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ABSTRACT
This doctoral thesis addresses the high energy costs in 5G and beyond networks by focusing on
Baseband Units (BBUs) - essential components that handle signal processing that often waste
energy when traffic is low. Using real mobile network datasets from multiple sites, it develops
accurate traffic-prediction models that capture both short-term spikes and long-term usage
patterns. The research designs and tests a novel framework called PESBiU (Predictive Energy
Saver for Baseband Units). It integrates advanced machine learning (CNN-LSTM) for traffic
prediction with reinforcement learning algorithms (such as DQN and DDDQN) to determine
when to switch BBUs to lower-power states without degrading service quality. The results show
up to 40% reduction in BBU energy consumption, while keeping user throughput and latency
within acceptable limits. By comparing multiple approaches-static rules, threshold methods,
and different RL variants - the thesis underscores the importance of robust traffic forecasting
and real-time adaptive control. Practical fallback and hybrid strategies further strengthen
reliability under rapidly changing conditions. The findings emphasize the potential of AI-
driven, data-focused methods for optimizing energy consumption in cellular networks. They
also provide a stepping stone for operators and researchers to scale these techniques, addressing
both environmental sustainability and the growing demands of 5G+ communications.
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Sleep Mode, Quality of Service (QoS), Dynamic Resource Allocation

ABSTRAKT
Tato disertační práce se zabývá vysokými energetickými náklady v sítích 5G a budoucích ge-
nerací, se zameřením na základnové jednotky (BBU), které jsou klíčovými komponentami
zajišťujícími zpracování signálu, avšak při nízkém provozu často zbytečně spotřebovávají ener-
gii. Na základě reálných dat z mobilních sítí z několika lokalit jsou navrženy přesné modely
pro predikci provozu, které zachycují jak krátkodobé špičky, tak dlouhodobé vzorce. Výzkum
představuje nový rámec s názvem PESBiU (Predictive Energy Saver for Baseband Units),
který kombinuje pokročilé strojové učení (CNN-LSTM) pro predikci provozu s algoritmy zpět-
novazebního učení (např. DQN a DDDQN) pro rozhodování, kdy přepínat BBU do úsporných
režimů bez zhoršení kvality služeb. Výsledky ukazují úsporu energie až o 40% při zachování
přijatelných hodnot propustnosti a latence. Srovnáním různých přístupů - statických pravidel,
metod s prahovými hodnotami a různých variant RL - práce zdůrazňuje význam robustní pre-
dikce provozu a adaptivního řízení v reálném čase. Praktické záložní mechanismy a hybridní
strategie dále zvyšují spolehlivost při rychle se měnících podmínkách. Závěr podtrhuje poten-
ciál metod založených na umělé inteligenci a práci s daty pro optimalizaci spotřeby energie
v mobilních sítích. Výsledky zároveň poskytují základ pro další škálování těchto technik ze
strany operátorů a výzkumníků - směrem k udržitelnějším a výkonnějším sítím 5G+.
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1 Introduction
Artificial intelligence (AI) is transforming many aspects of communication engineering,
particularly as networks evolve to accommodate rapidly increasing data demands. The
complexities of 5G and beyond (5G+) networks and emerging 6G technologies call for so-
lutions that can efficiently manage resources while preserving service quality. Against this
backdrop, this thesis investigates how AI-aided approaches can be leveraged to optimize
operational efficiency and sustainability in the Radio Access Network (RAN), focusing on
practical implementations and robust evaluations with real-world data.

This thesis explores established conceptual and methodological frameworks [1], ex-
panding them with additional experimental evidence and advanced algorithms. By inte-
grating granular data-driven analysis, novel traffic prediction models, and reinforcement
learning (RL) techniques, the aim of this research is to advance energy-saving measures
for underexplored network components. Each chapter addresses a vital facet of such
components, from data collection and analysis to the design and validation of AI-aided
frameworks, culminating in contributions that push the boundaries of intelligent energy
management in modern telecommunications.

The findings documented in this thesis not only underscore the promise of next-
generation network architectures but also emphasize the feasibility of deploying AI-based
optimizations at scale. Through iterative experimentation, simulation, and comparative
analysis, this thesis illustrates how intelligent techniques can adapt to diverse traffic con-
ditions, mitigate energy consumption, and ensure resilience in operational environments.
Ultimately, this research seeks to provide both a theoretical foundation and a practical
pathway for network operators and academic researchers striving to meet future connec-
tivity challenges in a sustainable manner.

1.1 Context and Rationale

Energy consumption by AI is a major topic of discussion highlighting a need for sustain-
able solutions. Likewise, efficient management has become a strategic priority in modern
mobile communications, particularly as the radio access segment continues to dominate
the overall power consumption profiles in cellular networks [2]. Baseband Units (BBUs)
handle computationally intensive signal processing tasks, such as wide-bandwidth oper-
ations and advanced technologies (e.g. massive Multiple-input multiple-output(MIMO)),
thereby driving their energy consumption disproportionately high. Although they typi-
cally account for about 10–20% of a base station’s total consumption, the air conditioning
of these devices represents 40% of total power consumption, and yet BBUs are less ex-
plored in energy optimization research compared to other network components, creating
an important yet under-addressed challenge [3].

Conventional energy-saving methods, often built on static heuristics, can falter when
confronted with shifting usage patterns, adversely affecting Quality of Service (QoS).
Consequently, there is a growing imperative to develop adaptive solutions that respond
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dynamically to network changes. Recent advances in AI and machine learning (ML) un-
derscore their potential to enable predictive management of BBUs [4], providing both
transparency in decision-making [5, 6] and responsiveness to real-time traffic conditions.
In light of the above, the present research examines how AI-aided techniques can substan-
tially reduce BBU energy consumption while preserving critical performance benchmarks
- thereby offering actionable insights for both academic research and real-world deploy-
ments in evolving 5G+ networks.

1.2 Research Objectives

Building on the challenges and rationale outlined above, this thesis aims to address energy
efficiency and operational optimization of 5G+ networks using advanced intelligent tech-
niques. The objectives are rooted in leveraging real-world datasets, exploring predictive
models, and implementing innovative approaches to improve network performance and
sustainability. The primary research objectives are as follows:

1. Data-Driven Traffic Prediction:
• Utilize real-world datasets to predict traffic patterns, leveraging ML models

such as Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU).
• Analyze the effectiveness of hybrid datasets in improving the accuracy of traffic

volume predictions across diverse network environments.
2. Comprehensive Dataset Analysis and Utilization:

• Analyze two distinct datasets: a long-term dataset covering hourly metrics
from multiple sites and a granular dataset capturing high-frequency data at
15-minute intervals.

• Identify and address challenges in combining heterogeneous datasets, including
interpolation and scaling issues, to enhance prediction accuracy.

3. Energy Consumption Optimization for BBUs:
• Enhance and evaluate predictive algorithms to minimize energy consumption

of BBUs, focusing on dynamic resource allocation and sleep mode transitions
without compromising network performance.

• Implement, create and compare reinforcement learning techniques, including
Deep Q-Network (DQN), Dueling Double DQN (DDDQN), and Advantage
Actor Critic (A2C), to enhance decision-making for energy management.

• Develop hybrid models combining multiple AI-aided approaches, such as su-
pervised learning, reinforcement learning, and transfer learning, to address
complex optimization problems in 5G+ networks.

4. Integration, Validation and Practical Deployment:
• Design framework and test energy-efficient algorithms for centralized architec-

tures like Cloud Radio Access Networks (C-RAN).
• Evaluate the impact of virtualization and dynamic resource management on

energy consumption reduction using numerical simulations and performance
metrics.

Through the above research objectives, this thesis aims to broaden the understanding
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of integrating AI-aided techniques into modern telecommunication networks, that address
both theoretical and practical aspects of energy efficiency and network optimization.

1.3 Structure of the Thesis

Each chapter of this thesis addresses important aspects of research on optimizing 5G+
network efficiency using intelligent techniques.

The present chapter 1 outlines the context and rationale of the research, emphasizing
the growing demands on network infrastructure, in particular in terms of energy efficiency
in 5G+ networks. It also sets forth the research objectives and provides the methodology
used.

Chapter 2 provides a review of 5G network technologies, focusing on their architecture,
energy efficiency strategies, and the role of AI-aided techniques in network optimization.
It establishes the core concepts or fundamental principles that are necessary for the sub-
sequent chapters.

Chapter 3 focuses on data collection and analysis. The chapter details the primary
and secondary datasets used, highlights key metrics such as traffic volume and energy
consumption, and describes the development of ML models (Stage 1) for traffic prediction
and performance evaluation.

Chapter 4 presents AI-aided solutions for managing energy consumption in Baseband
Units (BBUs). It introduces the Predictive Energy Saver for Baseband Units (PESBiU)
framework and evaluates several algorithms (Stage 2), including reinforcement learning
techniques, for optimizing energy usage.

Finally, chapter 5 provides a detailed analysis of the results, comparing various al-
gorithms’ performance in energy efficiency, latency reduction, and overall network opti-
mization. It also discusses the broader implications of the findings and the potential for
hybrid model integration.

Each chapter builds on the previous one, presenting a cohesive and logical progression
through the research. Together, they aim to provide a comprehensive understanding
of how AI-aided technology can transform the optimization of 5G network performance
and energy efficiency.

The Conclusion summarizes the key findings of the research, evaluates the effectiveness
of the proposed approaches, and offers recommendations for future research on 5G+
network optimization.
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2 Technology Overview of 5G+ Networks
Innovations in 5G+ networks drive improvements in mobile communications by intro-
ducing advanced architectures, hardware, and AI-based optimization techniques. This
chapter examines how technologies like C-RAN, energy-saving strategies, and dynamic re-
source management contribute to enhanced performance and sustainability. This chapter
outlines the key technological advancements and deployment challenges of next-generation
networks.

2.1 Overview of 5G Network Technologies

The initial vision for 5G networks promised significant advancements in wireless commu-
nication, including enhanced mobile broadband (eMBB), ultra-reliable low-latency com-
munications (URLLC), and massive machine-type communications (mMTC). These were
expected to enable next-generation applications such as augmented reality (AR), vir-
tual reality (VR), autonomous vehicles, and large-scale Internet of Things (IoT) deploy-
ments [7]. However, in practice, the widespread rollout of 5G has faced several limitations,
including the high cost of infrastructure, limited real-world improvements over 4G LTE
in many areas, and ongoing challenges in spectrum efficiency and energy consumption.

While 5G does provide some improvements in network capacity and lower latency, its
real-world impact has been more incremental than transformative. eMBB enables higher
data rates, supporting applications like HD streaming and cloud gaming, but the actual
user experience often depends on deployment density and available spectrum [8]. URLLC,
which was expected to revolutionize mission-critical applications like remote surgery and
autonomous driving, has struggled due to inconsistent latency performance outside con-
trolled environments [9]. Similarly, mMTC has yet to deliver its full potential, with
IoT adoption still largely relying on existing 4G LTE and LPWAN technologies such as
NB-IoT and LoRa [10].

From a technical perspective, 5G integrates multiple advancements, but each comes
with trade-offs. Millimeter-wave (mmWave) frequencies provide high bandwidth but suf-
fer from short-range coverage and significant propagation loss, making widespread de-
ployment expensive and impractical outside urban areas [11]. Massive MIMO improves
spectral efficiency but significantly increases power consumption [12]. Network slicing en-
ables flexible resource allocation, but its real-world implementation has been slower than
anticipated due to operational complexities and interoperability issues [13]. As the in-
dustry moves forward, the focus is shifting beyond 5G and towards 6G, where AI-driven
network optimization, improved energy efficiency, and more adaptive architectures will
play a key role [5].

