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Abstract—Edge-cloud computing has emerged as a promising paradigm for supporting the growing demands of Internet of Things
(IoT) applications, intelligent services, and data-intensive workloads. By integrating distributed edge resources with centralized cloud
infrastructures, edge-cloud ecosystems enable low-latency processing, improved scalability, and efficient resource utilization.
However, the dynamic and heterogeneous nature of these environments introduces significant challenges in workload distribution,
resource allocation, and service orchestration. Consequently, load balancing and orchestration mechanisms have become essential
for maintaining Quality of Service (QoS) and ensuring efficient system operation. This survey presents a comprehensive review of
load-balancing techniques and hybrid orchestration models in edge-cloud ecosystems. A taxonomy of load-balancing approaches is
discussed based on decision location, orchestration strategy, and system architecture. The study further examines recent advances in
distributed computing frameworks, Software-Defined Networking (SDN), Network Function Virtualization (NFV), workload
scheduling, collaborative resource management, and intelligent orchestration techniques. A comparative analysis of existing research
is provided to identify key strengths, limitations, and emerging trends. The findings indicate that hybrid orchestration models, which
combine centralized coordination with decentralized decision-making, offer significant advantages in terms of scalability,
adaptability, resource utilization, and service performance. Additionally, critical challenges and future research directions are
highlighted to support the development of efficient, secure, and intelligent edge-cloud ecosystems.

Keywords—Edge-cloud computing, load balancing, hybrid orchestration, Resource Management, Workload scheduling, Internet of
Things (iot), Quality of Service (qos), distributed computing.

performance degradation. Therefore, load balancing plays a
crucial role in distributing workloads across available
resources to improve system performance, reduce latency,
enhance resource utilization, and maintain Quality of Service
(QoS). In parallel, orchestration mechanisms are required to
coordinate resources and services across multiple layers of the
edge-cloud infrastructure [9].

1. INTRODUCTION

The rapid proliferation of Internet of Things (IoT) devices,
autonomous systems, and intelligent applications has
significantly increased the demand for scalable, efficient, and
intelligent  distributed computing infrastructures [1].
Traditional cloud-centric architectures provide extensive
computational and storage resources; however, they often face

challenges related to latency, bandwidth consumption, and
real-time responsiveness. These limitations become critical
for emerging applications such as smart cities, healthcare
systems, industrial automation, autonomous vehicles, and
augmented reality services, where timely processing and
decision-making are essential [2].

To overcome these challenges, edge computing has
emerged as a complementary paradigm that extends
computational and storage capabilities closer to end users and
data sources. By processing data at the network edge, edge
computing reduces communication delays and network
congestion while improving service responsiveness [3][4].
The integration of edge and cloud computing has led to the
development of edge-cloud ecosystems, where computing
resources are distributed across edge devices, edge servers,
and centralized cloud data centers to support diverse
application requirements [5].

As edge-cloud environments continue to grow in scale and
complexity, efficient resource management becomes
increasingly important [6][7][8]. Dynamic workloads,
heterogeneous resources, varying network conditions, and
user mobility can lead to uneven resource utilization and
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Recent research has focused on hybrid orchestration
models that combine the strengths of centralized cloud
management and decentralized edge intelligence. These
models enable adaptive workload placement, resource
scheduling, and service orchestration across the edge-cloud
continuum, providing greater scalability, flexibility, and
reliability. However, challenges related to interoperability,
energy efficiency, security, privacy, and real-time decision-
making remain significant barriers to widespread deployment
[10] [11]. This survey presents a comprehensive review of
load-balancing strategies and hybrid orchestration models in
edge-cloud ecosystems. It examines existing architectures,
resource management techniques, scheduling approaches, and
orchestration frameworks while highlighting current
challenges, research gaps, and future directions for building
efficient and scalable edge-cloud computing environments.

