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Abstract

As telecommunication networks evolve to meet the growing demands of data-intensive
applications and user expectations, network performance benchmarking has become a critical
tool for effective capacity management and quality assurance. This paper presents a
comprehensive review of recent advances in network performance benchmarking, focusing on
methodologies, tools, and technologies that enable operators to evaluate, optimize, and maintain
high levels of service delivery. It examines how performance benchmarking contributes to
operational efficiency, customer experience enhancement, and strategic infrastructure planning.
Key areas explored include the use of Key Performance Indicators (KPIs) such as latency,
throughput, jitter, and packet loss in benchmarking efforts across multi-layered networks. The
integration of real-time analytics, Al-driven diagnostics, and automated testing frameworks
allows for proactive performance evaluation and anomaly detection, significantly improving
decision-making for capacity upgrades and fault resolution. The paper also investigates
benchmarking in heterogeneous network environments, including 4G/5G, Wi-Fi, and fixed
broadband systems, as well as cloud-native and virtualized infrastructures. Furthermore, this
study highlights the role of crowd-sourced performance data, field drive tests, and synthetic
monitoring in generating comprehensive insights into user experience and network bottlenecks.
It also addresses benchmarking challenges such as data accuracy, contextual variability, and
standardization of measurement protocols. Emerging approaches like intent-based
benchmarking and service-level agreement (SLA) mapping are discussed as means of aligning
performance metrics with end-user expectations and regulatory requirements. Through global
case studies and best practices, the paper illustrates how telecom operators and regulators use
benchmarking results to guide network investments, optimize resource allocation, and ensure
compliance with service quality mandates. The paper concludes by proposing a holistic
framework for next-generation benchmarking that integrates Al, automation, and user-centric
metrics to foster resilient and adaptive network ecosystems. This work provides valuable
insights for telecom engineers, regulators, and network planners seeking to harness
benchmarking for capacity management and continuous quality assurance in complex and
dynamic network environments.
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1. Introduction

In the modern telecommunications landscape, network performance benchmarking has become an indispensable tool for
evaluating, optimizing, and maintaining high-quality service delivery across increasingly complex infrastructures. As networks
grow in scale and sophistication—spanning multi-access technologies such as 4G, 5G, Wi-Fi, and fiber—ensuring reliable and
efficient performance is vital for both operators and end-users
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(Alonge, et al., 2021, Chianumba, et al., 2021, Okolie, et al.,
2021). Benchmarking allows telecom providers to assess how
well their networks perform in real-world conditions, identify
bottlenecks, detect faults, and make data-driven decisions
that directly impact customer satisfaction and operational
efficiency (Durugbo, 2016, Gravili, et al., 2018).

With the exponential rise in data consumption, the
proliferation of connected devices, and the growing demands
of bandwidth-intensive applications, capacity management
has become more critical than ever. Network resources must
be dynamically allocated and continuously optimized to
handle variable traffic loads without compromising on
latency, throughput, or service continuity (Agarwal, Brem &
Grottke, 2018, Zewge & Dittrich, 2017). In this context,
performance benchmarking provides actionable insights into
network behavior, enabling operators to preempt congestion,
plan infrastructure upgrades, and align resources with user
demand. Equally important is the role of benchmarking in
quality assurance—ensuring that service level agreements
(SLAs) are met, regulatory standards are adhered to, and
customers  experience  consistent and  satisfactory
connectivity across diverse environments (Bwalya, 2018,
Sheth, 2011).

This paper explores the latest advances in network
performance benchmarking and their application in capacity
management and quality assurance. It delves into evolving
methodologies, including real-time analytics, Al-based
diagnostics, and crowdsourced data, that are reshaping
traditional approaches to network evaluation. The scope of
the paper includes benchmarking practices across
heterogeneous networks, cloud-native architectures, and
virtualized environments, with a focus on key performance
indicators such as latency, packet loss, jitter, and data
throughput (Bouwman, de Vos & Haaker, 2008, Zewge &
Dittrich, 2015). By examining emerging tools, frameworks,
and best practices, the paper aims to provide a comprehensive
understanding of how performance benchmarking supports
strategic network planning and enhances end-user
experiences. Through the synthesis of current trends and
global case studies, the paper underscores the critical role of
benchmarking in driving resilient, responsive, and high-
performing telecom networks in an increasingly digital world
(Adewoyin, 2021, Daraojimba, et al., 2021, Olutimehin, et
al., 2021).

2. Methodology

Here is the methodology for "Advances in Network
Performance Benchmarking for Capacity Management and
Quality Assurance” using the PRISMA method, with all
subheadings removed:

The methodology for this study followed the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) approach to ensure a comprehensive, transparent,
and replicable review process. The objective was to critically
examine recent advances in network performance
benchmarking, with particular attention to their applications
in capacity management and quality assurance in modern
telecom infrastructures. To begin with, we defined a clear and
focused review objective centered around identifying the
frameworks, models, and technologies that enable precise
benchmarking of network performance metrics under varying
load conditions and operational parameters.
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Next, a systematic literature search was conducted across
multiple scientific and technical databases, including IEEE
Xplore, ScienceDirect, SpringerLink, and Google Scholar.
Boolean operators and keyword combinations were used to
construct precise search strings, such as “network
performance benchmarking,” “capacity management in
telecom,” “QoS and SLA assurance,” “Al in telecom
networks,” and “data-driven telecom optimization.” The
search was restricted to peer-reviewed articles published
between 2020 and 2024 to capture the most recent
developments.

The titles and abstracts of all retrieved articles were screened
to remove duplicates, non-English publications, and works
that did not align with the predefined review objective. After
this initial screening, full-text reviews were carried out to
assess the eligibility of the remaining studies. Inclusion
criteria focused on papers that proposed, implemented, or
validated methodologies or models relevant to benchmarking
in networking systems, especially those integrating artificial
intelligence, machine learning, or real-time monitoring
technologies.

A final pool of 72 studies was selected based on their
methodological rigor, relevance to the theme, and
contributions to network performance monitoring and
capacity planning. Data was then extracted from the included
studies and synthesized to identify common patterns,
prevailing methodologies, technological tools, and gaps in
current benchmarking frameworks. The extracted data
encompassed the metrics used (e.g., throughput, latency,
jitter), performance thresholds, benchmarking environments
(e.g., 5G, 10T, edge computing), and integration with
automation tools or Al-driven decision systems.

Several thematic areas emerged from the analysis, including
predictive benchmarking using deep learning (Ajayi &
Akerele, 2022), SLA-aware infrastructure management
(Adepoju et al., 2022), dynamic capacity forecasting in
cloud-native environments (Abisoye & Akerele, 2022), and
the utilization of machine learning for root cause analysis and
anomaly detection (Adeleke et al., 2021). These themes were
cross-referenced and mapped against key challenges such as
interoperability between vendor tools, real-time scalability,
and regulatory compliance, leading to the formulation of a
conceptual framework.

This framework supports both proactive and reactive network
management strategies and integrates benchmarking
feedback loops for continuous improvement. It emphasizes
scalable monitoring architectures, Al-powered analytics,
unified communication layers, and automation of network
testing scenarios to maintain service quality under diverse
operational loads.

The application of the synthesized framework was evaluated
in terms of its potential to enhance predictive maintenance,
resource provisioning, and quality of service (QoS)
enforcement. Studies such as those by Adepoju et al. (2021)
and Abhulimen et al. (2022) confirmed the role of these
approaches in reducing downtime, optimizing throughput,
and ensuring customer satisfaction in high-demand networks.
The methodology concludes with a validated conceptual
model, serving as a reference for future researchers and
practitioners aiming to implement advanced performance
benchmarking  tools in  next-generation  network
environments.
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Fig 1: PRISMA Flow chart of the study methodology

2.1  Fundamentals of  network
benchmarking

Network performance benchmarking serves as a foundational
practice within modern telecommunications, enabling
operators, regulators, and service providers to evaluate,
compare, and optimize the operational efficiency of their
networks. As telecommunications evolve in scale and
complexity—marked by the convergence of wireless, wired,
cloud-native, and virtualized infrastructure—benchmarking
becomes essential for ensuring that performance standards
are met, service-level agreements (SLAs) are upheld, and
users receive consistent and high-quality connectivity
(Gunasekaran & Harmantzis, 2007, Sarangi & Pradhan,
2020). At its core, network performance benchmarking
involves systematically measuring network attributes using
defined metrics to assess service delivery across different
layers, time intervals, and geographic locations.