Nevertheless, 5G network architecture was designed to be highly flexible and effi-
cient, comprising the Radio Access Network (RAN), the Core Network (5GC), and the
Transport Network. The 5G RAN includes New Radio (NR) interfaces and technologies
that enhance connectivity and coverage through advanced techniques like beamforming
and carrier aggregation, improving signal quality and data rates [14]. The 5GC employs
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a Service-Based Architecture (SBA) with a cloud-native design, providing greater flexi-
bility, scalability, and efficient resource management [15].

Energy efficiency is a critical consideration in 5G+ network design and deployment.
The increasing number of connected devices and higher data rates necessitate efficient
energy management to ensure sustainable network operations. Advanced sleep modes for
base stations and network components allow them to enter low-power states during peri-
ods of low traffic, significantly reducing energy consumption [16]. Additionally, intelligent
resource management and dynamic adjustment of transmission power, guided by machine
learning algorithms, optimize energy usage based on network conditions [17]. Edge com-
puting and network slicing aim to further contribute to energy efficiency by reducing the
need for long-distance data transmission and enabling localized processing, thus lowering
latency and energy consumption [12].

Despite the numerous advantages, 5G+ technology faces challenges that need to be
addressed. Spectrum availability remains a critical issue, requiring efficient management
and sharing strategies to utilize available spectrum effectively [18]. The high infrastruc-
ture costs associated with deploying current 5G, particularly in urban areas, necessitate
innovative financing models and cost-effective deployment strategies [19].

In conclusion, current 5G network technology offers advancements in speed, capacity,
and reliability, enabling a wide range of new applications and services. However, to fully
realize the potential of 5G+, continuous research and development efforts are essential
to enhance network performance, expand coverage, and address the existing challenges.

2.2 Overcoming Key Limitations for 5G+ Network Efficiency

Although 5G introduced speed and capacity enhancements, real-world deployment has
exposed critical inefficiencies. The shift towards 5G+ networks highlights the need for in-
telligent resource management, energy optimization, and seamless integration with legacy
systems. This section examines the key challenges that hinder 5G’s full potential and
outlines strategies essential for making 5G+ truly effective.

Energy Consumption

One of the primary challenges in 5G networks is managing the energy consumption of net-
work components, particularly the BBUs and RRUs [2]. As 5G networks support a massive
number of devices and higher data rates, the energy demand increases significantly [3].
Traditional methods of energy management are inadequate for the dynamic and dense
environments of 5G. This issue is expected to intensify further with the advent of 6G
networks, which will introduce even more demanding use cases, such as holographic com-
munications and pervasive AI-driven applications, requiring significantly higher energy
efficiency strategies to ensure sustainable operations. Advanced strategies, such as em-
ploying ML for predictive energy saving, are necessary to reduce energy consumption
without compromising performance [20, 21]. For instance, energy-efficient strategies for
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BBUs and RRUs based on mixed statistical models have proven to be promising in re-
ducing power consumption [22].

The shift to centralized architectures such as Cloud Radio Access Networks (C-RAN)
introduces complexities but also enhances energy efficiency [23]. In C-RAN, BBUs are
pooled together to serve multiple RRUs, which can lead to significant energy savings
through centralized processing, see Fig. 2.1. In this way, BBUs allow dynamic resource
allocation based on traffic demands [22]. However, the dynamic allocation of resources
and the need for real-time energy management require sophisticated algorithms. Delay-
aware energy-saving strategies, which consider both the processing delay and the energy
consumption, have been envisaged to address these challenges effectively [22].

Fig. 2.1: Cloud Radio Access Network (C-RAN) architecture

Latency and Reliability

Achieving URLLC is another critical challenge. Applications such as autonomous driving,
remote surgery, and industrial automation demand extremely low latency and extremely
high reliability [24,25]. The inherent variability in wireless communication environments,
coupled with the need for seamless handovers and real-time data processing, makes it
difficult to consistently meet these stringent requirements. Innovative approaches, such as
edge computing and advanced network slicing, are being explored to bring computational
resources closer to the user, thereby reducing latency [13].

Network Management

The increased complexity of 5G+ networks, characterized by heterogeneous network ele-
ments and dense deployments, requires advanced management techniques. Dynamic and
flexible management strategies are required to handle varying traffic loads and ensure
QoS. AI-aided technologies are playing an increasingly important role in optimizing these
processes, providing predictive insights and automated adjustments based on real-time
network conditions [26].

Heuristic-assisted deep reinforcement learning (DRL) has been shown to be effective
in optimizing BBU aggregation in C-RAN, ensuring both energy efficiency and QoS.
By leveraging AI techniques, these solutions can dynamically adjust resources in response
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to changing network conditions, thereby maintaining optimal performance [26]. More-
over, monitoring tools and methodologies, like the netcalculator developed by the Czech
Telecommunications Office, contribute to evaluating and optimizing network capacity and
performance, ensuring that management decisions are based on accurate and comprehen-
sive data [27].

Network Resource Utilization and Optimization

Efficient utilization of network resources, bandwidth, and infrastructure is essential for the
successful deployment and operation of 5G networks. In a 5G environment, optimizing
the allocation of resources involves a comprehensive approach that addresses capacity
planning and infrastructure enhancements. Effective capacity planning ensures that the
network can meet current demands while being scalable for future needs. By predicting
user behavior and traffic patterns, network operators can allocate resources strategically
to avoid congestion and ensure seamless service delivery [27].

Bandwidth optimization involves not only managing the available spectrum efficiently,
but also implementing technologies such as carrier aggregation [28], massive MIMO, and
beamforming to maximize data throughput. These technologies enable the network to
support higher data rates and more users simultaneously by utilizing the spectrum more
effectively. Additionally, network slicing allows for the creation of virtual networks tailored
to specific applications, ensuring that critical services receive the necessary bandwidth and
resources without interference from other traffic [13].

Infrastructure optimization focuses on enhancing the physical and logical components
of the network to improve performance and reduce costs. This includes upgrading hard-
ware components such as base stations and routers, as well as implementing software-
defined networking (SDN) and network functions virtualization (NFV) to create a more
flexible and programmable network environment [29]. By decoupling the network func-
tions from the underlying hardware, SDN and NFV enable more efficient management
and scaling of network resources [30].

Overall, the combination of strategic capacity planning, bandwidth optimization, and
infrastructure enhancement creates a robust framework for optimizing network resources.
These efforts ensure that the network can handle increased traffic demands, provide high-
quality service, and adapt to future technological advancements and user needs.

Interoperability and Integration with Legacy Systems

The transition to 5G and even to 5G+ involves integrating new technologies with existing
4G and legacy systems, which presents significant challenges. Ensuring seamless interop-
erability and backward compatibility is crucial for a smooth transition and widespread
adoption of 5G. This integration requires upgrades to existing infrastructure, which can
be costly and complex. Additionally, maintaining consistent performance across different
network generations and technologies necessitates robust management frameworks and
protocols [23].
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Virtualized BBU pools in C-RAN environments facilitate the integration of 5G with
legacy systems by providing flexible and scalable processing resources. These pools can
dynamically allocate resources to different network generations, ensuring consistent per-
formance and efficient resource utilization [22,23,23].

In conclusion, while 5G networks offer substantial improvements over previous gen-
erations, achieving optimal network efficiency requires overcoming significant challenges.
Energy management, latency reduction, effective network management, spectrum utiliza-
tion and integration with legacy systems are critical areas that need continuous innovation
and improvement. Addressing these challenges is essential for the successful deployment
and operation of 5G networks, enabling them to meet the evolving demands of mod-
ern applications and services. However, due to the inherent complexity and broad scope
of these challenges, this thesis focuses specifically on energy efficiency. By narrowing its
scope, it aims to deliver in-depth insights and practical solutions for optimizing energy us-
age, recognizing that comprehensively addressing all identified issues exceeds the thesis’s
capacity.

2.3 Energy Efficiency in Current 5G Networks

Energy efficiency is an essential concern in 5G networks due to the significant increase
in data traffic and the need for sustainable operations. This section discusses the energy
efficiency strategies in both BBUs and RRUs, which are indispensable components of 5G
infrastructure and which are responsible for most of the energy consumption.

2.3.1 Baseband Units (BBUs)

BBUs are critical components in cellular networks, responsible for processing baseband
signals and managing communication between the radio network and the core network.
In 4G, BBU worked as one unified unit that was connected with RRU with fronthaul con-
nection and when deployed, the BBU+RRU were optimized for throughtput and capacity
in the network. Typically, it was deployed with purpose-build, pre-packaged hardware
and sotware, which limited deployment options in many ways and created long upgrade
cycles. With 5G, there is the option to break BBUs unit functions into more manage-
able components: Distributed Unit (DU) and Control Unit (CU) with open interfaces,
which open the midhaul interface (between DU and CU) allowing different vendors to
provide and integrate DU and CU components. This means operators can mix and match
equipment from various manufacturers, such as Nokia, Ericsson, and Huawei, to optimize
performance and cost-efficiency in their networks. This option for BBUs is in Fig. 2.2 [1].

This disaggregation and initiative from O-RAN alliance (Open-RAN) allow us to con-
sider different possibilities in this field [31]. More intelligent, virtualized and interoperable
RAN means that the software is independent from the hardware it runs on.

The CU and DU work together to manage user traffic and signaling in modern cellu-
lar networks, each with specific responsibilities that optimize performance and security.
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(a) Old 4G version of BBU (b) Separate 5G BBU functions

Fig. 2.2: Changes in BBUs with 5G technologies

The CU primarily handles IP data and QoS management, ensuring that user traffic is se-
curely and efficiently processed. It also manages the signaling for the RAN, coordinating
essential communication protocols between UE and the core network to maintain seam-
less connectivity. Security functions at the CU level protect data across various network
layers, providing a safe experience for users [1].

On the other hand, the DU is responsible for real-time network operations that are
crucial for maintaining performance and data integrity. It handles retransmissions to
reduce data loss, and to ensure reliable communication, and oversees scheduling, which
allocates network resources effectively to balance data flow. Additionally, the DU maps
data to the air interface, enabling efficient radio transmission to the UE. However, even
in some 5G deployment options, the CU and DU can still be aggregated together to do
the same process in one unit.

In C-RAN, the centralization enables more efficient use of processing power and facil-
itates the implementation of advanced energy-saving techniques. But there are still some
challenges: BBU usually must be located less than 15km from the RRU, so the delay is
less than 100 µs by fiber run [1].

Energy Consumption Patterns

With the advent of 5G networks, the energy efficiency of BBUs has also become increas-
ingly important due to higher data rates, increased number of connected devices, energy
prices and the need for more complex signal processing. This section examines energy
consumption patterns, and discusses current optimization techniques aimed at enhancing
energy efficiency.

While BBUs typically account for about 10-20% of a base station’s total energy con-
sumption, their energy demands have increased with the advent of 5G networks [3]. Ac-
cording to Whitepaper [32], current BBUs are increasingly being virtualized to enable
flexible and scalable cloud-based RAN deployments. However, such virtualization, de-
spite its operational benefits, can lead to higher power consumption due to the inherent
inefficiencies of general-purpose servers compared to dedicated hardware. As future net-
work generations (5G+ and 6G) demand even more advanced digital processing capabili-
ties, virtualized BBU energy consumption is likely to further increase, making it essential
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to investigate strategies for achieving better BBU energy efficiency.
Moreover, recent literature supports this observed trend. The study “Experimental

Evaluation of Power Consumption in Virtualized Base Stations” [33] presents detailed
measurements of CPU power use, clearly showing that BBU power consumption increases
significantly with the introduction of 5G virtualization technologies. The NGMN Alliance
Whitepaper [34], “Metering in Virtualised RAN Infrastructure”, further emphasizes this
challenge by showing how power consumption scales notably with increased network loads
in virtualized BBUs. The documented growth in energy demand highlights a practical
concern: without targeted improvements in energy efficiency, the operational costs and
environmental impacts of future 5G+ and 6G networks will rise significantly.

