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Abstract

The proliferation of Internet of Things devices and the increasing demand for ultra-low latency applications
have driven the paradigm shift from centralized cloud computing to distributed edge computing. In this
context, containerization technologies have emerged as the standard for packaging and deploying
microservices across heterogeneous edge environments. However, traditional container orchestration
systems, originally designed for resource-abundant cloud datacenters, often exhibit significant inefficiencies
when deployed on resource-constrained edge nodes. This paper presents a comprehensive benchmark
evaluation of various container orchestration policies to assess their impact on resource efficiency in edge
computing clusters. By systematically analyzing different scheduling algorithms, including default spread
policies, bin-packing strategies, and custom latency-aware algorithms, this study identifies the critical
bottlenecks in current orchestration frameworks. Extensive experiments are conducted on a heterogeneous
edge cluster testbed, evaluating metrics such as processor utilization, memory overhead, network
bandwidth consumption, and application deployment latency. The findings reveal that default cloud-native
orchestration policies incur substantial overhead and lead to suboptimal resource allocation at the edge. In
contrast, topology-aware and resource-constrained scheduling policies can improve cluster efficiency and
reduce deployment latency. This research provides valuable insights for the design of next-generation,
edge-native orchestration frameworks tailored for distributed and heterogeneous environments.
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1. Introduction
1.1 The Shift Toward Edge Computing

The rapid expansion of the digital landscape, characterized by the exponential growth of connected devices
and the advent of data-intensive applications, has precipitated a fundamental transformation in computing
architectures. Traditional centralized cloud computing models, while highly scalable and efficient for batch
processing, increasingly struggle to meet the stringent latency and bandwidth requirements of modern
decentralized applications. These applications, ranging from autonomous vehicular networks to real-time
industrial automation and smart city infrastructures, require localized data processing capabilities. Edge
computing has emerged as a compelling paradigm to address these challenges by bringing computational
resources, storage, and networking capabilities closer to the data source and the end user. As noted in early
foundational studies [1], distributing computational workloads to the edge of the network significantly
mitigates the propagation delays inherent in transcontinental data transmissions and alleviates the
bandwidth pressure on backhaul networks. However, the transition from cloud to edge introduces a myriad
of operational complexities. Unlike cloud datacenters, which boast virtually limitless resources,
homogeneous hardware, and highly reliable environmental controls, edge environments are inherently
constrained. Edge nodes often comprise diverse hardware architectures, possess limited processing and
memory capacities, and operate in geographically dispersed locations with volatile network connectivity.
These inherent constraints necessitate a fundamental reevaluation of how software applications are
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deployed, managed, and scaled across distributed infrastructure [2]. The necessity for robust deployment
mechanisms has driven the widespread adoption of virtualization technologies at the network edge.

1.2 Containerization in Edge Environments

In the quest for efficient application deployment at the edge, lightweight virtualization technologies,
specifically containerization, have superseded traditional hypervisor-based virtual machines. Containers
encapsulate an application and its dependencies into a single, portable artifact that can run consistently
across diverse computing environments. By sharing the host operating system kernel and utilizing isolation
mechanisms such as control groups and namespaces, containers eliminate the substantial overhead
associated with running multiple guest operating systems. This architectural efficiency is particularly
advantageous for edge computing, where computational resources are scarce and must be maximized [3].
The widespread adoption of container runtimes has catalyzed the development of microservices
architectures, wherein monolithic applications are decomposed into smaller, independently deployable
services. While this modular approach enhances development agility and application scalability, it
concurrently magnifies the complexity of operational management. Deploying a complex microservices-
based application across a distributed cluster of edge nodes requires sophisticated orchestration
mechanisms to handle scheduling, networking, load balancing, and failure recovery. Consequently,
container orchestration platforms have become the de facto operating systems for distributed cloud and
edge infrastructures.

