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Abstract - The rapid growth of Internet of Things (IoT) deployments over wireless networks has intensified the
demand for intelligent data processing and real-time decision-making. Traditional cloud-centric intelligence
models struggle to meet the requirements of large-scale, latency-sensitive, and privacy-aware loT applications.
Distributed intelligence has emerged as a promising paradigm that decentralizes learning, inference, and control
across edge devices, fog nodes, and cloud platforms. This review presents a comprehensive analysis of distributed
intelligence models for cloud-supported loT systems operating over wireless networks. It examines system
architectures, distributed artificial intelligence and machine learning techniques, wireless communication
considerations, and cloud-assisted orchestration mechanisms. Key paradigms such as edge intelligence, fog
intelligence, hybrid cloud-edge intelligence, and collaborative learning are discussed, along with enabling
technologies including federated learning, distributed deep learning, and reinforcement learning. The review also
addresses critical security and privacy challenges, performance evaluation metrics, and real-world applications
spanning smart cities, industrial loT, healthcare, and energy systems. Finally, open challenges and future research
directions are identified, highlighting the need for scalable, adaptive, and secure distributed intelligence
frameworks to support next-generation loT ecosystems.
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limitations have motivated the development of
I. INTRODUCTION distributed intelligence models, where data
processing and decision-making are shared across
edge devices, fog nodes, and cloud platforms.
Distributed intelligence allows loT systems to
respond faster, reduce bandwidth consumption, and
improve resilience against network failures. Wireless
networks play a critical role in enabling this
paradigm, but they also introduce challenges such as
unreliable connectivity, variable latency, and energy
constraints. Cloud-supported distributed
intelligence combines the strengths of centralized
cloud orchestration with localized intelligence at the
edge, enabling scalable and adaptive loT systems.
This review aims to provide a comprehensive
overview of distributed intelligence models for
cloud-supported loT over wireless networks. It
analyzes architectural paradigms, machine learning
models, wireless communication considerations,
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The Internet of Things (loT) has emerged as a
foundational technology enabling smart
environments through large-scale deployment of
interconnected devices over wireless networks.
These devices continuously sense, transmit, and
process data to support applications such as smart
cities, industrial automation, healthcare monitoring,
and intelligent transportation systems. Traditionally,
cloud-centric architectures have been used to
process loT data due to their high computational
power and scalability. However, as loT networks
grow in size and complexity, centralized cloud
intelligence faces significant challenges, including
high latency, network congestion, privacy risks, and
limited support for real-time decision-making. These
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security challenges, and real-world applications. The
paper also compares existing approaches, highlights
trade-offs, and identifies open research challenges.
By synthesizing recent advances and emerging
trends, this review serves as a reference for
researchers and practitioners designing intelligent,
scalable, and efficient loT systems.

Il. BACKGROUND AND SYSTEM
ARCHITECTURE

Cloud-supported loT architectures typically consist
of multiple layers, including loT devices, edge nodes,
fog infrastructure, and cloud platforms. loT devices
such as sensors and actuators operate at the
perception layer, collecting data from the physical
environment. These devices often have limited
processing power, memory, and energy resources,
making direct cloud communication inefficient for
latency-sensitive applications. Edge nodes, such as
gateways and microservers, provide localized
processing and aggregation of data, reducing
communication overhead and response time. Fog
computing extends this concept by offering
intermediate computing resources between the
edge and the cloud, supporting distributed analytics
and coordination.

The cloud layer provides centralized storage, global
analytics, model training, and system orchestration.
Wireless networks enable connectivity across all
layers, using technologies such as Wi-Fi, cellular
networks, LPWAN, and emerging 5G and 6G
standards. Data flow in distributed intelligence
systems is bidirectional, with sensor data moving
upward for analysis and control commands flowing
downward for actuation. Compared to centralized
architectures, distributed intelligence architectures
emphasize localized decision-making, collaborative
learning, and adaptive control. This architectural shift
improves scalability, resilience, and responsiveness
while reducing dependency on continuous cloud
connectivity. Understanding the interaction among
architectural layers is essential for designing efficient
distributed intelligence models that balance
computation,  communication, and  energy
consumption across cloud-supported loT systems.