The energy consumption patterns of BBUs are influenced by various factors, including
traffic load and operational states (active, idle, or sleep modes). During peak traffic peri-
ods, BBUs operate at full capacity, consuming the maximum amount of energy due to the
high processing demands. Conversely, during off-peak periods, the energy consumption
can be reduced by transitioning BBUs into lower power states. However, the ability to
efficiently manage these transitions is critical to maintaining overall network performance
and energy efficiency.

The introduction of 5G technologies has further complicated the energy consumption
patterns of BBUs. The need to support higher data rates, increased user density, and
more complex signal processing algorithms has led to a substantial increase in the power
requirements of BBUs. Furthermore, the use of higher frequency bands in 5G, such as
mmWave frequencies, requires more power-intensive signal processing techniques, further
exacerbating the energy consumption challenges [35].

2.3.2 Remote Radio Units (RRUs)

RRUs are another critical component of 5G networks, responsible for transmitting and
receiving radio signals to and from user equipment. The energy efficiency of RRUs is
vital for the overall sustainability of the network. This section examines the architecture
and functionality of RRUs, their energy consumption patterns, and current optimization
techniques.

RRUs are deployed at cell sites and connected to BBUs, forming the radio part
of the network. The architecture of RRUs includes power amplifiers, transceivers, an-
tennas, and various signal processing components. RRUs handle the conversion of digital
signals from BBUs into radio signals and vice versa, enabling wireless communication
with user equipment. The functionality of RRUs involves transmitting and receiving data
packets, managing signal modulation and demodulation, and ensuring efficient use of the
radio spectrum. RRUs are designed to support multiple frequency bands and advanced
technologies such as massive MIMO, which enhances the capacity and coverage of the net-
work [4].

Possibility to split the RAN functions into the RU, DU, and CU (and possibly CU-
User Plane (UP) and CU-Control Plane (CP)) gives the network operator a great deal
of flexibility to deploy more intelligent functions to meet service and RAN performance
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needs. Since the CU-CP does not have strict latency requirements, it can be centralized
for resource sharing across many cells [1]. This benefit - the resource sharing across
multiple cells - is sought in this thesis. The deployment examples are shown in Fig. 2.3.

Fig. 2.3: Deployment examples for split RAN

Example 1, in Fig. 2.3, is unsplit 5G BBU leveraging existing 4G infrastructure. Exam-
ple 2 optimizes the trade-off between round trip delay and efficient RAN resource sharing
across multiple sites by strategically distributing processing functions. This approach
ensures that latency remains within acceptable limits while allowing resource pooling,
leading to improved spectral efficiency and cost savings, which is the case we consider for
the real deployment of our solution. Example 3 achieves the best round-trip delay per-
formance and requires the least transport bandwidth by keeping the DU colocated with
the Radio Unit (RU) at the cell site while centralizing the CU and 5GC in the central-
ized cloud. This reduces fronthaul constraints, as midhaul transmission is more efficient,
leading to lower overall latency. Also it minimizes the need for data transmission over
fronthaul and midhaul links, reducing latency and dependency on high-capacity transport
networks [1]. Our solution can be applied here as well.

Energy Consumption Patterns

The energy consumption of RRUs is influenced by several factors, including transmission
power, signal processing requirements, and operational states. During peak usage times,
RRUs consume more power due to the increased demand for data transmission and recep-
tion. Conversely, during off-peak times, there is potential to reduce energy consumption
by transitioning RRUs into lower power states. In 5G networks, the need for higher data
rates and increased user capacity has led to a significant rise in the energy consumption
of RRUs. Moreover, advanced technologies such as massive MIMO, while improving net-
work performance, also contribute to higher energy usage due to the increased number
of antennas and associated signal processing tasks [4].

2.3.3 Current Optimization Techniques for BBUs and RRUs

In 5G networks, both BBUs and RRUs play an essential role in ensuring high data rates
and reliable connectivity. However, these components also account for a significant portion
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of the network’s energy consumption. Over the years, various optimization strategies
have been proposed to reduce their power usage without compromising performance.
The following techniques highlight current approaches for improving the energy efficiency
of BBUs and RRUs:

• Dynamic Resource Allocation (primarily for BBUs): Dynamic resource al-
location involves adjusting the processing resources of BBUs in real-time based on
the current traffic load and network conditions. By dynamically scaling the com-
putational resources allocated to different tasks, BBUs can operate more efficiently
during periods of low demand, thereby reducing energy consumption. This tech-
nique is particularly effective in C-RAN architectures, where centralized BBU pools
can allocate resources to multiple RRUs as needed [4, 22,35].

• Advanced Sleep Modes (for BBUs and RRUs): Implementing advanced sleep
modes allows both BBUs and RRUs to transition into lower power states during
periods of inactivity. For BBUs, these modes can range from partial sleep, where
certain components are powered down, to deep sleep, where the BBU is almost
completely shut down. RRUs similarly benefit from partial or full power-down
states during low-demand intervals. The challenge lies in effectively managing these
transitions to ensure quick resumption of full operation when needed [4, 22,35,36].

• Machine Learning and Predictive Analytics (for BBUs and RRUs): ML
and predictive analytics are increasingly used to enhance the energy efficiency of
both BBUs and RRUs. By analyzing historical traffic patterns and real-time net-
work data, ML algorithms can predict future loads and adjust operational states
accordingly. This predictive approach enables proactive management of resources,
cutting unnecessary power usage during low traffic periods while ensuring adequate
processing power during peak times. For RRUs specifically, AI-driven methods can
dynamically adjust RRU configuration and deployment to further optimize energy
consumption [6, 35,36].

• Virtualization and Network Slicing (mainly for BBUs): Virtualization and
network slicing allow for more flexible and efficient use of BBU resources. By cre-
ating virtual instances of BBUs, network operators can dynamically allocate pro-
cessing power to different network slices based on current demand. This flexibility
optimizes resource use, reduces energy consumption, and improves overall network
efficiency. Network slicing also enables the isolation of different traffic types, allow-
ing more tailored energy-saving strategies per slice [4, 22,23].

• Adaptive Power Control (mainly for RRUs): Adaptive power control tech-
niques modulate the transmission power of RRUs based on real-time network con-
ditions and user demand. By reducing transmission power during periods of low
demand or when users are physically close to the antenna, the system can minimize
interference and significantly decrease energy consumption [36].

• Energy-Efficient Hardware (for RRUs): Developing and deploying energy-
efficient hardware components for RRUs is a critical strategy. This includes using
power-efficient transceivers, amplifiers, and signal processing units. Advances in
semiconductor technology and circuit design are enabling the creation of RRUs that
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consume less power while maintaining high performance [35].
In conclusion, reducing the energy consumption of both BBUs and RRUs is vital for

sustainable 5G network operations. In this thesis, however, we focus specifically on the
energy optimization of BBUs. While RRUs certainly require energy-efficient solutions,
a substantial body of research has already addressed fundamental methods for managing
RRU power, hardware design, and adaptive techniques. By contrast, BBUs are often less
explored yet handle complex and computationally intensive tasks in 5G (e.g., wide-band
signal processing and scheduling) and thus represent a particularly promising target for
advanced optimization. Concentrating on BBUs allows us to explore more deeply so-
phisticated mechanisms such as dynamic resource allocation and machine learning–driven
energy management, aiming to bridge an important gap in current research on sustainable
and high-performance 5G+ network infrastructures.

2.4 AI-Aided Technologies

The evolution of 5G and 5G+ networks demands enhanced operational efficiency, scalabil-
ity, and sustainability. This section explores the state-of-the-art of AI-aided technologies
in 5G+ network optimization, with a particular focus on energy efficiency and resource
management.

AI-aided techniques have fundamentally transformed the operational paradigms of mo-
bile communication networks. By leveraging their ability to analyze vast datasets and de-
rive actionable insights, these technologies have become integral to network management
and optimization. In the RAN, for instance, ML algorithms are employed to optimize
scheduling, mitigate interference, and allocate resources dynamically based on real-time
conditions. Similarly, the core network benefits from AI-driven insights into user mobility
patterns, security risks, and session flows, enabling predictive maintenance and proactive
optimization [37].

Applications of AI-aided techniques extend beyond network management into areas
such as QoS enhancements and user experience improvements. For example, video stream-
ing services can utilize ML algorithms to predict network congestion and adapt streaming
quality accordingly. These innovations not only improve user satisfaction, but also con-
tribute to more efficient resource utilization, a critical factor in achieving sustainability
in 5G+ networks [38].

AI-aided technologies combine two elements: learning approaches and algorithm types.
Learning approaches describe how they improve by using data. AI/ML algorithms are
based on these methods [39].

2.4.1 Learning Paradigms in AI/ML

AI/ML algorithms differ according to how they learn based on data and make decisions.
These types of learning determine the effectiveness of different models in optimizing 5G+
networks. Understanding these paradigms is essential for selecting the appropriate models
for tasks such as mobility prediction, anomaly detection, or resource allocation.
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a) Supervised Learning

Supervised learning algorithms are trained on labeled datasets, where the desired output
is known for each input. They are instrumental in solving classification and regression
problems. In the context of 5G+ networks, supervised learning aids in tasks such as
traffic prediction, resource allocation, and QoS estimation. Classification problems might
involve predicting discrete categorical values, such as identifying types of network traffic
or detecting anomalies, while regression problems could focus on forecasting continuous
values such as future network load or user mobility patterns [39].

b) Unsupervised Learning

Unlike supervised learning, unsupervised learning operates on unlabeled data to discover
hidden patterns. It is primarily used for clustering and reducing dimensionality. In 5G+
networks, clustering can help segment network users or identify common usage patterns,
whereas dimensionality reduction is crucial for handling high-dimensional network data
by reducing the number of features while retaining essential information. Applications
of unsupervised learning include anomaly detection, user behavior analysis, and network
topology optimization [39].

c) Semi-Supervised Learning

Semi-supervised learning combines labeled and unlabeled data, which is particularly ben-
eficial when labeled data is scarce or expensive to obtain. This approach enhances model
performance in tasks such as network intrusion detection and fault diagnosis by leveraging
the available labeled data alongside the abundant unlabeled data [39,40].

d) Self-Supervised Learning

Self-supervised learning leverages intrinsic structures within the data to generate super-
visory signals without requiring manually labeled examples. In this paradigm, the model
is tasked with predicting a missing or corrupted part of the input from its remaining
context. For instance, generative language models are commonly pre-trained by learning
to predict the next word in a sentence, while diffusion models for image generation learn
to reverse a noise-injection process. Such self-supervised learning objectives have proven
to be particularly effective in Generative AI (GenAI) technologies, as they enable the
training of models on vast amounts of unlabeled data and help in learning rich, trans-
ferable representations [40, 41]. In the context of 5G+ networks, self-supervised learning
can support the synthesis of realistic network scenarios and augment limited datasets for
simulation, thereby enhancing the robustness of optimization algorithms [39].

e) Reinforcement Learning

RL involves an agent learning optimal actions through trial and error interactions with
the environment, aiming to maximize cumulative rewards. This paradigm is highly rel-
evant for dynamic resource management and handover decisions in 5G+ networks. Al-
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gorithms like Q-Learning, Deep Q-Networks (DQN), and Advantage Actor-Critic (A2C)
are prominent in optimizing network operations by continuously adapting to changing
conditions [39].

f) Transfer Learning

Transfer Learning leverages knowledge from one problem domain to improve learning in
a related domain. In 5G+ networks, models trained in one scenario (e.g., urban envi-
ronment) can be adapted to another scenario (e.g., suburban areas), thereby reducing
training time and data requirements. This capability is essential for deploying AI/ML
models across diverse network environments with varying characteristics [39].

g) Ensemble Learning

Ensemble learning combines multiple models to enhance performance and robustness.
Techniques such as bagging, boosting, and stacking are commonly used for tasks such
as traffic prediction, anomaly detection, and resource allocation. In the context of 5G+
networks, ensemble learning improve the accuracy and reliability of predictions for network
optimization tasks by aggregating the strengths of individual models [39].

h) Online Learning

Online learning algorithms update the model incrementally as new data arrives, making
them suitable for environments where data is continuously generated, such as network
traffic monitoring. This approach allows models to adapt to changes over time without the
need for retraining from scratch, thereby maintaining relevance and accuracy in dynamic
network conditions [39].

i) Federated Learning

Federated Learning (FL) enables decentralized model training across multiple devices
while keeping data localized, which is essential for privacy-preserving network optimiza-
tion. In 5G+ networks, FL allows base stations and user equipment to collaboratively
train a global model without sharing sensitive user data, thereby enhancing privacy and
security [39].