A.  Structure of the paper

This paper is organized as follows Section II overview of
Taxonomy of Load Balancing Techniques. Section III Hybrid
Orchestration Models in Edge-Cloud. Section IV Challenges
and Research Gaps. Section V Research on Literature Review
Section VI Conclusions and Future Direction.
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II. OVERVIEW OF TAXONOMY OF LOAD BALANCING
TECHNIQUES

Load balancing in edge-cloud ecosystems can be classified
across multiple dimensions, reflecting where decisions are
made, how orchestration is carried out, and the architectural
setup of the system. This taxonomy facilitates a better
understanding of existing approaches and aids in selecting
suitable strategies for diverse lIoT and cloud-edge use cases
[12][13].
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Fig. 1. Taxonomy Load Balancing

Figure 1 presents a taxonomy of load-balancing
techniques in edge-cloud environments. The classification is
organized according to decision location, orchestration
strategy, and system architecture, highlighting centralized,
distributed, hierarchical, rule-based, and optimization-based
approaches across client-edge, edge-cloud, and edge-cloud
continuum computing infrastructures.

A. Decision Location

Load-balancing techniques can be classified according to
the location where load-distribution decisions are made within
the computing infrastructure. The decision-making entity may
be centralized, distributed across multiple nodes, or organized
hierarchically across different layers of the system. This
classification influences system scalability, fault tolerance,
communication overhead, and overall resource management
efficiency in edge-cloud environments [14]. And there are
three types of Decision Location are as follows:

1) Centralized

In centralized load balancing, a single controller or
orchestrator collects global information about system
resources, demand patterns, and network conditions to make
load distribution decisions [15]. While this provides a holistic
view and can optimize globally, it suffers from scalability
issues and is vulnerable to single points of failure.

2) Distribution

Distributed load balancing decentralizes the decision-
making process across multiple nodes. Each node either
cooperates with others or makes autonomous decisions based
on local knowledge [16]. This improves scalability and fault
tolerance but may result in sub-optimal global performance
due to limited information.

3) Hierarchical

Hierarchical models combine the benefits of centralized
and distributed approaches by structuring decision-making
into layers, such as client-edge-cloud or regional-global [17].
Upper tiers oversee broader policies, while lower tiers handle
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real-time local balancing, enabling both scalability and
coordination.
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Fig. 2. Hierarchical models

Figure 2 illustrates a hierarchical edge-cloud computing
architecture consisting of three layers: IoT devices, edge
servers, and cloud servers. IoT devices generate data at the
network edge, edge servers perform intermediate processing
and resource management, while cloud servers provide large-

scale computation, storage, and centralized service
coordination.
B. Orchestration Strategy

Load-balancing techniques can also be classified

according to the orchestration strategy used to manage
workload distribution and resource allocation. The
orchestration mechanism determines how decisions are made,
coordinated, and executed across the edge-cloud
infrastructure. Depending on the level of intelligence and
adaptability required, orchestration strategies are commonly
categorized as rule-based[18], optimization-based, and
AI/ML-based approaches, each offering different trade-offs in
terms of complexity, scalability, responsiveness, and
performance.

1) Rule-Driven Orchestration

Rule-based load balancing follows predefined heuristics
or static policies, such as round-robin, least-connections, or
fixed thresholds [19]. While simple and computationally
lightweight, these methods often lack adaptability to dynamic
network states or traffic fluctuations.

2) Optimization-Driven Orchestration

These techniques model load balancing as a mathematical
optimization problem (e.g. linear programming, convex
optimization) aiming to minimize latency, energy, or cost.
They provide more precise control but are computationally
expensive and may not scale well in real-time environments.

3) Intelligent Orchestration (AI/ML)

AI/ML-based approaches learn from historical and real-
time data to predict traffic patterns and make intelligent
balancing decisions. These include reinforcement learning,
deep learning, and federated learning techniques that adapt
over time, improving performance in complex, dynamic
scenarios [20].

C. System Architecture on cloud edge

Edge-cloud computing integrates edge resources with
centralized cloud infrastructures to support efficient workload
execution and resource management [21]. By distributing
computation across multiple layers, these architectures reduce
latency, improve scalability, and enhance Quality of Service
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(QoS). Depending on the location of computational resources
and workload distribution mechanisms, edge-cloud systems
can be organized into different architectural models [22].

Client Edge Cloud
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Fig. 3. System Architecture of Cloud Edge

Figure 3 illustrates a cloud-edge system architecture
comprising client devices, edge servers, and cloud resources.
The architecture distributes workloads across computing
layers, enabling low-latency processing at the edge while
leveraging cloud resources for large-scale computation,
scalability, and efficient resource management.