1.3 The Challenge of Orchestration

Despite the benefits of containerization, orchestrating these lightweight environments at the edge remains
a formidable challenge. The predominant orchestration frameworks were architected with the assumption
of deployment in large-scale, resource-rich, and highly connected cloud datacenters. When transplanted to
the edge, these frameworks frequently exhibit significant shortcomings. Default scheduling policies typically
prioritize high availability and load distribution across homogeneous nodes, which can lead to suboptimal
resource fragmentation and network congestion in heterogeneous, bandwidth-constrained edge clusters.
Furthermore, the control plane components of these orchestrators often consume a disproportionate amount
of system resources, leaving insufficient capacity for the actual application workloads. Previous literature
highlights that the operational overhead of managing distributed state and maintaining cluster consensus
can overwhelm low-power edge devices [4]. Therefore, understanding the intricate relationship between
orchestration policies and resource efficiency is paramount for optimizing edge computing deployments.
This benchmark evaluation aims to rigorously quantify the performance characteristics of various
orchestration strategies, providing a detailed analysis of their efficacy in resource-constrained environments.
By isolating the impact of different scheduling algorithms, this research contributes to a deeper
understanding of edge-native deployment challenges.

2. Background and Literature Review

2.1 Evolution of Edge Orchestration

The evolution of container orchestration has been intrinsically linked to the parallel advancements in cloud
computing and distributed systems. Initially, orchestration solutions focused primarily on automating the
deployment and lifecycle management of individual containers on single host machines. As the scale of
deployments grew, cluster management systems were developed to abstract underlying infrastructure and
present a unified pool of resources to application developers. Systems such as Borg and Omega laid the
theoretical and practical foundations for modern, open-source orchestration platforms [5]. These systems
introduced the concept of declarative configuration, where the user specifies the desired state of the system,
and the orchestrator continuously reconciles the actual state with the desired state. While highly successful
in centralized environments, the declarative model introduces challenges at the edge due to the potential
for network partitions and the necessity for autonomous operation during disconnected periods.
Researchers have proposed various architectural modifications to adapt these frameworks for the edge,
such as hierarchical control planes and federated cluster models. However, adapting the fundamental
scheduling logic to account for the unique characteristics of edge hardware remains an active area of
investigation [6]. Recent studies have emphasized the need for multidimensional resource awareness,
moving beyond simple processor and memory metrics to include considerations of network topology,
hardware accelerators, and energy consumption.
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2.2 Existing Benchmarking Methodologies

Evaluating the performance of distributed orchestration systems is a complex endeavor that requires
comprehensive and standardized benchmarking methodologies. Traditional benchmarking approaches
often focus exclusively on the performance of the deployed applications, neglecting the operational
overhead induced by the orchestration platform itself. However, in edge computing scenarios, the resource
consumption of the control plane is a critical factor that directly impacts overall system efficiency. Recent
literature has begun to address this gap by proposing specialized benchmarking frameworks designed
specifically for containerized edge environments [7]. These frameworks typically employ simulated
workloads to stress various components of the orchestrator, measuring metrics such as scheduling latency,
control plane resource utilization, and the efficiency of resource allocation algorithms. Some researchers
have advocated for the use of empirical testbeds utilizing actual edge hardware, arguing that simulations
fail to capture the nuanced performance variations caused by thermal throttling, heterogeneous
architectures, and real-world network fluctuations [8]. While empirical studies provide higher fidelity results,
they are often difficult to reproduce and scale. Consequently, a hybrid approach that combines controlled
physical testbeds with rigorous, reproducible workloads is widely considered the most effective strategy for
evaluating orchestration policies. This methodology allows researchers to isolate the impact of specific
scheduling decisions while maintaining a realistic representation of edge computing constraints [9].