2.4.2 Algorithmic Implementations of AI/ML

While the previous section addressed the theoretical paradigm of learning, this section
explores the specific AI/ML and their practical implementations that operationalize these
concepts in real-world 5G+ network scenarios. These algorithms are the computational
engines that execute tasks such as prediction, classification, and decision-making, each
with distinct architectural features and performance profiles.
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a) Shallow Algorithms

Shallow algorithms, such as Linear Regression, Support Vector Machines (SVM), and
Decision Trees (DT), are foundational ML techniques used for various prediction and
classification tasks. For instance, Linear Regression is employed to predict continuous
network parameters like bandwidth demand, while SVMs are effective for classification
tasks such as intrusion detection. Decision Trees aid in decision-making processes re-
lated to network configurations. Additionally, ensemble methods like Random Forest and
AdaBoost enhance the performance of these shallow algorithms by combining multiple
models to improve accuracy and robustness [39].

b) Deep Learning Algorithms

Deep learning algorithms extend the capabilities of traditional neural networks by incor-
porating multiple hidden layers, allowing for the extraction of high-level features from raw
data. Artificial Neural Networks (ANNs), Convolutional Neural Networks (CNNs), and
Recurrent Neural Networks (RNNs) are fundamental DL architectures used in 5G+ net-
work optimization. ANNs serve as basic models for various prediction tasks, while CNNs
are particularly useful for spatial data analysis, such as network topology optimization.
RNNs, including their advanced variants like LSTM networks, are adept at handling
sequential data, making them ideal for time-series traffic prediction and user mobility
forecasting [39].

c) Reinforcement Learning Algorithms

RL algorithms form a class of methods that adjust network parameters through feedback-
driven updates. They learn from operational performance and modify decision rules as
conditions change. RL algorithms are categorized into value-based, policy-based, and
hybrid methods. Value-based techniques like Q-Learning and DQN compute expected re-
turns for discrete actions. Policy-based methods, such as REINFORCE, update decision
policies without intermediate value estimation. Hybrid approaches, including A2C and
Deep Deterministic Policy Gradient (DDPG), merge both techniques to handle continu-
ous control tasks. This paradigm fits dynamic network scenarios that demand real-time
adjustments. RL algorithms simulate network conditions and adapt to fluctuating traffic
patterns. Their application covers resource allocation, interference control, and energy op-
timization. Learning from limited initial data makes these methods practical for evolving
network settings [39].

d) Generative AI

An emerging paradigm is GenAI. Based primarily on unsupervised and self-supervised
learning principles, generative models, such as Generative Adversarial Networks (GANs)
and Variational Autoencoders (VAEs) - aim to synthesize novel data that emulates real-
world distributions. This capability might be particularly valuable in network optimiza-
tion, where synthetic data can augment limited or imbalanced datasets, support robust
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simulation of network conditions, and aid in stress-testing various operational scenar-
ios. Moreover, advanced generative models often integrate RL fine-tuning via RL from
human feedback (RLHF) to align generated outputs with specific operational objectives.
In addition to these architectures, Large Language Models (LLMs) have emerged as a pow-
erful generative paradigm. Although originally designed for natural language processing,
LLMs are trained via self-supervised objectives on vast corpora and can be adapted to
generate and interpret complex data patterns - including network logs and operational
scenarios [40–42].

2.4.3 Applications of AI/ML in 5G+ Network Optimization

The rollout of 5G and the evolution toward 5G+ networks have underscored the impor-
tance of intelligent and dynamic optimization methods. To address these complexities,
recent research has shown a strong trend toward employing AI-aided techniques at various
layers of the RAN [2,4,38,43]. In particular, AI/ML-based approaches offer the ability to
predict short-term traffic loads accurately, learn from historical patterns, and dynamically
allocate network resources, thereby improving energy efficiency and QoS.

Enhancing Energy Efficiency and Adaptability

Conventional heuristics and static threshold-based methods often fail to capture the intri-
cate variations in traffic and user mobility patterns [21, 23, 44]. Hence, numerous studies
have explored applying ML-driven algorithms to make RAN components more adaptive
and resource-efficient. For example, hybrid LSTM and CNN models have demonstrated
promise in predicting resource usage with enhanced accuracy [45, 46], while DRL agents
have demonstrated the ability to autonomously learn optimal policies by interacting with
their environment [47–49]. In particular, some works on DRL [50] and [51] extend this
foundational principle to optimize network performance in 5G+ scenarios. While these
studies focus on joint beam forming, power control, and energy savings at the network
level, our research targets BBU energy optimization by integrating traffic prediction and
more advanced DQN, thereby filling a gap in this area.

While DRL-based methods show promise, they must overcome several hurdles, includ-
ing slow convergence, overestimation bias, and performance degradation if traffic spikes
deviate significantly from predictions [37, 52]. Some frameworks have attempted to mit-
igate these issues by combining supervised learning traffic predictions with RL-based
resource scheduling, achieving notable gains in both energy and cost efficiency [20, 53].
However, these studies often address broader network features like cell switching or carrier
aggregation, whereas our focus is specifically on fine-grained BBU power states.

Overcoming Limitations of Heuristics via RL

Early BBU energy optimization methods relied on simple, rule-based heuristics - either
putting entire sites into sleep mode during off-peak times or applying threshold-based
triggers for partial deactivations [54–56]. While effective in specific scenarios, these static
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approaches risk overshooting (or undershooting) actual operational demands. More re-
cent works have employed DQN and its variants to refine energy-management decisions,
mitigating the risk of suboptimal or unstable policies [57–59]. By continuously learn-
ing from real-time metrics, RL agents can effectively handle the multi-dimensional state
space - encompassing traffic load, latency, and power consumption - and converge toward
near-optimal strategies.

However, RL-based methods alone can suffer from slow training and sensitivity to
rapidly changing network conditions. Hybrid approaches, such as combining CNN-LSTM-
based traffic forecasting with DRL, help stabilize training by providing more accurate
forecasts for the agent’s state space [45, 46, 49]. Similar to these works, our approach
integrates a hybrid CNN-LSTM model for traffic prediction with a DDDQN architecture
that manages BBU power states dynamically. In contrast to existing solutions focusing
on carrier aggregation or Open RAN slicing [43,57,58], we target the specific challenge of
BBU energy optimization. By leveraging granular datasets and advanced RL algorithms,
our method balances energy efficiency with QoS - an essential trade-off often overlooked
in earlier heuristic-based approaches [39,60].

Balancing Energy Efficiency and QoS in 5G+

Despite significant advancements, several challenges remain in striking an optimal balance
between energy efficiency and QoS requirements. For instance, turning off too many BBUs
during low demand can lead to service degradation when traffic surges unexpectedly
[16, 39], while underutilization of sleep modes fails to reduce overall power consumption.
RL-based frameworks address this by learning policies that adaptively respond to traffic
fluctuations in near real-time, ensuring that resource availability aligns with demand [43].
Yet, the inherent complexity of DRL solutions, such as policy convergence and exploration-
exploitation trade-offs, underscores the need for more robust approaches.

To bridge these gaps, recent studies have combined proactive traffic prediction with
dynamic scaling of network resources. The work in [44] employed a mesh-based network
partitioning approach to identify active cells based on predicted cell traffic, and [23] pro-
posed bandwidth-aware virtualization to enhance energy savings. However, these methods
often rely on threshold-based switching, making them susceptible to inaccuracies in pre-
diction. In contrast, a properly designed DDDQN agent can autonomously learn a more
nuanced, continuous mapping between predicted load and the optimal power state, refin-
ing its decisions over time.

Overall, the synergy between ML-driven prediction and RL-based decision-making
represents a critical step forward in managing the escalating energy demands of 5G+
networks. In this work, we propose a methodology that fuses advanced forecasting (hybrid
CNN-LSTM) with a novel DDDQN approach to overcome limitations of heuristic and
classical RL techniques. This integrated framework aims to ensure that energy efficiency
gains do not come at the expense of QoS, offering a more robust and adaptable solution
for next-generation network deployments.
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2.4.4 Challenges and Future Research

Despite the significant advantages AI/ML brings to 5G+ network optimization, several
challenges persist that hinder their full potential. One of the primary issues is data
availability and quality. Effective AI/ML models require large, high-quality datasets for
training, yet in dynamic network environments, such data can be difficult to acquire or
maintain. The variability and heterogeneity of 5G network data further exacerbate this
challenge, often leading to incomplete or noisy datasets that degrade model performance
[37]. Moreover, many current approaches rely on static or synthetic datasets, limiting
their real-world applicability [39]. In contrast, our research leverages a real-world dataset
to ensure that the proposed AI-aided solutions are firmly grounded in the operational
demands of 5G+ networks.

A second notable challenge is the computational complexity associated with advanced
AI/ML models. Deep learning architectures, while powerful, demand substantial com-
putational resources, including high-performance hardware and energy-intensive opera-
tions [43]. This poses a limitation for deploying AI solutions in resource-constrained
network elements, such as edge devices, small cells, or low-power base stations - where
hardware capabilities are limited and power efficiency is paramount.

Model interpretability remains an additional barrier. Many deep learning–based tech-
niques operate as “black boxes”, making it difficult for network operators and stakehold-
ers to understand or trust their decision-making processes [2]. Although the O-RAN
Alliance has spearheaded efforts to standardize open interfaces that facilitate data ex-
change and enable xApps and rApps - AI-driven applications in Open RAN that optimize
network operations, with xApps handling near real-time control tasks and rApps focus-
ing on non-real-time strategic optimizations - to make more transparent decisions [49],
achieving practical explainable AI (XAI) for network management is still an active area
of research [6].

Privacy and security also demand careful attention. AI/ML models often process sen-
sitive user data, raising risks of data breaches and misuse - particularly in decentralized
architectures like federated learning, where local data is retained at edge devices [38].
Ensuring secure data transmission, model integrity, and compliance with regional data
regulations (such as the General Data Protection Regulation (GDPR), Lei Geral de Pro-
teção de Dados (LGPD) or the California Consumer Privacy Act (CCPA)) is critical to
building trust in AI-driven network optimizations.

Given these challenges, several promising research directions stand out for future 5G+
deployments:

• XAI: Developing AI models, that offer transparent and interpretable outputs, can
build trust and facilitate human-in-the-loop decision making. XAI techniques, such
as attention mechanisms or layer-wise relevance propagation, could demystify model
outputs without sacrificing performance [6].

• Edge AI and Distributed Intelligence: By deploying AI/ML models closer
to the data source - on edge servers or local controllers - researchers can reduce
latency and backhaul load, thereby achieving real-time network optimization. This
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approach also mitigates privacy concerns by minimizing data transfers to central
cloud servers [6, 23].

• Robust Hybrid Models: Combining multiple AI paradigms, such as supervised
learning for traffic prediction and DRL for resource allocation, has shown promise
for more adaptive and comprehensive solutions [6, 45, 46]. Future work may extend
these hybrid approaches to include federated or transfer learning, enabling more
robust and transferable models across heterogeneous network environments.

• Lightweight and Energy-Efficient Architectures: Exploring pruning, quan-
tization, or knowledge distillation techniques can substantially reduce model size
and computational overhead, making advanced AI more feasible for low-power base
stations and edge nodes [50].