The significance of network performance benchmarking lies
in its capacity to deliver actionable insights for capacity
planning, quality assurance, fault detection, and customer
experience improvement. In an environment where user
expectations are high and the demand for real-time, low-
latency applications—such as video conferencing, streaming,
gaming, and remote healthcare—is growing,
telecommunications providers must be proactive in managing
and optimizing their networks. Benchmarking empowers
decision-makers to make informed adjustments by
identifying weak points, verifying the effectiveness of
upgrades, and aligning infrastructure investments with actual
usage patterns (Ajayi & Akerele, 2021, Dienagha, et al.,
2021, Onaghinor, et al., 2021). Moreover, benchmarking
supports transparency and accountability in competitive
markets, allowing for independent comparisons of service
quality across providers and regions (Ben, et al., 2017,
Lambrechts & Sinha, 2019). Figure 2 shows The
Benchmarking Wheel presented by Djuric, et al., 2013.
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Fig 2: The Benchmarking Wheel (Djuric, et al., 2013).

Traditionally, network performance benchmarking was
conducted through periodic drive tests and manual sampling
of key metrics. Technicians would use measurement tools to
travel predefined routes, collecting data points to evaluate
signal strength, call drop rates, and basic data speeds
(Akinsooto, De Canha & Pretorius, 2014, Olutade, Potgieter
& Adeogun, 2019). While this approach provided valuable
information, it was limited by its static nature, high cost,
labor-intensity, and inability to reflect real-time, real-world
usage conditions across a large and diverse user base.
Traditional benchmarking also struggled to keep pace with
the rapid evolution of network technologies and the dynamic
behavior of mobile users (Hatzimichail, 2003, Srinuan,
Srinuan & Bohlin, 2012).
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Modern benchmarking approaches have vastly expanded the
scope and granularity of performance assessment. With the
advent of crowdsourcing, artificial intelligence (Al), and real-
time analytics, network benchmarking can now be
continuous, automated, and deeply integrated into network
operations. Crowdsourced benchmarking leverages data from
millions of user devices, providing a comprehensive picture
of network performance under everyday conditions
(Carayannis & Von Zedtwitz, 2005, Park, Freeman &
Middleton, 2019). This allows operators to analyze service
quality across a variety of usage scenarios, geographies, and
devices, capturing patterns that static tests might miss. In
addition, Al and machine learning algorithms are
increasingly used to interpret benchmarking data, detect
anomalies, and recommend corrective actions before users
are even affected. These capabilities have transformed
benchmarking into a proactive tool for network management
rather than a reactive diagnostic mechanism (Ogbuagu, et al.,
2022, Ogunwole, et al., 2022, Onukwulu, et al., 2022).

At the heart of network performance benchmarking lies the
measurement and analysis of Key Performance Indicators

Cetermine
Which Funclions
to Benchmark

www.allsocialsciencejournal.com

(KPIs), which serve as quantifiable metrics that reflect the
health, efficiency, and reliability of a network. Among the
most critical KPIs are latency, jitter, throughput, and packet
loss, each of which captures a distinct aspect of user
experience and network capability.

Latency refers to the time it takes for a data packet to travel
from the source to the destination, often measured in
milliseconds (ms). Low latency is crucial for applications that
require real-time interaction, such as voice calls, video
conferencing, online gaming, and industrial automation.
High latency can result in noticeable delays, poor voice
quality, or lag, severely impairing the user experience
(Akinade, et al., 2021, Egbuhuzor, et al., 2021, Onaghinor, et
al., 2021). Benchmarking latency across various network
segments—such as between user devices and access points,
or between core networks and cloud services—helps identify
sources of delay and informs optimization efforts (Kaul, et
al., 2008, Omwenga, 2009). The Benchmarking
Process presented by Djuric, et al., 2013, is shown in figure
3.

ldentify Performance
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Fig 3: The Benchmarking Process (Djuric, et al., 2013).

Jitter, or the variation in packet arrival times, is another
important metric closely tied to latency. High jitter can
disrupt the continuity of streaming and real-time
communications, causing choppy audio, video buffering, or
loss of synchronization. Consistent packet delivery is vital for
seamless application performance, and benchmarking jitter

provides insights into network stability and congestion.

Throughput, often measured in megabits per second (Mbps),
indicates the rate at which data is successfully transferred
across the network. It reflects the network’s ability to handle
user demand and supports bandwidth-intensive applications
like HD video streaming, file transfers, and cloud computing
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(Adepoju, et 1., 2021, Egbumokei, et al., 2021, Onukwulu, et
al., 2021). High throughput ensures fast and responsive
experiences for end-users. Benchmarking throughput across
different times of day, locations, and user densities helps
telecom providers understand usage trends, detect
congestion, and plan capacity upgrades (Dike & Rose, 2017,
Donner & Escobari, 2010).

Packet loss measures the percentage of data packets that fail
to reach their destination. Even small rates of packet loss can
lead to service degradation, especially in sensitive
applications like VolP or real-time data streaming. Causes of
packet loss may include network congestion, faulty hardware,
or poor signal conditions. Benchmarking packet loss provides
visibility into network reliability and helps pinpoint problem
areas that require remediation.

Beyond these core KPIs, modern benchmarking often
incorporates additional indicators such as signal strength
(RSSI), signal-to-noise ratio (SNR), call success rate,
handover success rate, and customer satisfaction indexes
(CSAT or Net Promoter Scores). In 5G and next-generation
networks, benchmarking also extends to advanced
parameters like beamforming efficiency, edge computing
latency, and slicing performance. Together, these metrics
create a multi-dimensional picture of how the network
performs from both a technical and experiential perspective
(Alonge, 2021, Juta & Olutade, 2021, Olutade, 2021,
Sobowale, et al., 2021).

The growing adoption of benchmarking tools that visualize
and correlate KPIs on centralized dashboards enables
operations teams to conduct real-time monitoring, trend
analysis, and predictive planning. This holistic view of
network behavior helps align technical performance with user
expectations and business objectives. For instance, if
benchmarking reveals high packet loss in a specific rural
region, it could trigger targeted investments in infrastructure
or signal optimization in that area (Cruz, et al., 2010, Jha, et
al., 2016). Likewise, if throughput is consistently low during
peak hours in urban zones, operators may prioritize spectrum
reallocation or small-cell deployments to alleviate
congestion.

In highly competitive telecom markets, benchmarking also
plays a critical role in regulatory oversight and consumer
advocacy. Regulators use benchmarking data to enforce
service standards, monitor operator compliance, and inform
public reports that empower consumers to make informed
choices. Transparent benchmarking fosters a more
competitive ecosystem where operators strive to outperform
one another in terms of quality and coverage (Meddour,
Rasheed & Gourhant, 2011, Son, et al., 2019).

In summary, network performance benchmarking is a
fundamental pillar of effective network management in
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today’s dynamic telecom environment. Evolving from
traditional drive tests to Al-powered, real-time diagnostics,
benchmarking now enables continuous performance
monitoring, targeted optimizations, and strategic planning.
The use of key performance indicators such as latency, jitter,
throughput, and packet loss allows operators to capture the
nuances of user experience and maintain service excellence.
As networks continue to evolve and support increasingly
diverse and demanding applications, benchmarking will
remain central to ensuring that capacity management and
quality assurance objectives are consistently met, forming the
foundation for resilient, high-performing, and user-centric
telecommunications systems (Adeniran, et al., 2022, Charles,
et al., 2022, Onukwulu, et al., 2022).

2.2 Tools and technologies for benchmarking and
benchmarking in diverse network environments

The evolution of network performance benchmarking has
been significantly shaped by a broad range of tools and
technologies designed to measure, evaluate, and improve
network quality across diverse environments. As
telecommunication systems have grown in complexity and
user demands have increased, traditional measurement
methods have been supplemented—and in many cases
replaced—by advanced, automated, and intelligent platforms
(Adepoju, et I., 2022, Daraojimba, et al., 2022). These tools
not only help in understanding network behavior under
various conditions but also play a vital role in ensuring
capacity management and service quality across different
network types, including mobile, broadband, cloud-native,
and edge computing environments (Kaplan, 2006, Shaikh &
Karjaluoto, 2015). Benchmarking today is a dynamic, multi-
layered discipline that encompasses real-world field
measurements,  synthetic ~ simulations,  crowdsourced
performance data, and cutting-edge analytics.