2.3 Gaps in Current Research

Despite the growing body of literature on edge orchestration, several critical gaps remain in our
understanding of how specific scheduling policies impact resource efficiency. A significant portion of existing
research focuses on proposing novel, highly complex scheduling algorithms that rely on advanced machine
learning or centralized optimization techniques [10]. While theoretically promising, these algorithms
frequently introduce unacceptable computational overhead and latency when executed on resource-
constrained edge control planes. There is a demonstrable need for comprehensive evaluations of simpler,
heuristic-based policies that can operate efficiently within the strict operational envelopes of edge nodes.
Furthermore, much of the current literature evaluates orchestration systems in isolation, without considering
the interplay between scheduling decisions and the underlying container runtime technologies [11]. The
performance characteristics of different container runtimes and networking plugins can significantly
influence the efficacy of orchestration policies, yet these interactions are rarely analyzed systematically.
This benchmark evaluation addresses these gaps by providing a rigorous, empirical analysis of various
lightweight scheduling policies on a heterogeneous edge testbed, specifically focusing on the trade-offs
between scheduling optimality and computational overhead.

3. System Architecture and Edge Computing Model

3.1 Heterogeneous Edge Infrastructure

The architectural design of an edge computing cluster fundamentally dictates its operational capabilities and
constraints. Unlike the uniform server racks found in traditional datacenters, edge infrastructure is
characterized by profound heterogeneity. An edge cluster typically comprises a tiered hierarchy of
computing devices, ranging from low-power microcontroller units at the extreme edge, to single-board
computers acting as local aggregation points, up to more substantial micro-datacenters situated at cellular
base stations or regional network hubs. This benchmark evaluation models an intermediate edge
architecture, focusing on the tier of single-board computers and compact edge servers that form the
backbone of many industrial and municipal edge deployments [12]. These devices must strike a delicate
balance between providing sufficient computational power to execute containerized microservices and
adhering to strict power and thermal limitations. The heterogeneity of these nodes extends beyond mere
processing power to include differences in instruction set architectures, memory hierarchies, and storage
mediums. Managing this diversity requires an orchestration platform capable of intelligent placement
decisions based on granular node labeling and hardware introspection.
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Figure 1: Comprehensive Schematic of Edge Computing Container Orchestration Architecture
3.2 Network Topology and Constraints

Networking within an edge computing cluster introduces another layer of complexity that must be accounted
for in the system architecture model. Edge nodes are frequently connected via disparate networking
technologies, including wired ethernet, wireless local area networks, and cellular data connections. This
diverse networking landscape results in highly variable bandwidth and latency characteristics between
different nodes in the same cluster. Traditional orchestration policies often assume a flat, high-speed
network topology, which can lead to disastrous performance degradation if communication-heavy
microservices are scheduled across slow or unreliable network links [13]. To accurately model these
constraints, our system architecture incorporates a defined network topology that includes variations in inter-
node latency and bandwidth capacity. The benchmarking framework is designed to measure the network
overhead generated by both the application workloads and the orchestrator's control plane synchronization
traffic. Understanding the volume and patterns of this control traffic is essential, as excessive
synchronization can saturate limited edge network links, leading to cluster instability and degraded
application performance. The architectural model emphasizes the necessity for localized decision-making
and reduced reliance on constant connectivity to centralized control planes.

4. Container Orchestration Policies and Benchmarking Framework

4.1 Orchestration Scheduling Algorithms

The core intelligence of any container orchestration system resides in its scheduling algorithms, which are
responsible for assigning incoming workloads to appropriate worker nodes based on a defined set of rules
and constraints. The default scheduling policy in many widespread orchestrators employs a spreading
algorithm, which attempts to distribute workloads evenly across all available nodes in the cluster. While this
approach maximizes high availability and minimizes the impact of single-node failures, it can lead to severe
resource fragmentation in resource-constrained environments. By spreading small workloads across
multiple nodes, the orchestrator may prevent the deployment of larger workloads that require substantial
contiguous resources [14]. In contrast, bin-packing scheduling algorithms attempt to consolidate workloads
onto the fewest possible number of nodes, maximizing the utilization of active hardware while allowing idle
nodes to be placed in low-power states. While bin-packing improves overall resource density, it increases
the risk of resource contention and performance interference between co-located containers. Furthermore,
purely resource-based scheduling ignores the critical aspect of network topology. Latency-aware scheduling
algorithms attempt to mitigate this by placing interacting microservices on the same node or on nodes with
high-bandwidth, low-latency connections. However, calculating optimal placements based on multi-
dimensional criteria often introduces significant computational overhead, which can bottleneck the
scheduling process itself.
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Table 1: Orchestration Policies Comparison