Distributed Intelligence Paradigms in loT
Distributed intelligence refers to the decentralized
execution of data processing, learning, and decision-
making tasks across multiple nodes in an loT system.
Edge intelligence places intelligence directly on edge
devices or gateways, enabling real-time responses
and reducing latency. Fog intelligence distributes
computation across intermediate nodes, supporting
collaborative analytics and regional coordination.
Hybrid cloud-edge intelligence combines localized
inference with cloud-based training and global
optimization, allowing models to adapt to both local
and global contexts. Collaborative intelligence
enables multiple loT nodes to share insights, models,
or decisions without central coordination, improving
scalability and fault tolerance.

These paradigms address the limitations of
centralized intelligence by reducing bandwidth
usage, enhancing privacy, and enabling context-
aware decision-making. However, distributed
intelligence also introduces challenges related to
coordination, consistency, and resource
management. Selecting an appropriate paradigm
depends on application requirements, network
conditions, and device capabilities. This section
reviews existing paradigms and highlights their
strengths, limitations, and suitability for different loT
scenarios.

Machine Learning and Al Models for Distributed
Intelligence

Machine learning and artificial intelligence are core
enablers of distributed intelligence in loT systems.
Traditional centralized learning approaches require
transferring raw data to the cloud, which is often
impractical due to latency, bandwidth, and privacy
constraints. Distributed learning models address
these issues by training and deploying models across
edge, fog, and cloud layers. Federated learning
enables multiple devices to collaboratively train a
shared model without exchanging raw data,
preserving privacy and reducing communication
overhead. Distributed deep learning partitions
model training and inference across nodes, enabling
scalable intelligence. Reinforcement learning
supports adaptive decision-making in dynamic
environments, such as network optimization and
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resource allocation. Lightweight Al models are
designed  for  resource-constrained  devices,
balancing accuracy and efficiency. These models
enable loT systems to learn from local data, adapt to
changing conditions, and operate autonomously.
However, challenges such as model convergence,
communication efficiency, and heterogeneous data
distribution remain open research problems.

Wireless Network Considerations

Wireless networks are fundamental to cloud-
supported distributed intelligence but introduce
unique challenges. Variable latency, limited
bandwidth, packet loss, and interference can
significantly impact model training and inference.
Device mobility and dynamic topologies complicate
coordination and synchronization among distributed
nodes. Energy efficiency is a critical concern,
particularly for battery-powered devices. Adaptive
communication strategies, power-aware scheduling,
and intelligent routing are required to support
distributed  intelligence.  Emerging  wireless
technologies such as 5G and 6G offer ultra-low
latency, high reliability, and massive device
connectivity, enabling more advanced intelligence
models. LPWAN technologies support long-range,
low-power  communication  for  large-scale
deployments. Effective integration of distributed
intelligence with wireless networks requires joint
optimization of communication and computation
resources.

Cloud Support for Distributed Intelligence

Cloud platforms play a crucial role in coordinating
distributed intelligence across loT systems. The
cloud supports large-scale model training,
aggregation, storage, and global optimization. It
orchestrates edge and fog nodes, manages updates,
and provides system-wide visibility. Cloud-assisted
learning enables periodic synchronization and
refinement of distributed models. Scalability and
fault tolerance are key advantages of cloud support.
However, reliance on the cloud must be balanced
with latency and privacy considerations. Hybrid
architectures that offload critical tasks to the edge
while leveraging cloud capabilities offer an effective
compromise. This section reviews cloud-based

orchestration strategies and their role in enabling
efficient distributed intelligence.

Security and Privacy Challenges

Distributed intelligence introduces new security and
privacy risks, including model poisoning, inference
attacks, and insecure communication. Wireless
transmission further increases vulnerability to
eavesdropping and spoofing. Privacy-preserving
techniques such as differential privacy, secure
aggregation, and encryption are essential. Trust
management among distributed nodes is critical,
particularly  in  multi-vendor  environments.
Adversarial machine learning poses additional
threats, requiring robust defense mechanisms.
Addressing security and privacy challenges is
essential for the adoption of distributed intelligence
in sensitive applications such as healthcare and
critical infrastructure.