1) Client-Edge

In this architecture, balancing is performed between client
devices and edge nodes. Load is distributed to nearby edge
nodes based on proximity, client demand, or edge resource
availability [23]. This reduces latency and conserves
bandwidth by processing data near the source.

2) Edge-Cloud

Load balancing decisions occur between edge servers and
centralized cloud infrastructure. Tasks may be offloaded to the
cloud when edge resources are constrained, or to leverage the
cloud’s superior computational capacity [24]. This setup
enables elastic scalability and supports intensive applications.

3) Client-Edge-Cloud Continuum

This full-spectrum architecture supports dynamic load
balancing across all layers—client, edge, and cloud [25]. It
enables seamless offloading and task migration across the
continuum, using context-aware and adaptive strategies to
maintain QoS and optimize resource utilization.

III. HYBRID ORCHESTRATION MODELS IN EDGE-CLOUD

Hybrid orchestration models in edge-cloud ecosystems
combine elements of both centralized and decentralized
control to strike a balance between global optimization and
local responsiveness. In these models, orchestration logic is
distributed across multiple layers—such as the client, edge,
and cloud—based on workload requirements, latency
sensitivity, data locality, and real-time constraints. The
growing heterogeneity of devices and services, along with
dynamic workload patterns and network variability, makes
purely centralized or purely decentralized orchestration
insufficient [26]. Hybrid models are thus essential to support
adaptive, scalable, and context-aware orchestration strategies
that can dynamically switch control or collaborate across
layers to optimize performance, cost, and energy efficiency
[27].

A. Hybrid Approaches

1) Decentralized  Decision-Making  with  Centralized

Coordination
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In this approach, local nodes (e.g. edge devices) make fast,
autonomous decisions based on local metrics and resource
availability. However, their actions are periodically aligned
with a global controller (often in the cloud) that maintains a
broader system-wide view. This setup reduces latency while
retaining strategic global optimization through periodic
synchronization. For example, edge nodes may handle task
offloading locally, but periodically receive updated policies
from a centralized orchestrator.

2) Federated and Collaborative Scheduling

Federated scheduling distributes decision-making among
independent edge/cloud nodes that share a common objective
but operate autonomously. These nodes may collaborate via
peer-to-peer communication or hierarchical structures to
allocate resources and schedule tasks. Collaborative
scheduling enables multi-stakeholder environments (e.g.
multiple service providers) to share edge resources while
maintaining autonomy, privacy, and fairness.

3) Betweenness and Graph-Theory-Based Routing

Inspired by complex systems and network science, some
hybrid models use graph-theoretic measures, such as
betweenness centrality, to identify critical nodes and links in
the network. These insights are used to guide dynamic load
balancing and task routing decisions in a decentralized
manner, with occasional global feedback. For instance, in an
IoT network, tasks might be offloaded based on topological
importance of nodes (e.g. those with high betweenness values)
to optimize load and avoid bottlenecks.

B. Real-Time Decision Making

One of the most critical challenges in hybrid edge-cloud
orchestration is achieving low-latency, real-time decision-
making. Applications like autonomous vehicles, remote
surgery, and smart manufacturing demand near-instantaneous
processing. However, orchestration frameworks often suffer
from delays due to complex decision processes,
communication overhead, and data synchronization between
distributed nodes. Current AI/ML-based strategies are either
too computationally intensive for edge deployment or lack
sufficient adaptability in dynamic environments. There is a
pressing need for lightweight, real-time-aware orchestration
models that balance responsiveness with decision accuracy.

C. Security and Privacy Constraints

In edge-cloud systems, data often travels through and
resides in multiple layers, from user devices to edge nodes to
cloud platforms. This multi-tiered structure introduces
significant attack surfaces and privacy leakage risks [28] [29]
[30]. While traditional encryption and access control models
exist, they may not suit the constrained resources of edge
devices. Furthermore, federated learning and collaborative
orchestration methods introduce new privacy concerns.
Homomorphic encryption, differential privacy, and zero-trust
architectures are promising, but require optimization for
hybrid environments. This domain remains underexplored for
real-world deployments.