• Security-Enhanced Frameworks: Enhanced security protocols and privacy pre-
serving techniques like homomorphic encryption or secure multi-party computation
can protect user data while maintaining robust model performance [39]. These
frameworks can be integrated within RL-based solutions to ensure both energy ef-
ficiency and data integrity.

In sum, AI/ML holds transformative potential for 5G+ network optimization but re-
quires continued innovation to overcome limitations in data quality, computational com-
plexity, interpretability, and security. By pursuing advanced AI-aided architectures and by
embedding explainability, edge intelligence, and robust security measures, future systems
will be better poised to meet the evolving demands of next-generation networks. This
thesis aims to contribute to these research directions, particularly by investigating hybrid
ML and DRL frameworks tailored for BBU energy optimization and QoS preservation.
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3 Real Mobile Data and ML Predictions
Datasets used in mobile network research vary widely in scope, granularity, and availabil-
ity. Public datasets, such as those from OpenCelliD [61] or network regulators [62,63], pro-
vide broad coverage but lack the specific needs or are outdated for our usecase. Operator-
collected data, while detailed, is often restricted due to privacy and security concerns,
limiting open-access research. Most studies rely on either simulated datasets [64–66],
which allow for controlled experimentation but lack real-world variability, or real-world
measurements collected through proprietary logging tools [67–70]. Despite their limita-
tions, these datasets are essential for understanding network behavior, predicting traffic
patterns, and optimizing resource allocation. Researchers working with mobile network
data typically fall into two categories: industry teams within telecom companies, who
have access to internal performance logs, and academic researchers, who often rely on
partnerships or synthetic data. This work uses real-world data, which aligns with exam-
ple 1 from the deployment scenarios described previously (see Fig. 2.3), focusing on an
unsplit 5G BBU configuration that leverages existing 4G infrastructure. The dataset’s
specific origin remains undisclosed to maintain confidentiality.

To address the limitations mentioned above and achieve practical applicability and
reliability in ML-driven predictions, this research leverages real-world network data com-
prising two distinct datasets. These datasets capture complementary aspects of network
performance, including long-term trends and short-term granular variations, enabling de-
tailed analysis of traffic patterns and network dynamics. The primary dataset, collected
over seven months, provides broad, hourly observations from multiple sites, while the sec-
ondary dataset offers higher-resolution data at 15-minute intervals from additional sites
representing varied urban environments.

The use of two datasets, rather than a single one, provides a more comprehensive un-
derstanding of network performance by capturing both long-term trends and fine-grained
variations. The primary dataset offers a broad temporal view, essential for observing
seasonal and large-scale traffic patterns, while the secondary dataset delivers higher-
resolution insights that allow for detailed short-term optimizations. This dual approach
enables a more balanced and adaptable ML model, improving predictive accuracy and en-
suring robust network performance across different environments and conditions. The fol-
lowing sections explore data analysis, pre-processing, and model evaluation, showcasing
how ML techniques contribute to tackling challenges such as traffic prediction and energy
efficiency.

3.1 Data Overview and Analysis

Building on the need for both grasping broad trends and conducting a fine-grained analy-
sis, this research utilizes two distinct datasets to gain a deeper understanding of network
performance and user behavior. The primary dataset encompasses data collected from
four cell sites (A, B, C and D) containing 12 eNodeBs (BBU+RRH), capturing a seven-
month period during the COVID-19 pandemic. The secondary dataset includes data
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from three additional cell sites (Beta, Gama, and Delta) located in different cities of the
similar size, containing also 12 eNodeBs (BBU+RRH). The additional sites were moni-
tored for 2 months, thus enhancing the diversity and comprehensiveness of the analysis.
There is a simple scheme on Fig. 3.1, that graphically explains the relationship.

Fig. 3.1: Simple structure scheme of used datasets

Primary Dataset

The primary dataset spans from August 15, 2020, to February 28, 2021, covering a period
of seven months. It includes detailed network quality information from 12 eNodeBs dis-
tributed across four cell sites (A, B, C, and D). Each cell site comprises multiple eNodeBs,
with each eNodeB managing several RRHs. In total, these sites serve 212 000 users and
handle approximately 1.5 terabytes of data traffic daily. Data was recorded on an hourly
basis, resulting in 4 800 log records per eNodeB over the observation period, see Tab. 3.1.

Tab. 3.1: Physical communication parameters for primary dataset

Parameter Value

City size 300 km2
Population density 0.5 million
Cell type Macro
Number of cell sites 4
Number of eNodeBs 12
RRHs per BBU 4
Frequency bands 700 MHz, 850 MHz, 2100 MHz
Observation period 7 months, hourly
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This dataset includes KPIs such as downlink and uplink data volumes, the number of
connected UEs and packet loss.

Each cell site in the primary dataset is located in different areas of the same city,
comprising a consistent number of BBUs and RRHs, see Tab. 3.2. These sites represent
various environments, from business centers to residential areas, ensuring a diverse dataset
for analysis. The layout of the cell site can be seen in Fig. 3.2. In following paragraphs,
will be the sites explain in more details.

Site A (Office Area): This site is located in the city center, predominantly covering
office buildings and business centers. It contains three eNodeBs (A1, A2, A3), each
equipped with 4 RRHs, totaling 12 RRHs.

Site B (Office Area): Similar to Site A, Site B is located in an office area with
specific antenna deployments on tall buildings. It also contains three eNodeBs (B1, B2,
B3), each with 4 RRHs, totaling 12 RRHs. These eNodeBs are responsible for managing
several sectors to support the heavy data load during peak business times.

Site C (Residential Area): This site is located in a densely populated residential
area. It includes three eNodeBs (C1, C2, C3), each managing several sectors to provide
extensive coverage. Each eNodeB is equipped with 4 RRHs, totaling 12 RRHs.

Site D (Residential Area): Situated at the edge of the city, Site D covers a mix
of residential and light industrial areas. It comprises three eNodeBs (D1, D2, D3), each
with 4 RRHs, totaling 12 RRHs. Each eNodeB manages multiple sectors to ensure com-
prehensive coverage and data collection.

Tab. 3.2: Number of BBUs and RRHs at Each Site

Site Number of BBUs Number of RRHs

A 3 12
B 3 12
C 3 12
D 3 12

Fig. 3.2: Location of primary macro cell sites - Bird’s-eye view
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Data analysis shows that Sites A and B, located in office areas, have similar charac-
teristics, with high traffic volumes during business hours and significant drops afterward.
In contrast, Sites C and D, located in residential areas, maintain relatively high traffic vol-
umes into the evening, reflecting residential usage patterns. These distinctions are crucial
for understanding traffic behavior and optimizing network performance across different
environments.

Secondary Dataset

The secondary dataset spans from April 2024, to June 2024 and is divided into two
main categories: long-term data and granular data (short-term). These datasets provide
insights into traffic volume, packet loss, latency, and energy consumption across three cell
sites in different cities: Beta, Gama, and Delta. Each site is located in a different type of
area: Beta in a remote area (outskirts of the city), Gama in a residential area and Delta
in an office area. For the long-term dataset, we recorded 1 536 log records on an hourly
basis per eNodeB over the observation period. For a granular dataset, we recorded 683
logs at 15 min intervals per eNodeB over the observation period, see Tab. 3.3.

Tab. 3.3: Physical communication parameters for secondary dataset

Parameter Value

City size B - 300 km2; C - 150 km2; D - 150 km2
Population density B - 0.5 million; C - 0.5 million ; D - 0.5 million
Cell type Macro
Number of cell sites 3
Number of eNodeBs 12
RRHs per BBU 2-4
Frequency bands 700 MHz, 850 MHz, 2100 MHz
Observation period 2 months hourly; 1 week 15 mins

Tab. 3.4 shows that each site has the same number of BBUs and a different number
of RRUs, while Fig. 3.3 illustrates their geographic distribution in different cities.

Site Beta (Remote Area - City B): This site has three BBUs (B1, B2, B3), each
managing multiple RRUs. B1 is associated with four RRUs; B2 operates also with four
RRUs.; B3 controls again four RRUs. In total, the Beta site supports 12 RRUs.

Site Gama (Residential Area - City C): This site also has three BBUs (G1, G2,
G3), but each BBU is linked just with two RRUs. The Gama site has a total of six RRUs.

Site Delta (Office Area - City D): The Delta site mirrors the Beta site in terms
of RRU configuration, with three BBUs (D1, D2, D3) managing 12 RRUs in total.

Tab. 3.4: Number of BBUs and RRUs at each site

Site Number of BBUs Number of RRUs

Beta 3 12
Gama 3 6
Delta 3 12
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Fig. 3.3: Location of secondary macro cell sites - Bird’s-eye view

3.1.1 Data Collection Process

Key Performance Indicators (KPIs) are critical metrics that are used to evaluate the
performance and quality of mobile networks. These KPIs are collected and analyzed to
monitor network health, optimize performance, and ensure that the network meets the
service quality expectations of users.

The data collection process in mobile networks involves using Performance Manage-
ment (PM) counters, which collect performance statistics from live traffic in the radio
network. These measurements are taken without interfering with user connections and
transmission handling, ensuring accurate and reliable data. The measurement of KPI in
5G + networks spans the UE, gNB, core elements, and the application server, as illus-
trated in Fig. 3.4. The PM counters capture data at each node, tracking metrics such
as traffic volume, latency, energy consumption, packet loss, etc. In the radio domain,
counters focus on transmissions and scheduling at the gNB. In the core, functions such
as the Access and Mobility Management Function (AMF), Session Management Function
(SMF), and the User Plane Function (UPF) log signaling events and user-plane perfor-
mance. These measurements reveal performance from the UE application layer through
the network and on to the server. They are gathered in the network management system,
giving a practical view of how the network behaves [71–74].

Fig. 3.4: Simplified KPI flow in 5G

KPIs can be categorized into several types based on their purpose and the aspect of
the network they measure [71–75]:

• Accessibility: This category measures the ability of the network to grant service
requests. An example of an accessibility KPI is the Initial E-RAB Establishment
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Success Rate, which indicates the success rate of establishing an E-RAB during the
initial setup and it is expressed as a percentage.

• Retainability: Retainability KPIs assess the network’s ability to maintain a service
once it has been established. An example is the E-RAB Retainability, shown as
a percentage or ratio indicating the portion of sessions that remain active.

• Integrity: Integrity KPIs evaluate the quality of the service provided. For instance,
Packet Loss Rate measured as a percentage, and Latency recorded in milliseconds are
common Integrity KPIs that indicate the performance quality experienced by users.

• Mobility: These KPIs measure the network’s ability to support user mobility, such
as the Handover Success Rate, which tracks the success of handovers between cells,
typically expressed as a percentage.

• Availability: Availability KPIs determine the network’s ability to provide service
at any given time. Cell Availability is a typical example, indicating the percentage
of time the cell is available to users.

• Utilization: Utilization KPIs monitor how network resources are used, including
traffic load and resource management metrics. These KPIs help to understand
capacity and performance under different traffic conditions. Throughput is often
measured in bits per second, traffic load may be given in Erlangs, and other resource
metrics are expressed as percentages.

The collected KPI data is processed and aggregated to provide insights (see Sections
below) at various levels, such as individual cells, clusters of cells, or entire geographic
areas. Aggregation is also performed over time periods (hours, days, weeks) to identify
trends and patterns. The measurement period of KPIs varies by gNodeB manufacturer.
However, the 3GPP specification TS 28.5501 [76] explicitly outlines acceptable KPI col-
lection intervals, including 5, 15, 30, and 60 minutes. These varied intervals are designed
to provide greater flexibility and availability in monitoring different KPIs, thereby en-
hancing the overall performance assurance. To further investigate the intervals options,
a comparative analysis was created in Tab. 3.5, summarizing KPI collection intervals
from major telecom vendors (Ericsson, Huawei, Nokia), clearly showing the variability
and commonality among them.