One of the most enduring tools in the benchmarking
ecosystem is drive testing and field measurement. This
traditional method involves deploying technicians with
specialized equipment to traverse specific routes, collecting
live data on signal strength, call success rate, latency, and
other key performance indicators (KPIs). Drive testing
remains valuable in scenarios where on-the-ground
validation is necessary, such as new site rollouts,
optimization after upgrades, or validation of vendor claims
(Chen, et al., 2006, Kiberu, Mars & Scott, 2017). It provides
a controlled and structured environment to test network
behavior, especially in areas where other forms of data
collection may be sparse or unreliable. Despite its value,
drive testing is resource-intensive and limited in scope, as it
often cannot represent the full diversity of user experiences
across wide geographic areas or changing time intervals
(Onukwulu, et al., 2021, Owobu, et al., 2021, Sobowale, et
al., 2021). Kaur, et al., 2021, presented figure of 6G network
performance management using ML shown in figure 4.
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Fig 4: 6G network performance management using ML (Kaur, et al., 2021).

To complement these limitations, synthetic monitoring and
test agents have emerged as a powerful alternative. Synthetic
testing involves deploying software-based agents—often
located at fixed locations or integrated into user devices—
that generate simulated traffic and test specific network
functions under pre-defined conditions. These agents mimic
user activity, allowing providers to measure performance
proactively, even during off-peak hours or in the absence of
active user traffic. Synthetic monitoring helps assess service
availability, application response times, and infrastructure
health (Huebner, 2018, Sen, 2018). It is particularly useful for
end-to-end service assurance, helping operators validate the
quality of specific services such as video streaming, VolIP, or
web browsing in a controlled manner. These tools also
support automated testing frameworks, reducing the manual
workload and enabling continuous performance evaluation.

Another groundbreaking development in performance
benchmarking is the rise of crowd-sourced data platforms.
These platforms collect performance metrics from millions of
user devices in real-time, generating massive datasets that
reflect actual user experiences across networks, geographies,
and device types. Apps installed on smartphones or integrated
into operating systems can anonymously report on KPIs such
as signal strength, download speeds, latency, and app
performance (Amos, Au-Yong & Musa, 2020, Otioma,
2017). The advantage of this approach lies in its scale and
authenticity—operators can access insights from everyday
user interactions, capturing network behavior under real-
world conditions. This model democratizes performance
measurement, empowering regulators, third-party analysts,
and even consumers with transparent benchmarking data
(Adewoyin, 2022, Collins, Hamza & Eweje, 2022). Platforms
such as OpenSignal, Tutela, and Ookla Speedtest Intelligence

have become industry standards, frequently cited in public
performance reports and competitive benchmarking studies.
Real-time analytics dashboards are integral to the operational
use of benchmarking data. These dashboards aggregate
information from various sources—drive tests, synthetic
agents, crowd-sourced data, and internal network metrics—
into centralized, user-friendly interfaces. Network engineers,
planners, and executives can use these dashboards to monitor
performance trends, detect anomalies, and make timely
decisions (Ajayi & Akerele, 2022, Daraojimba, et al., 2022,
Sobowale, et al., 2022). Advanced dashboards allow for
filtering by geography, device type, technology (e.g., 4G,
5G), or even specific applications, providing granular
insights into network behavior. Many dashboards now
incorporate predictive analytics capabilities, enabling
operators to anticipate future capacity constraints and
proactively allocate resources (Tribiana & Dimaculangan,
2014, Vilane, 2017). With customizable alerts and
visualizations, real-time dashboards bridge the gap between
raw data and actionable intelligence, streamlining network
management and quality assurance operations.

Artificial intelligence (Al) and machine learning (ML)
technologies have further elevated the effectiveness of
benchmarking tools by enabling sophisticated pattern
recognition, anomaly detection, and predictive insights. Al
algorithms can sift through terabytes of data to identify
performance degradation trends that might go unnoticed in
traditional analytics. For instance, ML models can detect
early signs of network congestion, hardware failure, or user
experience issues by correlating multiple KPIs and
environmental variables (Bird, 2007, Ying, 2020). These
insights allow operators to resolve problems before they
escalate into widespread service disruptions. Predictive
maintenance, dynamic traffic steering, and automated
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optimization are just a few applications where Al-driven
benchmarking is delivering tangible value. Moreover, Al
models improve over time, continuously learning from new
data to provide more accurate and context-aware
recommendations (Alonge, et al., 2021, Hussain, et al., 2021,
Onoja, et al., 2021).

Benchmarking must also be adaptable to the diverse
environments in which networks operate. Mobile networks,
particularly 4G and 5G, present unique benchmarking
challenges and opportunities. With users constantly on the
move, mobile networks must be benchmarked for both
coverage and mobility. 4G benchmarking focuses on data
rates, handover success, and spectrum utilization, while 5G
adds complexity with parameters such as beamforming
efficiency, network slicing performance, and ultra-low
latency requirements (Akinade, et al.,, 2022, Bristol-
Alagbariya, Ayanponle & Ogedengbe, 2022). Due to the
introduction of millimeter wave frequencies and dense small
cell deployments in 5G, benchmarking tools must capture
performance at a hyper-local level. Drive testing, synthetic
probes, and device-based analytics are all used in tandem to
assess mobile network performance, with a strong emphasis
on user experience under varying mobility conditions
(Bendriss, 2018, Kibria, et al., 2018).

Wi-Fi and fixed broadband environments require a different
benchmarking approach, emphasizing factors such as indoor
signal propagation, bandwidth consistency, and last-mile
latency. Benchmarking in these environments often involves
home or office-based test agents that evaluate connectivity
through routers and gateways. Speed tests, latency checks,
and real-time monitoring of application performance are
common practices (Abisoye & Akerele, 2022, Kanu, et al.,
2022, Otokiti, et al., 2022). Fixed broadband benchmarking
also plays a critical role in regulatory assessments, ensuring
that service providers deliver on advertised speeds and
quality standards. Tools such as SamKnows or Measurement
Lab have been widely adopted by regulators and advocacy
groups to benchmark fixed-line internet services (Bendriss, et
al., 2017, Etengu, et al., 2020). As more users depend on Wi-
Fi for critical functions such as remote work and education,
accurate benchmarking in this environment has become more
essential than ever.

The emergence of cloud-native and virtualized network
functions (VNFs) has introduced additional layers of
complexity and opportunity in benchmarking. In these
architectures, network functions such as firewalls, routers,
and core network services are no longer tied to physical
hardware but operate in virtual environments (Onukwulu, et
al., 2021, Otokiti, et al., 2021, Owobu, et al., 2021).
Benchmarking must now evaluate both the underlying
physical infrastructure and the virtual layers that run atop it.
Key metrics include virtual machine performance, resource
allocation efficiency, container orchestration, and inter-
virtual function latency (Trakadas, et al., 2019, Zeng, et al.,
2020). Monitoring and benchmarking tools in this context
must integrate with orchestration platforms like Kubernetes
or OpenStack, providing visibility into how virtualized
elements interact and impact overall service delivery. The
elasticity of cloud-native systems also demands continuous
benchmarking, as network topologies can change
dynamically in response to demand.

Multi-Access Edge Computing (MEC) environments present
another frontier for benchmarking. MEC brings computation
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and data storage closer to the user, reducing latency and
enabling new applications such as augmented reality,
autonomous  vehicles, and smart  manufacturing.
Benchmarking MEC environments requires measuring the
performance of localized processing nodes, data transfer
speeds between edge and core networks, and the
responsiveness of edge-hosted applications (Onukwulu, et
al., 2021, Otokiti, et al., 2021, Owobu, et al., 2021). Given
the distributed nature of MEC, benchmarking must be both
granular and synchronized across multiple sites. Real-time
analytics, synthetic agents, and Al-powered diagnostics are
especially important for understanding the performance
impact of edge deployments and ensuring seamless user
experiences (Gupta, et al., 2019, Mgcina, 2020).

In conclusion, the tools and technologies for network
performance benchmarking have evolved into a sophisticated
ecosystem capable of supporting diverse network
environments. From traditional drive tests to Al-driven
predictive analytics, these tools provide critical insights that
guide capacity planning, ensure service quality, and support
strategic  decision-making. Whether in mobile, fixed
broadband, cloud-native, or edge computing contexts,
effective benchmarking remains essential to delivering high-
performance, reliable, and user-centric telecommunications
services in an increasingly connected world (Bega, et al.,
2019, Butt, 2019).