Policy Type Primary Objective Resource Fragmentation Computational Overhead
Spread Maximum Availability High Low
Bin-Packing Maximum Density Low Moderate
Latency-Aware Minimum Network Delay Moderate High
Random Placement Minimum Scheduling Time Very High Very Low

4.2 Benchmark Workloads and Metrics

To rigorously evaluate the efficacy of these diverse orchestration policies, a comprehensive benchmarking
framework must utilize standardized workloads that accurately simulate the characteristics of real-world
edge applications. Synthetic micro-benchmarks are employed to isolate specific resource consumption
patterns, including processor-intensive computations, memory-bound data manipulations, and network-
intensive inter-service communications. The benchmarking process involves submitting a series of
deployment requests to the orchestration control plane and meticulously recording the subsequent system
behavior. Key performance indicators monitored during the evaluation include scheduling latency, which is
defined as the time elapsed between the submission of a deployment request and the initialization of the
container on the target node [15]. Additionally, the framework measures the resource utilization of both the
application containers and the orchestration daemon processes running on each worker node. This holistic
approach ensures that the hidden costs of cluster management are fully accounted for in the evaluation of
overall resource efficiency. The collected metrics provide a quantitative basis for comparing the performance
trade-offs inherent in different scheduling strategies under varying levels of cluster load.

5. Experimental Setup and Methodology

5.1 Hardware and Software Environment

The empirical evaluation detailed in this study was conducted on a purpose-built heterogeneous edge
computing testbed designed to reflect the realities of contemporary distributed deployments. The hardware
cluster consists of a diverse array of computational nodes, intentionally selected to represent the varying
capabilities found in field deployments. The control plane node, responsible for executing the core
scheduling logic and maintaining cluster state, is hosted on a moderately provisioned server class machine
to ensure that the orchestration algorithms are not artificially bottlenecked by hardware limitations during
complex placement calculations. The worker nodes comprise a mixture of single-board computers based
on reduced instruction set computing architectures and compact edge servers utilizing complex instruction
set computing processors. This architectural heterogeneity forces the orchestrator to handle multi-
architecture container image manifests and make intelligent placement decisions based on specific node
capabilities.

Table 2: Hardware Specification of Edge Nodes

Node Role Architecture Memory Capacity Storage Medium
Control Plane x86_64 16 Gigabytes Solid State Drive
Edge Worker Type A ARM64 8 Gigabytes Embedded Multimedia Card
Edge Worker Type B ARM64 4 Gigabytes Secure Digital Card
Edge Worker Type C x86_64 8 Gigabytes Solid State Drive

5.2 Deployment and Data Collection Methodology

The software stack selected for this benchmark is a lightweight, certified orchestration distribution
specifically engineered for edge and Internet of Things environments. This distribution strips out legacy
cloud-provider integration code and consolidates control plane components into a single binary, significantly
reducing memory footprint and operational complexity [16]. The experimental methodology involves
executing a predefined sequence of deployment scenarios, each designed to stress the cluster under
different operational conditions. The deployment manifests are programmatically generated to ensure
consistency and reproducibility across repeated experimental runs. Resource utilization metrics, including
processor cycles, memory consumption, and network interface statistics, are collected at high frequency
using a distributed monitoring agent deployed as a privileged process on each node. These raw metrics are
subsequently aggregated and stored in a centralized time-series database for offline analysis. To ensure
the statistical validity of the findings, each benchmarking scenario is repeated multiple times, and the results
are averaged to mitigate the impact of transient system anomalies or external network interference [17]. The

Vol. 1, Issue 2 (2026) 61



International Journal of Computing Systems and Software Engineering | https://ijcsse.net

rigorous data collection pipeline ensures that the performance observations are robust and accurately reflect
the systemic behavior of the orchestration policies under evaluation.