Tab. 3.5: KPI Collection Intervals for 5G Network KPIs from Major Telecom Vendors

Vendor [A to Z] KPI Collection Intervals References

Ericsson 5 min (min), 15 min (default), 30 min, 1 hr, 2 hrs, 24 hrs [77], [78], [79]
Huawei Short: 5–15 min; Long: 30–60 min [80]
Nokia 5 min (raw), 15 min (reporting), 1 hr, 1 day (aggregated) [81], [82]

By systematically measuring and analyzing these KPIs, network operators can gain
valuable insights into network performance, identify areas for improvement, and ensure
that the network meets the expectations of users. The standardized KPIs also facili-

1https://itecspec.com/spec/3gpp-28-550-6-performance-assurance-specific-operations-
and-notifications/
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tate comparison and benchmarking against industry standards, such as those defined by
the International Telecommunications Union-Telecommunications (ITU-T) [71–73,83].

Long-Term KPIs Category

The long-term dataset category spans nine months in total (seven and two months),
capturing hourly metrics from sites A, B, C, D and three secondary sites Beta, Gama
and Delta. Due to differences in geographical locations and network conditions, these
datasets cannot be directly merged. Instead, they are analyzed separately to account for
variations in traffic patterns, population density, and environmental factors that influence
network performance. This dataset includes bearer data such as traffic volume (downlink
and uplink) in MBytes and packet loss percentages. The data is collected using advanced
network monitoring tools that log these metrics continuously, providing insights into traffic
patterns and network performance over an extended period.

a) Traffic Volume (Downlink and Uplink)

This KPI measures the total volume of bearer data transmitted over the network per
time unit, in long-term data usually 1 hour. It provides information on the amount of
data traffic handled by the network, which is crucial for understanding usage patterns
and planning for capacity enhancements. Traffic volume is typically divided into two
categories [72,73]:

• Downlink Traffic Volume (DL): This measures the amount of data transmit-
ted from the network to users. High downlink traffic volume indicates heavy con-
sumption of data services by users, such as streaming videos, downloading files, or
browsing the internet.

Downlink Traffic Volume =
∑︀ Data transmitted from Nodes to UEs (MBytes per time)

(3.1)

• Uplink Traffic Volume (UL): This measures the amount of data transmitted from
users to the network. High uplink traffic volume is often associated with activities
such as uploading files, video calling, or sending emails with large attachments.

Uplink Traffic Volume =
∑︀ Data transmitted from UEs to Nodes (MBytes per time)

(3.2)

b) Packet Loss Percentages

This KPI measures the proportion of data packets that are lost during transmission over
the network. By analyzing packet loss percentages, network operators can identify and
troubleshoot issues related to network congestion, hardware failures, or signal interfer-
ence. Packet loss can significantly degrade the quality of service. There are three KPIs
parameters [72,73]:

• Total Packet Loss Percentage: This measures the overall packet loss rate across
the network, providing a general indicator of network performance.
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Total Packet Loss (%) = Number of Lost Packets
Total Number of Transmitted Packets · 100% (3.3)

• Downlink Packet Loss Percentage (DL): This measures the percentage of pack-
ets lost during transmission from the network to the users. High downlink packet
loss can affect user experience, especially for applications requiring consistent and
reliable data streams.

Downlink Packet Loss (%) = Number of Lost Packets in DL
Total Number of Transmitted Packets in DL · 100%

(3.4)

• Uplink Packet Loss Percentage (UL): This measures the percentage of packets
lost during transmission from users to the network. High uplink packet loss can
impact the performance of user-upload activities and cloud-based applications.

Uplink Packet Loss (%) = Number of Lost Packets in UL
Total Number of Transmitted Packets in UL · 100%

(3.5)

Granular (Short-Term) KPIs Category

The granular dataset category covers a one-week period with a high frequency of data
collection at 15-minute intervals. This dataset includes detailed metrics from Operations,
Administration, and Maintenance (OAM) data and bearer data, providing a more granular
view of the network’s performance. The key KPIs for the granular dataset include total
port throughput, UE throughput, UE packet loss, UE latency, and energy consumption
for both BBUs and RRUs. Additionally, it includes hourly information on packet loss
percentages for eUTRAN, eUTRAN latency, and temperature metrics (minimum, average,
and maximum) over the week.

a) Total Port Throughput

This KPI measures total transmitted data across network ports, represented by counters
such as PortMbpsIn and PortMbpsOut. It includes all traffic types (user and manage-
ment) and reflects the load on network ports.

The data is collected using PM counters, which provide average throughput values
over fixed intervals, typically 15 minutes (900 seconds). The calculation converts Inter-
faceInOctets to Mbps by multiplying by 8 to obtain bits, dividing by 1 000 000 to scale to
Mbits, and dividing by 900 s to average over the interval:

PortMbpsIn = 8 · InterfaceInOctets
1 000 000 · 900 (𝑀𝑏𝑝𝑠). (3.6)

Averaging over a certain time interval simplifies the work with the dataset, providing
a slightly simplified view of the network functioning. However, this approach results in
the loss of granularity, such as peak and minimum throughput values on a per-second
basis. Despite this limitation, PM’s averaged throughput is effective for understanding
long-term port utilization trends [72,75].

Total Port Throughput =
∑︁

Data transmitted through all ports (Mbps). (3.7)
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b) UE Throughput

This KPI quantifies the data rate experienced by UE, serving as an indirect indicator of
perceived network performance. While throughput alone does not define QoS, higher val-
ues generally correspond to improved user experience, particularly for bandwidth-intensive
applications. However, a low throughput value does not necessarily indicate poor network
performance, as it may simply reflect lower user activity or background traffic. PM coun-
ters track data rates between Nodes and UEs, providing a measure of UE throughput that
reflects network capacity and efficiency, particularly when the UE is actively transmitting
or receiving data [72,75].

UE Throughput =
∑︁

Data rate experienced by UEs (kbps) (3.8)

c) UE Packet Loss

This KPI measures the proportion of data packets that are lost during transmission from
the UE to the network. Packet loss from UE can significantly impact service quality, es-
pecially for applications requiring real-time data transmission, such as video conferencing
and online gaming. UE packet loss is tracked using network monitoring tools that count
the number of packets sent by the UEs and the number of packets successfully received
by the network, along with the packets that fail to reach their destination [72,75].

UE Packet Loss (%) = Number of Lost Packets from UE
Total Number of Transmitted Packets from UE · 100% (3.9)

d) UE Downlink Latency

This KPI measures the time it takes for a data packet to travel from the network to the
UE. Downlink latency is a critical metric for assessing the performance of applications that
require real-time data transmission, such as video streaming, online gaming, and VoIP.
High downlink latency can lead to delays, buffering, and a degraded user experience.
UE downlink latency is monitored using network performance management tools that
track the round-trip time of data packets sent from the network to the UE and back.
Lower downlink latency values indicate better network performance and a higher QoS for
end-users [72].

UE Downlink Latency = Time a packet travels from the network to the UE and back (ms)
(3.10)

e) Energy Consumption

This KPI measures the amount of energy consumed and the average power consumption
by BBUs and RRUs. BBUs and RRUs send PM counters with values from their energy
measurements. It is an important metric for assessing the energy efficiency of the net-
work [84]. The energy consumption data is collected in 6-second intervals. Over a typical
15-minute period (900 s), there are 150 such intervals, alternatively, measurements may
be aggregated over an hourly period. The “Consumed Energy” KPI sums the energy
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values from each interval. To obtain the “Average Power Consumption”, the total energy
consumed (in Wh) is divided by the measurement period expressed in hours (for example,
15 minutes corresponds to 0.25 hours). This yields a value in Watts (W).

• Consumed Energy (Wh): This KPI measures the total energy consumed by
BBUs and RRUs over a specific period. It sums up energy consumption of all
consumer units having an energy meter function. It is measured regardless of battery
charge or discharge.

BBU Consumed Energy (Wh) =
∑︁

Energy consumed by BBUs (Wh) (3.11)

RRU Consumed Energy (Wh) =
∑︁

Energy consumed by RRUs (Wh) (3.12)

• Average Power Consumption (W): This KPI measures the average power con-
sumption by BBUs and RRUs, reflecting the rate of energy consumption over the
measurement period. In these equations, time is expressed in hours:

BBU Average Power Consumption (W) = Sum up energy consumed by BBUs (Wh)
Time (h)

(3.13)

RRU Average Power Consumption (W) = Sum up energy consumed by RRUs (Wh)
Time (h)

(3.14)

Energy consumption data is collected using monitoring tools that track the power
usage of network components. These metrics help in optimizing the energy efficiency of
the network, reducing operational costs, and minimizing environmental impact.

f) eUTRAN Packet Loss

This KPI measures the percentage of packets lost within the eUTRAN (Evolved Universal
Terrestrial Radio Access Network). It is critical for assessing the quality of service within
the radio access network. These metrics are collected using PM tools that monitor packet
transmission and latency within the eUTRAN, essential for identifying and resolving issues
specific to the radio access network [73].

eUTRAN Packet Loss (%) = Number of Lost Packets in eUTRAN
Total Number of Transmitted Packets in eUTRAN · 100%

(3.15)

g) eUTRAN Latency

This KPI measures the latency within the eUTRAN. Lower eUTRAN latency indicates
better performance of the radio access network. These metrics are collected using PM
tools that monitor packet transmission and latency within the eUTRAN, essential for
identifying and resolving issues specific to the radio access network [73].

eUTRAN Latency = Time taken for a packet to travel within eUTRAN (ms) (3.16)
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h) Temperature Metrics

This KPI measures the temperature of network components, including minimum, average,
and maximum values. It is collected using environmental monitoring tools that track the
thermal conditions of network components. Monitoring and managing temperature is
crucial for preventing overheating and ensuring optimal performance of devices [84,85].

Temp [°C] MIN = Minimum temperature recorded (3.17)

Temp [°C] AVG = Average temperature recorded (3.18)

Temp [°C] MAX = Maximum temperature recorded (3.19)

3.1.2 Collected Data Description

Collected Data Description focuses on the metrics that were gathered and their relevance
for each dataset. Tab. 3.6 lists these metrics, along with the collection periods and dataset
applicability. The primary dataset covers seven months, while the secondary dataset spans
two months plus a one-week granular subset. This approach captures broad temporal
patterns as well as short-interval variations.

Long-term (hourly) measurements (primary and secondary dataset) include traffic vol-
ume and packet loss details. These illustrate average load and performance over extended
periods. The granular (15-minute intervals) measurements (secondary dataset) capture
additional metrics such as total port throughput and UE throughput. They also include
hourly eUTRAN statistics and temperature data. This combination offers a multifaceted
perspective on network conditions and component behavior.