Applications and Use Cases

Distributed intelligence enables diverse loT
applications. Smart cities use distributed analytics for
traffic ~ control,  surveillance, and  energy
management. Industrial 10T benefits from predictive
maintenance and real-time control. Healthcare
systems rely on edge intelligence for remote
monitoring and emergency response. Smart grids
use distributed intelligence for load balancing and
fault detection. Environmental monitoring and
agriculture leverage localized decision-making for
efficiency and sustainability. These applications
demonstrate the practical benefits of distributed
intelligence in cloud-supported IoT systems.
Performance Evaluation
Analysis

Performance evaluation is a critical component in
assessing the effectiveness of distributed
intelligence models in cloud-supported loT systems
operating over wireless networks. Unlike traditional
centralized architectures, distributed intelligence
introduces new dimensions of performance that
must be carefully measured and balanced. Key
evaluation metrics include latency, accuracy, energy
consumption, scalability, and communication
overhead. Latency is particularly important for time-
sensitive applications such as industrial automation,

and Comparative
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autonomous  transportation, and healthcare
monitoring, where delayed decisions can lead to
critical failures. Distributed intelligence models
generally achieve lower latency by processing data
closer to the source, reducing dependence on
distant cloud servers. Accuracy measures the quality
of inference or learning outcomes and is influenced
by factors such as model partitioning, data
distribution, and synchronization frequency among
nodes.

Energy consumption is another vital metric,
especially for battery-powered loT devices. While
distributed processing reduces communication
energy costs, it may increase local computation
energy, creating a trade-off that must be optimized.
Scalability evaluates how well a system performs as
the number of devices or data volume increases, and
distributed models typically offer improved
scalability by avoiding centralized bottlenecks.
Communication overhead reflects the amount of
data exchanged among nodes during learning and
coordination, which can impact network congestion
and system efficiency.

Comparative analysis between centralized and
distributed approaches highlights these trade-offs.
Centralized models offer simpler coordination and
global optimization but suffer from higher latency,
bandwidth usage, and privacy risks. Distributed
models improve responsiveness and privacy but
introduce coordination complexity and potential
consistency issues. Taxonomies and comparison
tables are commonly used in the literature to classify
existing approaches based on architectural design,
learning techniques, communication strategies, and
application domains. Synthesizing results from
existing studies helps identify best practices,
performance limits, and areas requiring further
optimization.

Open Challenges and Research Directions

Despite  significant advancements, distributed
intelligence for cloud-supported IoT over wireless
networks still faces several open challenges.
Scalability remains a major concern as loT
deployments grow to millions of heterogeneous
devices generating continuous data streams.

Managing such scale while maintaining low latency
and high reliability requires more efficient
coordination and learning mechanisms.
Heterogeneous data distributions across devices can
lead to biased or slow model convergence,
particularly in collaborative learning frameworks
such as federated learning. Addressing non-
independent and non-identically distributed data
remains an active research area.

Real-time intelligence is another critical challenge, as
many loT applications demand immediate responses
under strict latency constraints. Achieving real-time
performance  while  balancing  computation,
communication, and energy efficiency is complex,
especially in dynamic wireless environments.
Standardization and interoperability are also
essential for widespread adoption, as current loT
ecosystems involve diverse hardware platforms,
communication protocols, and software frameworks.
Lack of unified standards complicates system
integration and management.

I1l. CONCLUSION

Distributed intelligence models represent a
fundamental shift in the design of cloud-supported
loT systems operating over wireless networks. By
decentralizing computation, learning, and decision-
making across edge devices, fog nodes, and cloud
platforms, these models effectively address the
limitations of centralized architectures, including
high latency, excessive bandwidth usage, and privacy

concerns. This review has examined the key
architectural  paradigms, distributed machine
learning  techniques, wireless communication

considerations, security challenges, and application
domains associated with distributed intelligence in
loT environments.

The analysis highlights that while distributed
intelligence offers significant benefits in terms of
responsiveness, scalability, and resilience, it also
introduces challenges related to coordination,
resource management, and system complexity.
Performance evaluations and comparative studies
reveal important trade-offs that must be carefully
considered when designing intelligent IoT systems.
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Despite these challenges, ongoing advancements in
artificial intelligence, edge computing, and next-
generation wireless networks continue to strengthen
the feasibility and effectiveness of distributed
intelligence approaches.

By synthesizing existing research and identifying
open challenges and future directions, this review
provides valuable insights for researchers, system
designers, and practitioners. Continued innovation
in distributed intelligence models will be crucial for
enabling scalable, efficient, and trustworthy loT
systems capable of supporting the growing
demands of smart cities, industrial automation,
healthcare, and other emerging applications.
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