D. Interoperability and Standardization

The edge-cloud ecosystem comprises heterogeneous
devices, platforms, and orchestration frameworks, often
developed by different vendors with varying standards. This
leads to poor interoperability and fragmented architectures,
making orchestration across multiple domains extremely
challenging. The lack of unified APIs, data models, and
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service descriptors limits the portability and composability of
services. While initiatives like ETSI MEC and OpenFog
Consortium attempt standardization, real-world adoption is
slow. Research is needed in cross-platform orchestration
protocols, semantic interoperability layers, and open
orchestration interfaces.

E. Resource-Constrained Edge Devices

Unlike cloud servers, edge devices have limited CPU,
memory, storage, and battery life. Orchestration mechanisms
that assume abundant resources can overwhelm these devices,
causing service degradation or failures. Even running
lightweight containerized services or Al models at the edge
can strain devices. There's a critical need for resource-aware
orchestration strategies that dynamically assess and allocate
workloads based on device profiles, mobility patterns, and
contextual awareness. Research should also focus on
collaborative edge federations to pool resources while
maintaining autonomy.

IV. LITERATURE REVIEW

This section reviews recent research on load balancing and
orchestration techniques in edge-cloud ecosystems. The
selected studies investigate distributed computing
architectures, resource management strategies, workload
scheduling mechanisms, and intelligent orchestration
approaches aimed at improving scalability, resource
utilization, latency, and Quality of Service (QoS).

H. F. Shahid et al. (2026) analyzes the strengths and
limitations of distributed computing frameworks, including
centralized [oT architectures, fog computing, edge computing,
local-edge architectures, and the three-tier edge—cloud
continuum. Particular emphasis is placed on the three-tier
edge—cloud continuum, which addresses key limitations of
earlier frameworks by enabling efficient IoT service
orchestration through distributed resources near end users
while utilizing centralized cloud resources. The frameworks
are evaluated based on scalability, resource efficiency,
adaptability, resource availability, security and privacy, and
robustness [31].

B. U. Kazi et al. (2025) The explosion of connected
devices and data transmission in the Internet of Things (IoT)
era places a substantial burden on cloud computing
capabilities. Moreover, [oT devices are typically deployed at
the network edge and have limited resources. To address these
challenges, edge-cloud distributed computing networks have
emerged. Due to their distributed nature, technologies such as
Software-Defined Networking (SDN) and Network Function
Virtualization (NFV) play key roles in resource management,
orchestration, and load balancing. This article surveys these
technologies, focusing on SDN controllers, orchestration, and
the role of Artificial Intelligence (Al) in enhancing controller
capabilities within edge-cloud computing networks [32]

M. S. Aslanpour et al. (2024) proposes a performance-
driven weight-tuning approach for effective load balancing
based on node characteristics and capabilities. By profiling
nodes, performance metrics such as throughput, energy

TABLE L

efficiency, response time, Al accuracy, and cost are evaluated.
A weighted round-robin strategy is introduced to optimize
load distribution according to the significance of these
metrics. To address multiple objectives, a multi-objective
approach  balances  different  performance  goals
simultaneously. The study also explores a coordinated
distributed approach to overcome centralized load-balancing
limitations. Furthermore, Hedgi, a heterogeneous serverless
edge architecture, is introduced to support and validate the
proposed load-balancing policies. Extensive experiments
using a real-time object detection application demonstrate the
effectiveness of the proposed approach [33].

M. N. Jamil et al. (2023) Multi-access Edge Computing
(MEC) is an edge computing architecture designed to support
resource-intensive and latency-sensitive applications through
computation offloading. However, dynamic and unpredictable
user demands can lead to non-optimal task allocation,
increasing latency and task failures. To address this challenge,
a two-stage Belief Rule-Based (BRB) workload orchestrator
is proposed to distribute workloads to optimal computing units
while satisfying Quality of Service (QoS) requirements. The
orchestrator determines task execution locations based on
network conditions, resource availability, and task
requirements. Simulation experiments using EdgeCloudSim
compare the proposed approach with four existing
orchestration methods [34].

M. Raeisi-Varzaneh et al. (2023) Edge servers can
effectively utilize computational and storage resources for
task execution. However, offloading all computing tasks to
edge servers may lead to increased processing delays and
energy consumption. In addition, underutilized edge devices
and cloud data centers can result in resource waste. Therefore,
collaborative scheduling among edge devices, edge servers,
and cloud centers is essential for efficient edge computing
operations. This survey reviews edge computing architectures,
resource scheduling techniques under different collaboration
modes, and task offloading schemes. It also examines fairness
and load-balancing metrics used in scheduling to improve
resource utilization and system performance [35].