Table 3.6 shows certain metrics, such as total port throughput and energy consump-
tion, that only appear in the granular subset. Others, including traffic volume and packet
loss, span all three categories. The number of users is logged in full for the primary dataset
and can be counted for both secondary segments, linking the long-term and granular mea-
surements. Because the granular period overlaps with the secondary long-term period,
these data can be counted and merged for a more comprehensive analysis. The primary
dataset gives a longer historical perspective, while the secondary dataset integrates short-
interval readings, covering both broad load trends and immediate performance details.
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Tab. 3.6: Metrics, descriptions, and dataset applicability

Metric Description
Primary

Long-Term
Secondary
Long-Term

Secondary
Granular

Collection Period

7 months
(Aug 2020–
Feb 2021)

2 months
(Apr 14, 2024–
Jun 16, 2024)

1 week
(within same

period)

Date The day data was collected. ✓ ✓ ✓

Time [hour] Hourly time of data collection. ✓ ✓ ✓derived

Traffic Volume (MBytes) Total bearer data transmitted. ✓ ✓ ✓derived

Traffic Volume DL (MBytes) Downlink bearer data transmitted. ✓ ✓

Traffic Volume UL (MBytes) Uplink bearer data transmitted. ✓ ✓

Packet Loss Total (%) Percentage of total packets lost. ✓ ✓ ✓

Packet Loss DL (%) Percentage of downlink packets lost. ✓ ✓

Packet Loss UL (%) Percentage of uplink packets lost. ✓ ✓

Number of users (-) Number of connected users. ✓ ✓derived ✓derived

Time interval [hh] 15-minute data collection intervals. ✓derived ✓

Total port Tput (Mbps) Port throughput (OAM + bearer). ✓

UE Tput (kbps) Throughput for UE. ✓

UE Packet loss (%) Packet loss for user traffic. ✓

UE DL Latency (ms) Downlink latency for UE. ✓

BBU Consumed Energy (Wh) Energy used by the BBU. ✓

BBU AVG Power consumption (W) Average BBU power usage. ✓

RRU Consumed Energy (Wh) Energy used by the RRU. ✓

RRU AVG Power consumption (W) Average RRU power usage. ✓

eUTRAN Latency (Hourly) (ms) Hourly eUTRAN latency. ✓

BBU Temperature (Min, Avg, Max) Hourly BBU temperature readings. ✓

3.2 Machine Learning Model Development and Integration

The primary and secondary datasets, while similar in scope, differ slightly in their struc-
ture and focus. These differences extended to the pre-processing methods applied to each
dataset, reflecting their unique characteristics.

The primary dataset served as the foundation for developing the initial version of
the framework: Predictive Energy Saver for Baseband Units (PESBIU 1.0). Building
on the knowledge gained from the primary dataset’s predictions, we were later able to
refine and enhance the ML algorithms for predictions for the secondary dataset, leading to
significant improvements in their performance and applicability. The process and results
were published in [86,87].

3.2.1 Data Prepossessing and Cleaning

For the purpose of this research, a series of common data cleaning and transformation
steps were applied to both the primary and secondary datasets to ensure data integrity
and to facilitate effective model training and evaluation. First, any records associated with
anomalous events or maintenance periods were removed rather than imputed, reducing
the risk of bias introduced by filling missing values with synthetic estimates. Although this
approach can slightly reduce dataset size, it preserves the natural behavior and reliability
of the underlying measurements.

Following the removal of unusable data, both datasets were split into training and
testing subsets to evaluate the models’ ability to generalize. While the exact proportions
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(e.g., 75/25 - primary or 80/20 - secondary) varied between the datasets, each split re-
served a substantial portion of data for training and kept a sufficient portion aside for
unbiased performance assessment of unseen observations.

Because raw feature scales vary, a normalization or scaling process was then applied.
In case of the primary dataset, both standard scaling and the Min-Max scaler were used.
Standard scaling subtracts the mean and divides it by the standard deviation. The Min-
Max scaler transforms values to the [0,1] range. In case of the secondary dataset, it was
more appropriate to use the Min-Max scaler exclusively. These transformations ensured
that no single feature dominates the model training process simply by having larger
numeric values, leading to more robust and faster convergence during optimization.

a) Primary Dataset

The primary dataset comprised raw data collected from various eNodeBs in a mobile
network (see Sec. 3.1 and Tab. 3.6). These data spanned multiple operational metrics,
capturing variables such as traffic load, energy consumption, and performance indicators
over a series of daily intervals. Because eNodeBs occasionally undergo maintenance,
certain intervals exhibited gaps or anomalies; in total, about 0.8% of the records were
excluded to ensure only normal operational behavior was analyzed. This removal step
safeguarded model training against skewed trends and unreliable measurements [86].

After cleaning, the dataset provided a broad, real-world view of normal network con-
ditions, reflecting fluctuations in traffic and performance across different times of the day.
These characteristics made it possible to train ML models that closely captured daily
operational patterns. By isolating routine eNodeB activity, the primary dataset formed
a strong foundation for studying network energy consumption under typical loads, offering
an effective baseline for model evaluation in this dissertation.

b) Secondary Dataset

This section discusses the methods applied to clean and pre-process the secondary dataset,
which consists of both long-term and granular data, see Sec. 3.1 and Tab. 3.6. These
diverse data types posed challenges that needed to be addressed through harmonization,
cleaning, transformation, and effective data splitting for model training and testing [87].

The combination of long-term and granular measurements was explored with the hy-
pothesis that their integration could enhance the predictive models by leveraging both
the long-term trends captured in the hourly data and the detailed short-term fluctuations
present in the granular data. The aim was to improve the model’s ability to predict net-
work behavior over a range of time scales, optimizing energy efficiency through a more
comprehensive understanding of network dynamics. However, this integration required
careful pre-processing to ensure compatibility between the datasets. We experimented
with different ways of combining the datasets to determine the most effective approach
for preserving their respective characteristics while maximizing their predictive power.

The first step in data pre-processing was harmonizing the mixed datasets. Since long-
term measurements were collected at hourly intervals, while granular measurements were
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collected at more frequent 15-minute intervals, the two measurement types needed to
be aligned. To achieve this, downsampling was applied to the long-term measurements,
converting it to a 15-minute interval format through linear interpolation. This interpo-
lation generated four data points for each original hourly data point, ensuring that the
model could capture more detailed fluctuations in network performance. However, careful
attention was given to avoid introducing artificial trends during this interpolation process.

Conversely, the granular measurements were aggregated to match the hourly intervals
of the long-term measurements. For metrics such as traffic volume and energy consump-
tion, values from the four 15-minute intervals within each hour were summed to produce
a single hourly data point. For other metrics such as latency and packet loss, weighted
or simple averages were used depending on the nature of the data, ensuring consistency
across the data types. The code itself is publicly available 2.

Feature engineering played a crucial role in enhancing the predictive power of the
models by transforming raw data into meaningful features, especially with two different
types of data - long-term and granular. One of the primary transformations involved
creating temporal features from the ’Date’ and ’Time Interval’ columns. Features such
as ’Hour of the Day,’ ’Day of the Week,’ and ’Month’ were introduced to capture the
cyclical patterns in network traffic and performance. These temporal features helped the
models understand recurring patterns, such as daily peaks in traffic during business hours
and weekly fluctuations in network activity. In addition to temporal features, lagged
features were engineered to incorporate temporal dependencies within the dataset. For
example, metrics such as traffic volume and latency from previous hours were used as
predictors for current values, with a window size of ten hours (ten hours was selected
as an empirically balanced window size-long enough to capture trend patterns, but short
enough to avoid excessive noise or diminishing returns in feature relevance), allowing the
model to recognize trends over time and enhance its forecasting abilities.

To further enhance model performance, interaction terms were introduced, as de-
scribed in Sec. 3.2.2. These terms capture relationships between different network metrics
by combining them into new features, thereby improving the model’s predictive accuracy.

3.2.2 Interdependencies Between KPI Metrics

In addition to understanding and cleaning each dataset before modeling, analyzing the
interplay among key KPIs is important to determine whether combining metrics (e.g.,
creating interaction terms) could enhance our predictive models and support energy-
saving strategies without degrading user experience [87].

The focus was on interaction between traffic volume (DL+UL) and latency (UE DL
Latency). A Kernel Density Estimation (KDE) (see Fig. 3.5a) and scatterplot with re-
gression line (see Fig. 3.5b) shows a clear upward trend in latency (ms) as traffic volume
(MBytes) moves from about 2 000 MBytes to 12 000 MBytes. When traffic remains below
4 000 MBytes, latency stays consistently low, but it begins to climb under moderate loads

2https://github.com/vafekt/Stage1_PESBiU
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(6 000–8 000 MBytes) and spikes significantly beyond 10 000 MBytes, indicating mild to
heavy network congestion.

(a) KDE figure (b) Scatterplot with regression line

Fig. 3.5: Correlation between traffic volume and latency KPIs

To explore whether these metrics or others should be crossed (e.g., multiplied or
otherwise combined) in feature engineering, a Random Forest model [88] was applied
to assess feature importance, see Fig. 3.6, then Friedman’s H-statistic [89] was used to
quantify the strength of their interaction. These techniques were chosen to capture the
genuine, often subtle, ways features co-vary. Random Forest feature importance offers
a straightforward view of their relative contributions, but it does not fully expose how
features collaborate to affect model outputs. That is why Friedman’s H statistic was
used - this statistic quantifies the strength of interaction between features, from 0 to 1.
The relatively modest H-statistic of 0.1316 implies only mild synergy between traffic and
latency. Although this value does not point to a very strong interaction, it does confirm
that both variables influence each other to a meaningful extent.

Another focus was on interaction emerged between Average Power Consumption (W)
and Total Port Throughput (Mbps), for which one random BBU was used. The KDE in
Fig. 3.7a highlights dense clusters of data at moderate throughput (5–20 Mbps) and power
consumption (136–140 W), with a secondary region pushing throughput up to 30–40 Mbps
at slightly higher power draws (140–141 W). Meanwhile, the scatterplot’s upward-sloping
regression line, Fig. 3.7b, confirms that power consumption rises as total port throughput
increases. Although the confidence interval remains narrow at modest throughput, in-
dicating consistent behavior, it broadens above 30 Mbps, reflecting more variability near
higher load conditions.

Furthermore, the correlation between Average Power Consumption (W) of BBU and
total port throughput (Mbps) had a significantly stronger Friedman H statistic of 0.5267
and the Random Forest Regression was used to show the features predictor’s contribution
as shown in Fig. 3.8. In predicting power consumption, environmental factors (like max,
min, and average temperature) dominate, with total port throughput and time features
(hour of day, day of week) also playing a strong role. In contrast, throughput predictions
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(a) Predicting traffic volume (MBytes) (b) Predicting UD DL latency (ms)

Fig. 3.6: Feature importance evaluation for predicting metrics using Random Forest Re-
gression

(a) KDE figure (b) Scatterplot with regression line

Fig. 3.7: Correlation between total port throughput and avg power consumption KPIs

more heavily rely on BBU and RRU energy measurements along with traffic metrics,
reflecting that active power draws and packet flows are primary cues for throughput
shifts.

In sum, these interdependencies reveal that traffic volume and latency have a mild
but consistent mutual effect, while power consumption and throughput strongly shape
each other’s behavior. Targeted cross-features can boost prediction accuracy, making it
easier to spot when and how to cut energy use without harming performance. This clarity
is shaping our later modeling decisions by indicating which KPI pairs matter most for
optimizing resources and reducing power costs.

48



(a) Predicting total port throughput (Mbps) (b) Predicting avg power consumption (W)

Fig. 3.8: Feature importance evaluation for predicting metrics using Random Forest Re-
gression

3.2.3 Selected Models - Stage 1

To address the challenges of optimizing energy efficiency and network resource manage-
ment in mobile networks, we have considered several advanced ML models, with distinct
strengths in time-series forecasting and sequence learning, in order to find out which is
the best suited for our research; see the general overview in Sec. 2.4. The models are
summarized in Tab. 3.7. It is important to note that this research evolved continuously,
and thus, not all models listed were applied to every dataset. Specifically, certain models
were selectively implemented based on the previous results and findings.

This Stage 1 serves as a foundation by establishing predictive models that analyze
network traffic, energy consumption, and QoS fluctuations. It provides the necessary fore-
casting capabilities required for optimization strategies in the subsequent stage. By first
refining traffic predictions and validating model accuracy, we ensure that optimization
methods in Stage 2 operate with high-confidence inputs, leading to superior energy effi-
ciency without compromising QoS.

This section provides a detailed mathematical and theoretical overview of each model,
highlighting its relevance and applicability to 5G+ network optimization.