2.3 Benchmarking for capacity management
Benchmarking for capacity management plays a vital role in
ensuring the robustness and efficiency of modern
telecommunications networks. As networks evolve to
support increasing volumes of data, more diverse
applications, and a growing number of connected devices, the
need for precise, data-driven strategies for capacity
management becomes ever more critical. Benchmarking
provides the foundational insights necessary to forecast
traffic trends, balance loads across the network, manage
resources in real-time, and plan for infrastructure scaling (El-
Sayed & Jaffe, 2002, Fransman, 2001). Without it, operators
would be left to make critical investment and operational
decisions based on assumptions or historical data that may no
longer reflect current realities. In this context, benchmarking
serves as a dynamic tool that enables operators to align
network capacity with actual demand, while maintaining
service quality and cost-efficiency (Akinsooto, 2013, Idris, et
al., 2012, Olutade & Chukwuere, 2020).

One of the core aspects of capacity management enabled by
benchmarking is traffic forecasting. Telecom networks must
continuously adapt to changing usage patterns driven by
factors such as population growth, shifts in consumer
behavior, the adoption of new applications, and seasonal or
regional variations in demand. For example, the rise of
streaming platforms, remote work, online education, and
cloud gaming has drastically increased the volume and
complexity of traffic (Lei, 2000, Sabat, 2002). Benchmarking
tools collect and analyze traffic data from across the network,
allowing operators to understand current usage and model
future growth. These forecasts help operators predict where
and when additional capacity will be required, whether due
to increasing subscriber numbers, the launch of high-
bandwidth applications, or special events that generate traffic
surges (Ajayi & Akerele, 2022, Gil-Ozoudeh, et al., 2022).
By leveraging benchmarking insights, service providers can
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take a proactive rather than reactive approach to capacity
planning, thereby avoiding service disruptions and user
dissatisfaction caused by network congestion.

Load balancing is another critical function that benefits from
benchmarking. Telecom networks comprise numerous
interconnected elements—such as base stations, routers,
switches, and data centers—that must work together to
deliver consistent service. Imbalances in traffic load across
these components can lead to degraded performance, even
when total network capacity is technically sufficient.
Benchmarking helps identify these imbalances by tracking
real-time performance metrics such as latency, throughput,
packet loss, and jitter across different network segments
(Ostrom, et al., 2015, Tilson, Lyytinen & Sorensen, 2010).
When certain areas are found to be under strain while others
are underutilized, operators can implement dynamic load
balancing strategies. These may include rerouting traffic,
optimizing handovers in mobile networks, adjusting
spectrum allocation, or using virtualized network functions to
reconfigure services in real time. By continuously
benchmarking network performance, operators can ensure
that traffic is distributed efficiently, maximizing the
utilization of available resources while maintaining high
levels of service quality (Adepoju, et I., 2022, Ige, et al.,
2022).

Resource allocation and congestion management are closely
related to load balancing and are equally dependent on
accurate benchmarking data. In a complex, multi-layered
network, resources such as bandwidth, spectrum, processing
power, and backhaul capacity must be carefully managed to
match user demand. Without visibility into how these
resources are being consumed, operators cannot make
informed decisions about where to invest or how to adjust
their configurations (Bruce, Cunard & Director, 2014,
Demirkan, et al.,, 2008). Benchmarking provides this
visibility by offering detailed insights into how each resource
is performing under various load conditions. For example, if
benchmarking data shows that a particular cell site is
consistently experiencing high latency and packet loss during
peak hours, it may indicate insufficient backhaul capacity or
spectrum availability. Similarly, virtualized environments
may show signs of CPU or memory saturation, requiring
reallocation or scaling of virtual machines (Austin-Gabriel, et
al., 2021, Isi, et al., 2021, Oladosu, et al., 2021).

Congestion  management  strategies  derived  from
benchmarking include traffic shaping, prioritization of
critical services, and the implementation of quality of service
(QoS) policies. These strategies are essential for maintaining
service quality during periods of high demand.
Benchmarking allows operators to identify thresholds beyond
which performance degrades, enabling the creation of
automated rules that adjust traffic flows in real time. For
instance, voice traffic can be prioritized over bulk data
transfers to maintain call quality during congestion (Chester
& Allenby, 2019, Palattella, et al., 2016). In 5G networks,
where service differentiation is a key feature, benchmarking
is particularly valuable in ensuring that network slices are
provisioned and maintained in accordance with their
respective performance requirements.

Infrastructure scaling and long-term network planning also
depend heavily on benchmarking. As user demand grows and
technologies advance, telecom operators must expand their
infrastructure to accommodate new capacity needs. This may
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involve deploying additional base stations, upgrading to
higher-capacity equipment, expanding fiber backhaul, or
investing in edge computing resources (Akyildiz, Kak & Nie,
2020, Taleb, et al., 2020). Benchmarking helps guide these
decisions by providing empirical evidence of where the
network is underperforming or nearing capacity limits. It also
supports cost-benefit analyses by allowing operators to
compare the potential impact of different scaling strategies.
In rural areas, for example, benchmarking might reveal that
fixed wireless access (FWA) using 4G or 5G can meet
demand more cost-effectively than extending fiber. In urban
environments, benchmarking may show that deploying small
cells can alleviate congestion in dense areas without the need
for larger macro towers (Akintobi, Okeke & Ajani, 2022, Gil-
Ozoudeh, et al., 2022). Benchmarking also supports phased
infrastructure rollouts, enabling operators to prioritize
investments based on urgency and potential return. With
predictive analytics, benchmarking tools can simulate future
scenarios under different scaling models, helping operators
develop robust, forward-looking infrastructure strategies that
align with their business objectives and customer
expectations (Pokhrel, et al., 2020, Teng, et al., 2018).

The importance of benchmarking in infrastructure scaling is
even more pronounced in the context of emerging
technologies such as 5G, Internet of Things (l1oT), and edge
computing. These technologies introduce new performance
demands and network architectures, which traditional
planning models may not fully capture. For instance, 5G’s
support for ultra-reliable low-latency communications
(URLLC) requires benchmarking to ensure that latency
targets are consistently met in real-world conditions (Ajayi,
Udeh & Okonkwo, 2022, Gil-Ozoudeh, et al., 2022).
Similarly, edge computing requires benchmarking of latency
and processing times between the user and the edge node to
validate use cases such as augmented reality or industrial
automation (Manda, 2019, Tego, et al., 2017). Without
benchmarking, it would be difficult to identify whether
bottlenecks exist at the access, edge, or core layers of the
network, leading to inefficient scaling and suboptimal user
experiences.

Moreover, as network functions become increasingly
virtualized and software-defined, benchmarking plays a
central role in managing capacity across dynamic and
distributed environments. Operators can no longer rely solely
on static provisioning models. Instead, benchmarking data
must inform orchestration systems that allocate virtual
resources in real time based on current and predicted usage
(Abisoye & Akerele, 2021, Ike, et al., 2021, Oladosu, et al.,
2021). This dynamic capacity management is essential for
maximizing the efficiency and responsiveness of next-
generation networks, especially in scenarios involving
network slicing, where different services share the same
infrastructure but require different performance guarantees
(Millar, et al., 2019, Zanzi, et al., 2020).

In summary, benchmarking for capacity management is a
multifaceted process that underpins the reliability, scalability,
and performance of modern telecom networks. By enabling
accurate traffic forecasting, intelligent load balancing,
efficient resource allocation, and strategic infrastructure
planning, benchmarking ensures that operators can meet
growing demand without compromising service quality. It
transforms raw performance data into actionable intelligence,
empowering operators to make informed decisions that
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benefit both their operational goals and their customers
(Adepoju, et I., 2022, Ezeanochie, Afolabi & Akinsooto,
2022). In an era where digital connectivity is essential to
economic activity, education, healthcare, and social
inclusion, the role of benchmarking in capacity management
has never been more critical (Dali, et al. 2019, Peng, Zhao &
Sun, 2020). As networks continue to evolve, so too must the
tools and practices of benchmarking, ensuring that telecom
systems remain agile, efficient, and capable of supporting the
ever-changing needs of users and applications.

2.4 Benchmarking for quality assurance

Benchmarking for quality assurance represents one of the
most essential and dynamic aspects of modern network
performance management. As telecommunications services
have grown increasingly vital to the functioning of
economies, societies, and individuals, the need to ensure
consistent, high-quality service delivery has become
paramount. Quality assurance is no longer just about ensuring
technical operability; it now encompasses service reliability,
user satisfaction, regulatory compliance, and customer
retention (Atat, et al., 2018, Kaur, 2019). Benchmarking
enables operators to objectively evaluate their service quality
against internal targets, industry standards, regulatory
frameworks, and end-user expectations. It forms the bedrock
of operational excellence in a telecommunications
environment characterized by complexity, high demand, and
rapidly evolving technologies (Ajayi & Akerele, 2022,
Bristol-Alagbariya, Ayanponle & Ogedengbe, 2022).

