-sensitive applications.
This efficiency comes from reducing the need to continuously transmit data to centralized cloud servers. By
processing data locally at the edge, businesses can reduce network congestion and optimize bandwidth us-
age. This advantage is particularly evident in smart cities, where edge computing has enabled faster, local
decision-making for systems such as public transportation, traffic light control, and environmental monitoring.

Additionally, integrating edge computing also reduces costs by approximately 65% in case studies.
These savings are largely due to reduced cloud storage requirements, as only critical data is sent to the cloud
for further processing, while non-critical data is processed locally. In industries where high data transmission
costs or low bandwidth are a challenge, this reduction offers significant financial benefits.

Table 1. Performance Improvements in Key Metrics
Performance Metric Improvement (%)
Latency Improvement 75%

Efficiency Gains 80%
Cost Reduction 65%

Table 1 Summary of IoT system performance improvements through edge computing integration, in-
cluding latency reduction, efficiency gains, and cost savings. Each metric is presented as a percentage improve-
ment, making it easy to quickly reference the data presented. These improvements demonstrate the significant
impact of edge computing in optimizing IoT systems. These findings highlight the role of edge computing in re-
ducing latency, improving system efficiency, and reducing cloud storage requirements, especially for industries
such as manufacturing and healthcare where rapid data analysis is required.

4.1. Impact on IoT Systems
The integration of edge computing into IoT systems has significantly improved the scalability and

real-time processing capabilities of IoT deployments. The ability to process data closer to the source has
allowed IoT systems to scale by supporting an increasing number of connected devices without overloading
centralized cloud systems. This has led to more flexible and responsive networks that can handle larger volumes
of data without compromising speed or accuracy. In the context of smart cities, edge computing enables
more efficient use of urban infrastructure. For example, IoT sensors for traffic lights and roads can instantly
adjust traffic flow without communicating with remote cloud servers, reducing both congestion and energy
consumption. Similarly, advanced artificial intelligence allows cameras and sensors to analyze video feeds in
real-time, helping to detect accidents or security breaches immediately.

For industrial IoT, the combination of edge computing and predictive analytics has improved oper-
ational efficiency by enabling real-time monitoring and rapid response to potential equipment failures. This
real-time monitoring reduces downtime and maintenance costs and allows systems to flexibly adapt to chang-
ing conditions without waiting for cloud-based analytics.

4.2. Challenges in Implementation
While edge computing has clearly improved the performance of IoT systems, its implementation

poses a number of challenges that must be addressed to achieve wider adoption. One of the main issues is the
hardware limitations of the devices. Unlike centralized cloud systems that have virtually unlimited computing
power and storage, many edge devices are resource-constrained. These devices often need to perform advanced
analytics or run AI models locally, but their limited computing resources can make this difficult, especially for
complex applications that require significant processing power.

Scalability is another important concern. Managing a large, distributed network of edge devices in-
troduces coordination and maintenance complexity. Coordinating updates, ensuring consistent performance,
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and troubleshooting across hundreds, if not thousands, of edge devices, is much more complex than managing
a centralized system. Organizations need advanced management tools and platforms to effectively monitor,
update, and control the entire network.

Additionally, regulatory compliance is a challenge for industries that handle sensitive data, such as
healthcare and finance. Processing data at the edge, especially in environments with privacy regulations such as
General Data Protection Regulation (GDPR) or Health Insurance Portability and Accountability Act (HIPAA),
requires stringent security protocols to ensure data protection. This includes the need for encryption and authen-
tication mechanisms at the edge and during data transfer between devices and the cloud. Ensuring compliance
across distributed networks of edge devices can be resource-intensive and requires robust security frameworks.
Figure 1 The bar chart above illustrates the significant improvements in latency, efficiency, and cost reduction
that come with integrating edge computing into IoT systems. These advancements demonstrate the practi-
cal benefits of edge computing but also highlight the importance of addressing associated challenges, such as
hardware limitations and regulatory compliance, to realize its full potential across industries. By overcoming
these obstacles, businesses can leverage edge computing to create more flexible, scalable, and efficient IoT
ecosystems.

5. MANAGERIAL IMPLICATION
Integrating edge computing into IoT systems offers significant benefits, such as improved efficiency

and reduced latency. However, managers need to address several factors to ensure successful implementation.
First, it’s crucial to build a flexible and scalable network infrastructure that allows for seamless integration of
edge devices as the IoT system grows. Efficient management of edge device resources, considering processing
limitations and operational costs, is key to ensuring long-term efficiency. Data security is also a major concern,
especially in industries handling sensitive data such as healthcare and finance. Managers must ensure that data
processed at the edge is secure and complies with relevant regulations like General Data Protection Regulation
(GDPR) and Health Insurance Portability and Accountability Act (HIPAA). Additionally, integrating AI at
the edge can speed up decision-making and reduce reliance on the cloud, improving both efficiency and data
privacy.

Finally, investing in research and development of more energy-efficient edge devices and advanced
AI algorithms is crucial for sustaining the system. By focusing on these aspects, organizations can build IoT
ecosystems that are safer, more efficient, and better equipped to face future challenges.

6. CONCLUSION
Integrating edge computing into IoT systems offers notable advantages, including enhanced real-time

data processing, reduced latency, and optimized bandwidth utilization. These improvements make IoT net-
works more efficient, responsive, and scalable, addressing the growing demands of connected devices. By
decentralizing data processing, edge computing alleviates the pressure on centralized cloud systems, enabling
IoT applications to operate with greater autonomy and reduced dependency on distant cloud servers. This inte-
gration enhances the overall performance of IoT ecosystems and supports real-time decision-making, which is
particularly crucial for time-sensitive applications in fields like manufacturing, healthcare, and smart cities.

However, despite its potential, there are several challenges that need to be addressed for the successful
deployment of edge computing in IoT environments. One significant limitation is the hardware constraints of
edge devices, which often struggle to support advanced data processing and AI algorithms due to limited com-
puting resources. Additionally, managing a large, distributed network of edge devices introduces complexity
in terms of coordination, updates, and security. Organizations must invest in flexible and scalable network ar-
chitectures to overcome these barriers. Furthermore, ensuring robust security protocols is critical, particularly
in industries dealing with sensitive data, such as healthcare and finance, where compliance with privacy regu-
lations like General Data Protection Regulation (GDPR) and Health Insurance Portability and Accountability
Act (HIPAA) is mandatory.

Future research should focus on developing more energy-efficient edge devices capable of handling
advanced AI algorithms, as well as enhancing security frameworks to protect data across decentralized IoT
networks. Improving the efficiency and processing power of edge devices will allow for more sophisticated
analytics and decision-making capabilities at the device level, reducing reliance on cloud resources and im-
proving privacy by keeping sensitive data closer to the source. In addition, edge-specific security protocols will
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be essential to ensure data protection in critical applications, especially in healthcare and finance. These ad-
vancements will be key to enabling the next generation of IoT ecosystems, which will be more adaptive, secure,
and capable of handling complex, real-time analytics at scale. Future developments will not only optimize IoT
performance but also drive innovation in AI and edge computing, opening up new possibilities for smarter and
more resilient IoT applications across various industries.
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