A. Paszkiewicz et al. (2022) This contribution concerns
load balancing, based on mechanisms from complex systems
theory dedicated to IoT solutions within the Edge-Cloud
continuum. The basis of considered mechanisms is the
betweenness analysis applied to distributed nodes in a wireless
IoT network. A high value of this parameter can indicate the
key role of a given node, which is often reflected in its high
load. In addition, both the distance and the error rate for
connections between nodes are considered. The proposed
solution aims at providing path redundancy in the wireless
network and enabling efficient distribution of the network
traffic load [36].

Table I compares recent load-balancing and orchestration
approaches in edge-cloud and IoT environments, highlighting
their focus areas, key findings, challenges, and contributions
toward improving resource utilization, scalability, and QoS.

COMPARATIVE ANALYSIS OF LOAD BALANCING AND ORCHESTRATION TECHNIQUES IN EDGE-CLOUD AND IOT NETWORKS

Author’s Focus Area

key findings

Challenges Key Contributions

Three-tier
H. F. Shahid et al.
(2026)

Distributed computing
frameworks for [oT orchestration  and

utilization

edge—cloud
service
resource

continuum improves

Comparative  evaluation  of
centralized, fog, edge, local-
edge, and edge—cloud
continuum architectures

Scalability, security, privacy,
and robustness issues across
heterogeneous environments
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B. U. Kazi et al. (2025)

SDN, NFV, and Al in
edge-cloud networks

SDN and NFV enhance
resource management and load
balancing; Al improves
controller intelligence

Complex orchestration and
management of distributed
resources

Comprehensive  survey  of
SDN/NFV-based orchestration
and Al-enabled network control

M. S. Aslanpour et al.
(2024)

Performance-aware
load balancing

Weighted round-robin based on
throughput, latency, energy,
accuracy, and cost improves

Multi-objective optimization
and centralized bottlenecks

Proposed adaptive  weight-
tuning strategy and Hedgi
heterogeneous edge architecture

(2022) edge-cloud continuum

path redundancy

performance
M. N. Jamil et al. | MEC workload B -based orchestrator Dynamic  workloads and Two-stage' wqulgad
. improves task allocation and . orchestration considering
(2023) orchestration . . resource uncertainty ..
QoS satisfaction network and resource conditions
. . Survey of scheduling
M. Raeisi-Varzaneh et | Resource scheduling Collaborative scl}e_dul{ng Balancing latency, energy | techniques, collaboration
. enhances resource utilization . . .
al. (2023) and task offloading . consumption, and fairness modes, and load-balancing
and system efficiency .
metrics
A L Betweenness-based routing . Introduced  complex-system-
A. Paszkiewicz et al. | IoT load balancing in improves traffic distribution and Network  congestion  and based load balancing using

uneven node load .
network topology metrics

V. CONCLUSION AND FUTURE WORK

Edge-cloud computing has emerged as an effective
paradigm for supporting modern distributed applications that
require low latency, scalability, and efficient resource
utilization. In such environments, load balancing and
orchestration play a vital role in ensuring optimal workload
distribution and service performance. This survey presented a
comprehensive review of load-balancing techniques and
hybrid orchestration models in edge-cloud ecosystems. A
taxonomy based on decision location, orchestration strategy,
and system architecture was discussed, followed by an
analysis of recent research contributions in distributed
computing frameworks, workload scheduling, and intelligent
resource management. The comparative study revealed that
hybrid orchestration models, which combine centralized
coordination with decentralized decision-making, provide
improved adaptability, scalability, and QoS. Additionally, key
challenges including real-time decision-making, security,
interoperability, and resource constraints were identified. The
findings highlight the importance of hybrid orchestration as a
promising approach for managing increasingly complex and
heterogeneous edge-cloud environments.

Future research should focus on developing intelligent,
secure, and resource-aware orchestration frameworks capable
of supporting dynamic edge-cloud environments. Integrating
Al-driven decision-making, energy-efficient scheduling,
interoperability standards, and  privacy-preserving
mechanisms will be essential for improving performance and
enabling large-scale deployment of next-generation edge-
cloud ecosystems.
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