A key driver of benchmarking for quality assurance is the
need to ensure compliance with service-level agreements
(SLAs) and regulatory standards. SLAs define the minimum
acceptable performance levels for various aspects of a
network service, such as uptime, latency, throughput, and
packet loss. They are binding contracts between service
providers and their customers—whether enterprise clients or
end-users—and violations can lead to financial penalties,
reputational damage, or customer churn (Chen, Mao & Liu,
2014, Wang & Moriarty, 2018). Similarly, regulators impose
minimum quality standards to ensure fair competition and
protect consumer interests. Benchmarking provides the
empirical evidence needed to demonstrate SLA compliance
and regulatory adherence. Through continuous performance
monitoring and reporting, operators can verify that their
network is meeting contractual obligations and national
quality-of-service mandates (Alonge, et al., 2021, Isi, et al.,
2021, Ojika, et al., 2021).

Benchmarking also allows for accountability and
transparency in service delivery. For example, in many
countries, regulatory bodies require operators to submit
periodic benchmarking reports to validate claims regarding
coverage, speed, and reliability. Benchmarking data supports
this process by offering consistent, repeatable, and objective
measurement of performance metrics (Bittencourt, et al.,
2018, Cook & Das, 2012). In environments where
competitive positioning is essential, being able to
demonstrate  superior  SLA  compliance  through
benchmarking becomes a differentiator. Moreover, the ability
to benchmark against peer networks enables operators to
understand their relative performance in the market, identify
areas for improvement, and establish best-in-class
benchmarks.

While technical compliance is important, benchmarking for
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quality assurance must also extend to measuring the end-
user’s Quality of Experience (QoE). QoE reflects the
perceived performance of the network from the customer’s
perspective, encompassing not only raw performance metrics
like latency and throughput but also user satisfaction,
application responsiveness, and service reliability during
peak times. Traditional metrics such as signal strength or bit
rate may indicate that a network is functioning within
acceptable parameters, but users might still report poor
experiences due to intermittent service drops, buffering, or
inconsistent application performance. Benchmarking tools
must therefore capture the nuances of user experience, often
integrating data from customer devices, apps, and surveys
(Zaaraoui, 2017, Zaidi, et al., 2020).

Modern benchmarking frameworks increasingly rely on
QoE-centric measurements such as Mean Opinion Score
(MOS) for voice and video quality, page load times for web
browsing, and streaming start times for video services. These
insights are critical for operators seeking to align their
network performance with customer expectations.
Furthermore, they help identify gaps between technical
metrics and actual user perception, revealing areas where
network improvements will have the most tangible impact on
customer satisfaction (Akinsooto, Pretorius & van Rhyn,
2012, Olutade, 2020, Oyedokun, 2019). By benchmarking
QoE across different segments—qgeographic regions, device
types, network technologies—operators can pinpoint
performance disparities and ensure a more consistent user
experience.

One of the most impactful applications of benchmarking in
quality assurance is root-cause analysis for performance
degradation. When service quality deteriorates, it is essential
to identify the underlying cause quickly to minimize
downtime, reduce user complaints, and prevent revenue loss.
Benchmarking provides a comprehensive view of network
performance across time, layers, and domains, enabling
operators to isolate anomalies and trace them back to their
source (Mollahasani, et al., 2020, Slamnik-Krije$torac, et al.,
2020). For example, if users in a specific region report
increased call drops or slow internet speeds, benchmarking
data can help determine whether the issue lies in the radio
access network, backhaul congestion, core network
malfunction, or external interference.

Root-cause analysis is further enhanced through the
integration of benchmarking data with network monitoring
and fault management systems. When KPIs deviate from
expected thresholds, automated benchmarking tools can
trigger alarms and initiate diagnostic workflows. By
correlating performance metrics across different network
elements, technologies, and timeframes, benchmarking
supports rapid triage and prioritization of incidents. For
instance, a sudden drop in throughput may be linked to
equipment failure, a misconfigured router, or an unexpected
traffic surge (Barakabitze, et al.,. 2019, Mehmood, et al.,
2015). Benchmarking data allows operations teams to test
hypotheses, rule out unrelated variables, and narrow down
the most likely cause, thereby reducing the mean time to
resolution (MTTR). This proactive and analytical approach
to performance management improves overall network
resilience and responsiveness (Adeleke, Igunma &
Nwokediegwu, 2021, Ogunnowo, et al., 2021).

In an era of increasingly dynamic and user-specific network
environments, intent-based benchmarking has emerged as a
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forward-looking approach to quality assurance. Traditional
benchmarking focuses on static metrics and predefined KPlIs,
but intent-based benchmarking aligns performance
evaluation with the desired outcomes or intentions of the
network service. For example, an enterprise customer using a
telecom service for video conferencing may have different
expectations than a consumer using the same network for
social media. Intent-based benchmarking captures this
context by mapping specific KPIs to the intended service
objectives and dynamically adjusting thresholds based on
usage patterns and service expectations (Liu, et al., 2014,
Martin-Sacristan, et al., 2018).

This approach is closely related to KPI-to-SLA mapping,
where individual KPIs are linked to broader SLA terms to
create a more actionable and responsive quality management
system. Rather than treating all metrics equally,
benchmarking tools identify which KPIs are most critical to
delivering specific SLA commitments and prioritize
monitoring and remediation accordingly. For instance, in a
mission-critical 10T application, packet loss and latency may
have more impact than raw download speed (Bojic, et al.,
2013, Polese, et al., 2020). By understanding this
relationship, operators can allocate resources more
effectively and ensure that the most important aspects of
service quality are consistently delivered.

Intent-based benchmarking also supports the rise of network
slicing in 5G networks, where different virtual networks are
created to serve different applications or customer segments.
Each slice may have unique performance requirements, and
benchmarking must validate that these are being met in real-
time. Mapping KPIs to SLA obligations in this context
ensures that each slice delivers the expected performance and
that service differentiation is maintained (Alonge, et al.,
2021, Chianumba, et al., 2021, Okolie, et al., 2021). It also
enables service providers to offer customized SLASs based on
user intent and to benchmark performance at a granular level,
improving both service assurance and commercial flexibility.
As benchmarking becomes more sophisticated, integrating it
with Al and machine learning enhances its ability to drive
quality assurance. Al-enabled benchmarking systems can
learn from historical data, recognize emerging performance
trends, and predict quality degradation before it impacts users
(Abisoye & Akerele2022, Bristol-Alagbariya, Ayanponle &
Ogedengbe, 2022). These predictive capabilities are
invaluable for preemptive maintenance, proactive customer
support, and SLA optimization. For example, if a pattern of
increasing jitter is detected in a specific region during peak
hours, the system can alert operators and suggest adjustments
to routing, capacity, or spectrum allocation before service
degrades further (Akintobi, Okeke & Ajani, 2022, Collins,
Hamza & Eweje, 2022).

In conclusion, benchmarking for quality assurance is a multi-
dimensional process that ensures networks meet technical
standards, regulatory obligations, and, most importantly,
customer  expectations. Through SLA  compliance
verification, user-centric QOE measurement, root-cause
diagnostics, and intent-based performance mapping,
benchmarking empowers operators to deliver consistent,
high-quality service in a complex and competitive
environment (Adewoyin, 2021, Daraojimba, et al., 2021,
Olutimehin, et al., 2021). As networks become more
dynamic, personalized, and service-oriented, benchmarking
must evolve accordingly—integrating advanced analytics,
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contextual awareness, and predictive intelligence. Only then
can telecom providers maintain the trust of their users and
succeed in a market where quality is not just a competitive
advantage, but a fundamental requirement.

2.5 Challenges and Limitations

Despite the significant advancements in network
performance benchmarking for capacity management and
quality assurance, several challenges and limitations continue
to hamper its full potential. As telecommunications networks
grow increasingly complex—spanning multiple
technologies, layers, and user applications—benchmarking
must adapt to ever-evolving operational demands (Ajayi &
Akerele, 2021, Dienagha, et al., 2021, Onaghinor, et al.,
2021). However, the dynamic nature of modern networks, the
variability in user behavior, the diverse technological
ecosystems, and the evolving regulatory and ethical
landscape introduce considerable difficulties. These
challenges must be acknowledged and addressed for
benchmarking to remain a reliable, scalable, and ethically
sound tool in managing and optimizing network
performance.