6. Results and Performance Analysis

6.1 Assessment of Resource Overhead

The empirical data collected during the extensive benchmarking process reveals significant disparities in
the performance and resource efficiency of the evaluated orchestration policies. A critical area of analysis
is the base operational overhead introduced by the orchestration agents running on the heterogeneous
edge worker nodes. When the cluster is in an idle state, devoid of any application workloads, the background
processes required for maintaining cluster membership and reporting node status consume a measurable
percentage of available system resources. This baseline overhead is particularly pronounced on the lowest-
tier worker nodes equipped with minimal memory capacities. The benchmarking results demonstrate that
the default configuration of the orchestration software frequently leads to periodic spikes in processor
utilization, correlating with the execution of routine health checks and state synchronization tasks [18]. While
these spikes are negligible in a cloud environment, they can temporarily starve critical application workloads
on constrained edge devices. The analysis highlights the necessity for configurable heartbeat intervals and
decentralized state management mechanisms to reduce the persistent drain on edge node resources.

Table 3: Summary of Resource Utilization Metrics

Average Scheduling

Scheduling Policy Mean CPU Overhead Mean Memory Usage Latency
Spread Strategy 4.2 percent 350 Megabytes 1240 Milliseconds
Bin-Packing Strategy 4.5 percent 380 Megabytes 1850 Milliseconds
Topology-Aware 5.8 percent 420 Megabytes 3200 Milliseconds

6.2 Evaluation of Scheduling Efficiency

The comparative analysis of the various scheduling policies highlights fundamental trade-offs between
optimal resource allocation and the computational latency required to make those allocation decisions. The
standard spread policy, which aims for maximum distribution of workloads, consistently demonstrated the
lowest scheduling latency among the non-random algorithms. This speed is attributed to the simplicity of
the underlying heuristic, which requires minimal computational effort to identify candidate nodes. However,
as the cluster utilization increased, the spread policy resulted in severe resource fragmentation. Numerous
nodes were left with insufficient contiguous resources to accept new, moderately sized workloads, even
though the aggregate unallocated resources across the entire cluster were theoretically sufficient.
Conversely, the bin-packing strategy effectively mitigated resource fragmentation, maintaining higher overall
cluster density and allowing for the deployment of larger application topologies. The drawback of the bin-
packing approach was a measurable increase in scheduling latency, as the algorithm must evaluate current
utilization levels across all nodes to identify the optimal target. The topology-aware scheduling policy, which
incorporates network latency metrics into the placement decision, exhibited the highest computational
overhead and longest scheduling delays. While this policy successfully minimized inter-service
communication latency once the applications were running, the significant time required to calculate optimal
placements makes it unsuitable for environments that require rapid scaling or immediate disaster recovery
responses.

7. Discussion and Implications for Resource Efficiency

7.1 Interpretation of Benchmarking Data

The findings from this comprehensive benchmark evaluation carry profound implications for the design and
operation of edge computing infrastructures. The empirical evidence clearly demonstrates that directly
porting orchestration practices from cloud datacenters to edge environments results in systemic
inefficiencies. The inherent assumption of abundant resources, which underpins many default scheduling
algorithms, is fundamentally incompatible with the realities of decentralized edge hardware. The observed
resource fragmentation caused by simple spread policies highlights a critical vulnerability in current edge
deployments. If edge clusters cannot efficiently utilize their limited aggregated capacity, the economic and
operational viability of the edge computing paradigm is compromised. The data suggests that administrators
must adopt a highly deliberate approach to cluster configuration, abandoning default settings in favor of
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tailored policies that align with the specific constraints of their hardware and the architectural characteristics
of their applications. The increased scheduling latency observed with more complex algorithms underscores
the need to balance placement optimality with the responsiveness of the orchestration control plane [19]. In
dynamic edge environments, where devices may frequently join or leave the network, the ability to rapidly
reschedule workloads is often just as critical as ensuring those workloads are placed on the most efficient
node.