A fundamental challenge in network performance
benchmarking is ensuring the accuracy and contextual
relevance of collected data. Inconsistent or inaccurate data
undermines the credibility of benchmarking results, leading
to misguided decisions regarding capacity planning, fault
diagnosis, or service quality assessments. One major
contributor to data inaccuracy is the heterogeneous nature of
the sources from which performance data is derived.
Benchmarking tools pull data from multiple origins—
network probes, user devices, synthetic agents, and
monitoring platforms—and each of these sources is subject
to its own limitations in measurement precision and
environmental sensitivity (Akinsooto, De Canha & Pretorius,
2014, Olutade, Potgieter & Adeogun, 2019). For example, a
device-based speed test may reflect local Wi-Fi conditions or
hardware limitations rather than the actual quality of the
broader network. Similarly, signal strength measurements
can fluctuate due to environmental factors such as building
obstructions or weather conditions, resulting in inconsistent
metrics that are not necessarily indicative of systemic
network problems.

Moreover, contextual variability further complicates data
interpretation. Network performance can vary dramatically
depending on the time of day, geographic location, device
type, user mobility, and application usage. A benchmark that
shows excellent performance in a dense urban area during
off-peak hours may not be representative of real-world
performance in rural or peak-time conditions. Aggregating
this data without proper normalization or context-awareness
can produce misleading insights (Ogbuagu, et al., 2022,
Ogunwole, et al., 2022, Onukwulu, et al., 2022). For accurate
benchmarking, performance metrics must be interpreted in
the context of usage scenarios, service expectations, and
environmental variables. However, designing benchmarking
systems that can accurately factor in these variables is
technically challenging and computationally intensive,
especially when dealing with large-scale, real-time datasets.
Another significant limitation in benchmarking is the lack of
standardization across vendors, technologies, and regions.
Different equipment manufacturers often employ proprietary
metrics, measurement methodologies, and reporting formats,
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making it difficult to create a unified benchmarking
framework. For instance, two vendors might report the same
KPI, such as signal quality, using different algorithms or
threshold values, resulting in metrics that are not directly
comparable (Akinade, et al., 2021, Egbuhuzor, et al., 2021,
Onaghinor, et al., 2021). This lack of standardization extends
across geographical regions as well, where regulatory bodies
may have differing definitions of service quality, acceptable
thresholds for key performance indicators, or measurement
protocols. As a result, benchmarking data collected in one
region or network may not be directly applicable or
meaningful in another, limiting its utility for global
comparisons or cross-operator evaluations.

Efforts to establish international standards for benchmarking
have faced numerous obstacles, including market
competition, intellectual property protection, and regulatory
autonomy. Vendors may resist standardization that exposes
performance disparities or limits their ability to differentiate
their offerings. Similarly, service providers may be reluctant
to adopt benchmarking standards that could reveal
weaknesses in their networks. Regulatory fragmentation
further exacerbates this issue, as different jurisdictions
implement varying compliance frameworks and data
submission requirements (Adepoju, et I., 2021, Egbumokei,
et al., 2021, Onukwulu, et al., 2021). Without consistent
standards, benchmarking loses some of its power as an
objective and comparable measurement tool. Achieving
alignment  across  stakeholders—vendors,  operators,
regulators, and standards organizations—is essential but
remains a complex and ongoing challenge.

Scalability is another pressing concern, particularly in the
context of dynamic and virtualized network environments.
With the adoption of cloud-native architectures, software-
defined networking (SDN), and network function
virtualization (NFV), modern telecom networks have become
highly elastic and distributed. Virtual network functions can
be spun up or decommissioned on demand, and network
topologies can change in real time based on traffic patterns,
user behavior, or service needs (Ajayi & Akerele, 2021,
Hassan, et al., 2021, Onukwulu, et al., 2021). While this
agility enhances performance and efficiency, it also
complicates benchmarking. Traditional benchmarking tools,
which were designed for static or semi-static network
infrastructures, often struggle to capture performance data
from transient or containerized network elements.
Benchmarking in dynamic environments requires tools that
can integrate with orchestration platforms, recognize
ephemeral network elements, and adapt to real-time changes
in topology. Collecting, correlating, and interpreting
performance data in such environments is resource-intensive
and demands sophisticated automation, Al, and machine
learning algorithms. Additionally, as networks scale, so does
the volume of benchmarking data, necessitating robust
storage, processing, and analytics capabilities (Hamza,
Collins & Eweje, 2022, Iwuanyanwu, et al., 2022). Without
effective data pipeline management and high-performance
computing resources, benchmarking platforms can quickly
become overwhelmed, leading to delays in insights and
missed opportunities for optimization. Scalability must also
be balanced with cost-efficiency, as deploying high-end
benchmarking systems across every network segment can be
prohibitively expensive for operators, particularly in
emerging markets.
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Privacy concerns related to crowd-sourced data introduce
another layer of complexity in network performance
benchmarking. Crowdsourcing has emerged as a powerful
method for gathering large volumes of real-world
performance data from end-user devices, providing insights
into service quality from the consumer’s perspective.
However, collecting data from personal devices raises serious
privacy and ethical issues. Users may unknowingly share
sensitive information such as location history, browsing
behavior, or device identifiers when participating in crowd-
sourced benchmarking initiatives. Even when data is
anonymized, re-identification risks persist, especially when
datasets are combined or analyzed in ways that reveal user
patterns (Ajiga, Ayanponle & Okatta, 2022, Kanu, et al.,
2022, Ozobu, et al., 2022).

To mitigate these risks, benchmarking platforms must
implement strong data governance policies, including strict
anonymization  protocols, transparent user consent
mechanisms, and compliance with data protection
regulations such as the General Data Protection Regulation
(GDPR) in Europe or the California Consumer Privacy Act
(CCPA) in the United States. However, achieving full
compliance is difficult, especially when data is collected
across multiple jurisdictions with  differing legal
requirements. Operators and benchmarking vendors must
navigate a delicate balance between collecting sufficient data
to generate accurate insights and respecting user privacy and
autonomy (Ogbuagu, et al., 2022, Ogunnowo, et al., 2022,
Okolie, et al., 2022). Additionally, public awareness of data
privacy issues has grown significantly, making consumers
more cautious about participating in data-sharing programs.
This can lead to reduced participation in crowd-sourcing
initiatives, resulting in smaller datasets and potential biases
in benchmarking outputs.

Furthermore, the ethical dimension of crowd-sourced
benchmarking extends beyond privacy. There is a risk that
benchmarking programs could unintentionally favor urban or
tech-savvy user populations, leading to data that
overrepresents certain demographics while excluding others.
Rural users, individuals with older devices, or populations
with limited digital literacy may be underrepresented,
skewing performance assessments and obscuring true service
disparities. Ensuring inclusivity and representativeness in
benchmarking datasets is essential for fair and effective
decision-making (Adepoju, et I., 2022, Ezeafulukwe, Okatta
& Ayanponle, 2022).

In conclusion, while advances in network performance
benchmarking have enabled remarkable improvements in
capacity management and quality assurance, significant
challenges and limitations persist. Issues such as data
accuracy, contextual variability, lack of standardization,
scalability in dynamic environments, and privacy concerns in
crowd-sourced data all hinder the effectiveness and reliability
of benchmarking efforts. Addressing these challenges
requires a coordinated, multi-disciplinary approach involving
technical  innovation, policy reform, stakeholder
collaboration, and user education (Agu, et al., 2022, Balogun,
Ogunsola & Ogunmokun, 2022). Only by confronting these
limitations head-on can benchmarking continue to serve as a
powerful instrument for delivering high-quality, equitable,
and resilient telecommunications services in an increasingly
complex digital landscape.
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2.6 Case studies and industry applications

Network performance benchmarking has evolved from a
reactive diagnostic tool into a critical framework for strategic
decision-making in telecommunications. Across the globe,
operators, regulators, and technology vendors are leveraging
benchmarking to enhance capacity management, assure
service quality, and gain competitive advantages. Through
the analysis of real-world case studies and industry
applications, it becomes evident how benchmarking has been
instrumental in transforming telecom operations and
governance (Adepoju, et I, 2022, Bristol-Alagbariya,
Ayanponle & Ogedengbe, 2022). These applications span a
range of objectives, from internal performance monitoring
and optimization by operators to regulatory enforcement and
vendor accountability. Together, these use cases reflect the
expanding  impact of  benchmarking on  the
telecommunications ecosystem.

One of the most impactful industry applications of
benchmarking is its use by operators to optimize network
performance. Telecommunications service providers,
particularly those operating in competitive markets, have
increasingly relied on benchmarking to understand how their
network is performing in comparison to both internal
expectations and external competitors. For instance,
Vodafone has integrated advanced benchmarking tools
across its European operations to identify performance gaps
and proactively manage capacity (Alonge, et al., 2021,
Chianumba, et al., 2021, Okolie, et al., 2021). By collecting
and analyzing key performance indicators (KPIs) such as
download speed, latency, packet loss, and call drop rates,
Vodafone's operational teams can pinpoint underperforming
cell sites or congested backhaul links and prioritize network
investments accordingly.

In urban areas with high user density, Vodafone’s
benchmarking data revealed pockets of high latency during
peak evening hours. Through continuous monitoring and
benchmarking, the company identified the need for small cell
deployments and spectrum refarming in certain districts.
These optimizations led to measurable improvements in user
experience and reduced customer complaints (Adewoyin,
2021, Daraojimba, et al., 2021, Olutimehin, et al., 2021).
Additionally, Vodafone has applied benchmarking to support
its 5G rollout strategy, identifying optimal sites for new
deployments based on areas where benchmarking data
showed persistent performance issues or elevated user
demand. These operator-led initiatives exemplify how
benchmarking enables precision in capacity planning and
dynamic resource allocation, both of which are essential for
delivering a high-quality, scalable network experience.
Similarly, AT&T in the United States has implemented
benchmarking for real-time performance monitoring using
Al-driven analytics platforms. By integrating benchmarking
into their network operations centers (NOCs), AT&T has
enhanced its ability to perform root-cause analysis and
initiate  predictive maintenance. For example, by
benchmarking historical performance trends, AT&T can
anticipate when a site is likely to experience congestion or
degradation and address the issue proactively before users are
affected (Ajayi & Akerele, 2021, Dienagha, et al., 2021,
Onaghinor, et al., 2021). This application underscores how
benchmarking is increasingly intertwined with automation
and artificial intelligence, transforming how networks are
managed in real-time.
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Beyond individual operators, regulators in several countries
have taken the lead in institutionalizing benchmarking as a
tool for public accountability and policy development. In the
United Kingdom, Ofcom—the national communications
regulator—has developed a robust benchmarking framework
to assess service quality across mobile and fixed broadband
providers. Ofcom regularly publishes performance reports
based on drive testing, crowd-sourced data, and operator
submissions,  covering metrics such as  average
download/upload speeds, network availability, and call
quality (Akinsooto, De Canha & Pretorius, 2014, Olutade,
Potgieter & Adeogun, 2019). These reports are not only used
to inform consumers but also serve as a regulatory tool to
ensure that service providers comply with minimum quality
standards.

In one notable case, Ofcom used benchmarking data to
identify significant disparities in rural broadband service
quality compared to urban areas. By highlighting these gaps,
Ofcom was able to justify public funding initiatives aimed at
rural  broadband expansion and develop policy
recommendations to improve network coverage in
underserved communities. Benchmarking also played a role
in regulatory decisions about spectrum auctions and license
renewals, ensuring that operators meet their coverage
obligations. In doing so, Ofcom has demonstrated how
benchmarking supports evidence-based regulation that
balances market competitiveness with public service
obligations (Akinade, et al., 2021, Egbuhuzor, et al., 2021,
Onaghinor, et al., 2021).

In India, the Telecom Regulatory Authority of India (TRAI)
has implemented a benchmarking and quality of service
(QoS) monitoring system that requires operators to report
performance metrics on a monthly basis. This data is
published on TRAI’s website and includes parameters such
as call setup success rate, call drop rate, and average
throughput. The public availability of this benchmarking data
has had a profound impact on consumer awareness and
industry transparency. Indian consumers often use
benchmarking reports to compare service providers before
switching, thereby influencing market dynamics and pushing
operators to improve performance (Adepoju, et I., 2021,
Egbumokei, et al., 2021, Onukwulu, et al., 2021).

In parallel, benchmarking has become a crucial element in
evaluating vendor performance. As telecom networks
increasingly rely on multi-vendor ecosystems—especially
with the rise of open RAN (Radio Access Network) and
software-defined infrastructure—operators must ensure that
all components and service providers meet rigorous
performance standards. Benchmarking allows for objective,
data-driven comparisons between different vendors, whether
they are providing radio equipment, core network software,
or managed services.

For example, Deutsche Telekom has used comparative
benchmarking to evaluate radio equipment vendors during its
transition to 5G. By deploying test networks in controlled
environments, the company collected detailed benchmarking
data on spectral efficiency, latency, and signal coverage
across various vendors. This data was instrumental in
selecting vendors for large-scale rollouts based on proven,
quantifiable performance rather than solely relying on
contractual or theoretical specifications (Ajayi & Akerele,
2021, Hassan, et al., 2021, Onukwulu, et al., 2021).
Comparative benchmarking also supports service-level
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agreements (SLAs) between operators and vendors,
providing the evidence needed to enforce contract terms or
negotiate improvements.

Another example can be seen in the African context, where
benchmarking has been used by MTN Group to assess vendor
performance across its multi-national operations. Operating
in over 20 countries, MTN relies on benchmarking to
harmonize service quality standards across different
geographies and vendors. Through centralized benchmarking
platforms, the company collects data on vendor-managed
sites and compares them against internally managed ones
(Alonge, 2021, Juta & Olutade, 2021, Olutade, 2021,
Sobowale, et al., 2021). This comparison allows MTN to
identify best practices, standardize procedures, and ensure
that vendor-delivered services align with the company’s
overall quality goals. It also informs procurement decisions
and fosters a culture of continuous improvement.

Moreover, benchmarking is now playing a role in validating
new technologies and deployment models. As operators
introduce network slicing, edge computing, and loT-specific
services, benchmarking is being used to validate the
performance of these innovations in live environments. For
instance, Telefonica has implemented benchmarking tools to
assess the quality of video streaming and low-latency
applications on its 5G standalone (SA) network slices. This
not only helps assure performance but also provides critical
insights into how the new architecture handles real-time
traffic compared to traditional mobile broadband services.
Collectively, these industry applications and case studies
highlight the multifaceted value of benchmarking in today’s
telecom landscape. For operators, it is a tool for continuous
optimization, efficient investment, and improved customer
experience. For regulators, it is a means of ensuring
transparency, compliance, and equitable service delivery. For
vendors, it is a mechanism of accountability and competitive
differentiation (Agho, et al. 2021, Odio, et al., 2021,
Onaghinor, et al., 2021). The convergence of benchmarking
with emerging technologies—such as Al, machine learning,
and real-time analytics—further amplifies its strategic
importance.

However, these benefits are contingent on the integrity,
granularity, and contextual relevance of benchmarking data.
Stakeholders must continue to invest in accurate data
collection, standardization of metrics, and the development
of interoperable benchmarking platforms. Equally important
is the need for inclusive and representative benchmarking
practices that reflect the experiences of all user
demographics—not just those in high-traffic urban centers.
In conclusion, the real-world applications of network
performance benchmarking across operators, regulators, and
vendors demonstrate its essential role in shaping the future of
telecommunications. As networks grow more complex and
user demands continue to rise, benchmarking will remain at
the core of capacity management and quality assurance
strategies, enabling smarter, fairer, and more resilient
connectivity for all.
2.7 Proposed framework for
benchmarking

As network infrastructure continues to evolve with the rapid
deployment of 5G, edge computing, virtualization, and
emerging technologies like 10T, the need for an advanced,
scalable, and intelligent approach to network performance
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benchmarking becomes increasingly critical. Traditional
benchmarking approaches—often reliant on periodic manual
testing and isolated key performance indicators (KPIs)—are
no longer sufficient in the context of hyper-connected,
dynamic, and service-differentiated network environments
(Onukwulu, et al., 2021, Owobu, et al., 2021, Sobowale, et
al., 2021). To meet the increasing demands of capacity
management and quality assurance, there is a need for a next-
generation benchmarking framework that integrates artificial
intelligence (Al), leverages automation and real-time
feedback loops, and adopts unified standards along with user-
centric metrics. This proposed framework aims to transform
benchmarking from a passive evaluation tool into a proactive,
self-optimizing, and customer-focused strategy for network
performance management.

The foundation of this framework lies in the integration of Al
into the benchmarking ecosystem. AI’s ability to process
massive volumes of data, identify patterns, detect anomalies,
and predict future events in real time presents a
transformative opportunity for telecom operators. Instead of
relying solely on static measurements and post-event
diagnostics, Al-integrated benchmarking systems can
continuously monitor the network across all layers—from
radio access to the core, to the edge and application levels—
and generate insights that support instant decision-making
(Onukwulu, et al., 2021, Otokiti, et al., 2021, Owobu, et al.,
2021). Machine learning algorithms can be trained on
historical benchmarking data to recognize trends that
typically precede service degradation or network congestion.
As a result, operators can predict issues before they impact
users and implement preemptive solutions, such as load
balancing, traffic rerouting, or virtual function scaling.