7.2 Strategic Considerations for Edge Deployments

The benchmarking results also emphasize the importance of holistic system design when deploying
containerized applications at the edge. Application developers must be deeply cognizant of the operational
environment, striving to minimize the resource footprint of individual microservices. Smaller, less demanding
containers provide the orchestration scheduler with greater flexibility, enabling more efficient packing and
reducing the likelihood of resource starvation. Furthermore, the selection of the underlying container runtime
and networking technologies plays a crucial role in mitigating overall system overhead. Administrators
should evaluate lightweight runtime alternatives that bypass the complexities of traditional daemon-based
architectures, thereby reducing the baseline memory consumption on edge nodes. The findings also
suggest that hierarchical or federated orchestration models may offer a viable solution to the scalability
challenges observed in flat cluster topologies. By delegating scheduling authority to localized sub-clusters,
organizations can reduce the communication overhead imposed on backhaul networks and improve the
resilience of the overall system against network partitions. Ultimately, achieving optimal resource efficiency
in edge computing requires a synergistic approach, combining intelligent, lightweight orchestration policies
with streamlined application architectures and meticulously provisioned hardware infrastructure.

8. Conclusion and Future Research Directions
8.1 Summary of Findings

This paper presented a rigorous benchmark evaluation focusing on the intersection of container
orchestration policies and resource efficiency within the constrained environments characteristic of edge
computing clusters. Through a series of systematic empirical experiments conducted on a heterogeneous
hardware testbed, the study quantified the performance trade-offs associated with various standard and
advanced scheduling algorithms. The results unequivocally demonstrate that default orchestration
behaviors, primarily designed for resource-rich cloud environments, lead to significant inefficiencies when
applied to edge nodes. Specifically, the widespread use of unconstrained spread policies results in severe
resource fragmentation, preventing the optimal utilization of aggregate cluster capacity. While alternative
strategies such as bin-packing and topology-aware scheduling improve resource density and application
performance respectively, they introduce measurable increases in computational overhead and scheduling
latency. This fundamental tension between placement optimality and control plane responsiveness
represents a primary bottleneck in current edge orchestration frameworks. The evaluation further highlighted
the non-trivial baseline resource consumption of the orchestration agents themselves, underscoring the
necessity for highly optimized, lightweight software stacks in field deployments.

8.2 Trajectories for Future Investigation

The insights generated by this benchmark evaluation open several promising avenues for future academic
and industrial research. One critical area of investigation involves the development of adaptive orchestration
frameworks capable of dynamically adjusting their scheduling policies based on real-time cluster conditions.
Such systems could, for example, employ low-latency heuristic scheduling during periods of high cluster
churn, while transitioning to more complex, resource-optimizing algorithms during periods of stability.
Furthermore, the integration of lightweight machine learning models into the scheduling decision process
warrants extensive exploration. If predictive models can be optimized to execute efficiently on edge control
planes, they could anticipate resource demands and preemptively migrate workloads to minimize
fragmentation without incurring the severe latency penalties observed with traditional multi-dimensional
algorithms. Finally, further research is required to evaluate the performance implications of emerging
hardware acceleration technologies, such as neural processing units and field-programmable gate arrays,
within the context of container orchestration. Understanding how orchestrators can efficiently discover,
allocate, and share these specialized resources will be essential for supporting the next generation of highly
complex, intelligent applications at the very edge of the network.
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