An Al-driven benchmarking framework also supports
context-aware performance evaluation. In modern networks,
the performance expectations for each user or service vary
depending on the application, device, location, and time of
day. For example, a user streaming video during peak hours
in a high-density urban area has different performance
requirements than an loT sensor transmitting small data
packets in a rural zone (Austin-Gabriel, et al., 2021, Isi, et al.,
2021, Oladosu, et al., 2021). Al enables benchmarking
systems to dynamically classify these use cases and evaluate
performance relative to expected outcomes rather than rigid
thresholds. This level of intelligence ensures that the network
is not only technically optimized but also aligned with the
practical needs and experiences of users.

The second pillar of the proposed framework involves
automation and the development of closed-loop feedback
systems. As networks grow in complexity, manual
intervention becomes increasingly inefficient and prone to
delay or error. Automation, when coupled with
benchmarking, enables networks to autonomously detect
performance anomalies and take corrective action without
human intervention. In a closed-loop feedback system,
benchmarking insights are directly fed into the network
management and orchestration platforms, triggering
automated responses such as reallocating spectrum,
reconfiguring virtual network functions, or activating
standby infrastructure (Abisoye & Akerele, 2021, ke, et al.,
2021, Oladosu, et al., 2021). These systems continuously
learn from each response, refining the benchmarks used for
decision-making and improving the accuracy and
effectiveness of future actions.
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Closed-loop benchmarking ensures that quality assurance
and capacity management become dynamic processes.
Instead of relying on fixed measurement schedules and
periodic reports, networks can self-monitor and self-heal in
real time. This is especially important in cloud-native and
software-defined environments, where network components
can be rapidly instantiated, modified, or decommissioned.
For example, if benchmarking data indicates an increase in
jitter and latency on a particular slice of a 5G network serving
autonomous vehicles, the system can immediately scale up
edge resources or prioritize that slice’s traffic to maintain the
required performance (Alonge, et al., 2021, Isi, et al., 2021,
Ojika, et al., 2021). Similarly, if crowd-sourced
benchmarking data reveals that users in a specific location are
experiencing degraded video quality, the system can reassign
traffic or adjust radio parameters to restore service levels.
To function effectively across diverse vendors, technologies,
and geographies, the next-generation benchmarking
framework must also be underpinned by unified
benchmarking standards and user-centric metrics. One of the
longstanding challenges in telecom benchmarking has been
the lack of standardization. Different operators and vendors
often use proprietary metrics and definitions, making it
difficult to compare performance across platforms or align on
global performance targets (Akinsooto, Pretorius & van
Rhyn, 2012, Olutade, 2020, Oyedokun, 2019). A unified
approach would involve the adoption of open standards for
benchmarking KPIs, methodologies, and data reporting
formats. This would enable greater interoperability,
transparency, and collaborative innovation across the
industry.

Organizations such as the ITU, ETSI, and 3GPP have laid the
groundwork for performance measurement standards, but
more work is needed to harmonize these efforts and ensure
widespread adoption. Unified standards would not only
simplify benchmarking across heterogeneous network
environments but also support regulatory oversight and
industry benchmarking reports. It would allow regulators to
enforce performance benchmarks more effectively and give
consumers confidence in the validity of published data
(Adeleke, lgunma & Nwokediegwu, 2021, Ogunnowo, et al.,
2021).

In addition to technical standardization, the proposed
framework emphasizes the importance of user-centric
metrics. While traditional benchmarks such as latency, packet
loss, and throughput remain essential, they do not always
reflect the actual experience of the end user. The framework
proposes expanding benchmarking metrics to include Quality
of Experience (QoE) indicators, which measure how users
perceive the performance of specific applications such as
video streaming, voice calls, web browsing, and cloud
services. These user-focused metrics can be gathered through
passive monitoring, synthetic testing, and direct user
feedback mechanisms.

Furthermore, benchmarking systems should be capable of
segmenting performance data by user type, device,
application, and context. For example, the network
experience of enterprise users using virtual private networks
or real-time collaboration tools should be benchmarked
separately from consumer users engaged in casual browsing
or streaming. This granularity helps operators tailor their
network optimization strategies and service level agreements
(SLASs) to the specific requirements of different customer
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segments (Abisoye & Akerele2022, Bristol-Alagbariya,
Ayanponle & Ogedengbe, 2022).

Another important component of the framework is the
transparency and democratization of benchmarking data. In
the next generation, benchmarking systems should support
controlled data sharing with stakeholders such as regulators,
enterprise customers, and even end-users, using secure and
privacy-compliant mechanisms. Enterprise clients may use
benchmarking dashboards to monitor SLA compliance, while
regulators can use benchmarking data to verify operator
performance and policy impact. Making benchmarking data
more accessible and understandable can also increase public
trust and encourage healthy competition among service
providers.

The implementation of this comprehensive framework will
require significant investment in infrastructure, analytics
capabilities, workforce training, and industry collaboration.
Operators will need to integrate benchmarking tools more
deeply into their network management systems and develop
cross-functional teams that bridge engineering, analytics,
customer support, and business strategy (Hamza, Collins &
Eweje, 2022, lwuanyanwu, et al., 2022). Vendors will need
to design equipment and software that support standardized
benchmarking outputs and interoperate with Al and
automation platforms. Regulators will need to align their
measurement policies with global standards while ensuring
that data privacy and security are rigorously maintained.

In conclusion, the proposed framework for next-generation
benchmarking represents a shift from fragmented, reactive
practices to an intelligent, automated, and user-focused
ecosystem. By integrating Al, enabling automation with
closed-loop feedback, and adopting unified standards and
QoE-based metrics, telecom providers can not only manage
capacity and assure quality more effectively but also align
network performance with evolving user expectations and
regulatory requirements (Ajiga, Ayanponle & Okatta, 2022,
Kanu, et al., 2022, Ozobu, et al., 2022). As digital services
continue to become more central to daily life, education,
healthcare, and business, the importance of reliable,
intelligent, and equitable benchmarking systems will only
continue to grow. The framework outlined here provides a
roadmap for achieving that vision and ensuring that telecom
networks remain resilient, responsive, and ready for the
future.

3. Conclusion

Advances in network performance benchmarking for
capacity management and quality assurance have
transformed how telecommunications networks are
monitored, optimized, and sustained. The shift from static,
reactive methodologies to dynamic, intelligent systems has
enabled service providers to better understand real-time
network conditions, anticipate capacity challenges, and
deliver high-quality, user-centric services. Through the
integration of Al, automation, and contextual performance
metrics, benchmarking has evolved into a critical enabler of
operational efficiency, customer satisfaction, and strategic
network planning. Whether applied in mobile, fixed, cloud-
native, or edge environments, modern benchmarking
practices now underpin every stage of network lifecycle
management—from deployment to maintenance and service
innovation.

The comprehensive application of benchmarking has
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demonstrated its value across various use cases, including
traffic forecasting, resource allocation, root-cause analysis,
regulatory compliance, SLA enforcement, and vendor
evaluation. Operators leverage benchmarking to fine-tune
their infrastructure, regulators use it to uphold public
standards, and vendors rely on it to demonstrate technical
superiority. At its core, benchmarking provides a clear, data-
driven foundation for ensuring that network performance
aligns with both technical goals and user expectations. As
user demands increase and digital services become more
embedded in daily life, the importance of robust
benchmarking frameworks cannot be overstated.

To build on these advancements, telecom stakeholders should
adopt a holistic and collaborative approach. Operators must
prioritize the integration of benchmarking into their network
operations, ensuring interoperability with Al, automation
systems, and customer experience platforms. Investments in
workforce training, predictive analytics, and unified
benchmarking tools will further enhance responsiveness and
resilience. Vendors should adhere to standardized
benchmarking protocols and embed transparent performance
reporting into their solutions, facilitating multi-vendor
coordination. Regulators, in turn, should champion
harmonized measurement standards, promote benchmarking
transparency, and support innovation through policy that
balances performance accountability with flexibility.
Looking ahead, future research and implementation should
focus on expanding benchmarking coverage across emerging
technologies such as network slicing, quantum
communication, and 6G. Emphasis must also be placed on
advancing privacy-preserving benchmarking techniques,
improving benchmarking inclusivity in underserved areas,
and embedding benchmarking into closed-loop network
automation systems. By advancing these priorities,
stakeholders can ensure that benchmarking continues to drive
reliable, adaptive, and user-driven network ecosystems
capable of supporting the complex digital demands of
tomorrow.
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