Tab. 3.7: Overview of AI/ML models usage in this section

Stage Dataset Model Algorithm Type

Stage 1 Primary LSTM Time series prediction
Stage 1 Primary GRU Time series prediction
Stage 1 Primary FB’s Prophet Trend forecasting
Stage 1 Secondary LSTM Sequential modeling
Stage 1 Secondary GRU Sequential modeling
Stage 1 Secondary CNN-LSTM, Hyper-CNN-LSTM Spatio-temporal prediction
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a) Long Short-Term Memory (LSTM)

LSTMs [90] are an extension of standard RNNs that address the vanishing gradient prob-
lem by introducing a more complex cell structure with three gates: forget, input, and
output gates. Each gate decides which information to store, discard, or output at each
step. The forget gate 𝑓𝑡, input gate 𝑖𝑡, and output gate 𝑜𝑡 are defined as:

𝑓𝑡 = 𝜎(𝑊𝑓 · [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓 ), (3.20)

𝑖𝑡 = 𝜎(𝑊𝑖 · [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖), (3.21)

𝑜𝑡 = 𝜎(𝑊𝑜 · [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜), (3.22)

where 𝑥𝑡 denotes the current input at time 𝑡, ℎ𝑡−1 is the previous hidden state, 𝜎 represents
the sigmoid activation function, 𝑊𝑓 , 𝑊𝑖, 𝑊𝑜 are the weight matrices for the respective
gates, 𝑏𝑓 , 𝑏𝑖, 𝑏𝑜 are the bias terms.

The new candidate cell state 𝐶𝑡 is calculated as:

𝐶𝑡 = tanh(𝑊𝐶 · [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝐶), (3.23)

where 𝑊𝐶 is the weight matrix for creating the candidate cell state, 𝑏𝐶 is the corresponding
bias term and tanh is the hyperbolic tangent activation function.

The cell state is then updated using the forget and input gates:

𝐶𝑡 = 𝑓𝑡 ⊙ 𝐶𝑡−1 + 𝑖𝑡 ⊙ 𝐶𝑡, (3.24)

where ⊙ denotes the Hadamard product.
Finally, the new hidden state the new hidden state ℎ𝑡 is derived using the output gate:

ℎ𝑡 = 𝑜𝑡 ⊙ tanh(𝐶𝑡). (3.25)

The ability of LSTMs to retain long-term dependencies makes them highly effective
for predicting complex, long-range temporal patterns in network data.

b) Gated Recurrent Unit (GRU)

The GRU [91] is a simplified version of the LSTM network, designed to overcome the van-
ishing gradient problem inherent in traditional RNNs. The GRU architecture consists of
two gates: the update gate 𝑧𝑡 and the reset gate 𝑟𝑡, which regulate the flow of information
through the network:

𝑟𝑡 = 𝜎(𝑊𝑟 · [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑟), (3.26)

𝑧𝑡 = 𝜎(𝑊𝑧 · [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑧), (3.27)

where 𝑟𝑡 determines how much of the previous hidden state ℎ𝑡−1 to forget, and 𝑧𝑡 decides
how much of the new information 𝑥𝑡 to include. The candidate hidden state ℎ̃𝑡 is then
calculated as:

ℎ̃𝑡 = tanh(𝑊 · [𝑟𝑡 ⊙ ℎ𝑡−1, 𝑥𝑡] + 𝑏), (3.28)
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where ⊙ denotes the Hadamard product. Finally, the new hidden state ℎ𝑡 is a linear
interpolation between the previous hidden state and the candidate hidden state:

ℎ𝑡 = (1− 𝑧𝑡)⊙ ℎ𝑡−1 + 𝑧𝑡 ⊙ ℎ̃𝑡. (3.29)

This structure reduces the complexity of LSTMs, resulting in faster training times, making
GRU suitable for real-time 5G network traffic predictions.

c) Facebook’s Prophet (FB’s Prophet)

FB’s Prophet [92] is a statistical model designed for time-series forecasting, particularly
when data exhibits strong seasonal patterns and non-linear trends. FB’s Prophet uses an
additive regression model that combines three main components: trend (𝑔(𝑡)), seasonality
(𝑠(𝑡)), and holidays or events (ℎ(𝑡)). The resulting forecasted value 𝑦(𝑡) is computed as:

𝑦(𝑡) = 𝑔(𝑡) + 𝑠(𝑡) + ℎ(𝑡) + 𝜖𝑡, (3.30)

where 𝑔(𝑡) captures the long-term trend, 𝑠(𝑡) models recurring seasonal variations, ℎ(𝑡)
includes special events that can disrupt regular patterns, and 𝜖𝑡 is the error term rep-
resenting unexplained variability. This structure allows for flexible modeling of complex
real-world time series, making it suitable for forecasting mobile network traffic with daily
and weekly cycles.

d) Convolutional Neural Networks Long Short-Term Memory (CNN-LSTM)

CNN-LSTM [93] is a hybrid deep learning model that combines CNNs for spatial fea-
ture extraction and LSTM networks for temporal sequence learning. This architecture
is particularly useful for time-series data with spatial correlations, such as 5G network
traffic, where the spatial information (e.g., cell site configurations) can be leveraged along
with temporal dynamics. The following list describes the layers and their dependencies
in CNN-LSTM:

1. CNN Layer for Spatial Feature Extraction: The CNN layers are used to extract spa-
tial features from the input data 𝑥𝑡. Each CNN layer consists of a series of convolutional
filters applied to the input, producing a feature map 𝐹 :

𝐹 = 𝜎(𝑊 * 𝑥𝑡 + 𝑏), (3.31)

where * denotes the convolution operation, 𝑊 is the weight matrix of the convolutional
filter, 𝑥𝑡 is the input at time 𝑡, and 𝑏 is the bias term.

The output feature map 𝐹 is then passed through a non-linear activation function 𝜎,
such as ReLU, to capture non-linear relationships in the data.

2. LSTM Layer for Temporal Learning: The LSTM layer takes the feature maps from
the CNN as input and learns temporal dependencies over time. Each LSTM cell in the
sequence processes the spatial features from different time steps, using the memory cells
and gating mechanisms described earlier to capture long-term dependencies. The LSTM
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equations are defined as:

𝑓𝑡 = 𝜎(𝑊𝑓 · [ℎ𝑡−1, 𝐹 ] + 𝑏𝑓 ), (3.32)

𝑖𝑡 = 𝜎(𝑊𝑖 · [ℎ𝑡−1, 𝐹 ] + 𝑏𝑖), (3.33)

𝑜𝑡 = 𝜎(𝑊𝑜 · [ℎ𝑡−1, 𝐹 ] + 𝑏𝑜), (3.34)

𝐶𝑡 = tanh(𝑊𝐶 · [ℎ𝑡−1, 𝐹 ] + 𝑏𝐶), (3.35)

𝐶𝑡 = 𝑓𝑡 ⊙ 𝐶𝑡−1 + 𝑖𝑡 ⊙ 𝐶𝑡, (3.36)

ℎ𝑡 = 𝑜𝑡 ⊙ tanh(𝐶𝑡). (3.37)

3. Combining CNN and LSTM: The output from the CNN, 𝐹 , is treated as the input
to the LSTM at each time step, which allows the network to learn temporal patterns
from spatially rich features. The combined architecture captures complex interactions in
network traffic patterns.

4. Application in 5G Networks: The CNN-LSTM model is suitable for scenarios where
both spatial and temporal patterns need to be understood. For example, in 5G networks,
spatial features such as user mobility across different cell sites and temporal variations in
data traffic can be efficiently captured by the CNN-LSTM architecture.

e) Convolutional Neural Networks Long Short-Term Memory with Hyperoptimizer
(Hyper-CNN-LSTM)

Hyper-CNN-LSTM [94] is an advanced version of the CNN-LSTM that incorporates hy-
perparameter optimization techniques, such as Bayesian Optimization and Grid Search,
to fine-tune the architecture and training parameters. The primary goal is to enhance
the model’s performance by systematically selecting the optimal set of hyperparameters,
which include learning rate, batch size, number of layers, and filter sizes. The list below
outlines the layers in Hyper-CNN-LSTM and their dependencies.

1. Hyperparameter Optimization Process: Hyperparameter optimization involves
finding the set of hyperparameters 𝜃 that minimizes the loss function ℒ. Mathemati-
cally, the optimization problem is defined as:

𝜃* = arg min
𝜃
ℒ(𝑦, 𝑓𝜃(𝑥)), (3.38)

where 𝑦 is the true label, 𝑥 is the input data, 𝑓𝜃 is the prediction function parameterized
by 𝜃, and ℒ is the loss function, typically Mean Squared Error (MSE) for regression tasks.

2. Bayesian Optimization: Bayesian Optimization is used to model the loss function ℒ
as a Gaussian Process (GP) and iteratively search for the optimal hyperparameters. The
acquisition function 𝒜(𝜃) selects the next hyperparameters to evaluate based on a trade-
off between exploration (searching new regions) and exploitation (refining known good
regions):

𝜃𝑛𝑒𝑥𝑡 = arg max
𝜃
𝒜(𝜃). (3.39)

3. Grid Search: Grid Search exhaustively evaluates a predefined set of hyperparame-
ters by computing ℒ for each combination. While computationally intensive, it provides
a comprehensive overview of model performance across a wide range of settings.
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4. Integration of Hyperoptimization with CNN-LSTM: By integrating hyperoptimiza-
tion with the CNN-LSTM model, the Hyper-CNN-LSTM achieves better generalization
and lower prediction errors. This optimization process involves tuning both the CNN and
LSTM layers’ hyperparameters, such as kernel sizes in the CNN layers and the number
of units in the LSTM cells.

5. Application in 5G Networks: The Hyper-CNN-LSTM is particularly useful in
scenarios where the network traffic is highly dynamic and unpredictable, such as during
peak usage hours or in environments with high user mobility. The model’s ability to
adaptively optimize its structure and parameters ensures high predictive accuracy and
efficient resource utilization in 5G networks.

3.2.4 Model Evaluation Metrics

Model evaluation metrics are crucial for assessing the performance of predictive models,
particularly in contexts where both accuracy and error magnitude are important con-
siderations. For evaluating the models developed using both the primary and secondary
datasets, Mean Absolute Error (MAE) and Mean Absolute Percentage Error (MAPE)
were employed as primary evaluation metrics. These metrics provided insights into the ac-
curacy and reliability of predictions for network traffic and energy consumption.

a) Mean Absolute Error (MAE)

MAE is a widely used metric in regression analysis, measuring the average magnitude
of prediction errors. It provides an intuitive understanding of prediction accuracy by
quantifying the absolute difference between predicted values and the actual observed
values. Mathematically, MAE is defined as:

MAE = 1
𝑛

𝑛∑︁
𝑖=1
|𝑦𝑖 − 𝑦𝑖|, (3.40)

where:
• 𝑛 is the number of observations,
• 𝑦𝑖 is the actual value for the 𝑖-th observation,
• 𝑦𝑖 is the predicted value for the 𝑖-th observation,
• |𝑦𝑖 − 𝑦𝑖| is the absolute error for each prediction.

MAE provides a direct measure of the average prediction error in the same units as the
data, which makes it particularly useful for evaluating models that predict network traffic
and energy consumption. Since it considers absolute values of errors, it avoids the issue
of offsetting positive and negative errors. MAE is widely favored in practice due to its
simplicity and interpretability [95,96].

b) Mean Absolute Percentage Error (MAPE)

MAPE offers a scale-independent measure of prediction accuracy by expressing the error
as a percentage of the actual values. This is particularly helpful when comparing models
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across datasets where the scale of the target variable may vary significantly. MAPE is
computed as:

MAPE = 100%
𝑛

𝑛∑︁
𝑖=1

⃒⃒⃒⃒
𝑦𝑖 − 𝑦𝑖

𝑦𝑖

⃒⃒⃒⃒
, (3.41)

where:
• 𝑛 is the total number of observations,
• 𝑦𝑖 is the actual value for the 𝑖-th observation,
• 𝑦𝑖 is the predicted value for the 𝑖-th observation,
•

⃒⃒⃒
𝑦𝑖−𝑦𝑖

𝑦𝑖

⃒⃒⃒
represents the absolute percentage error for each prediction.

MAPE expresses the error in percentage terms, making it easier to interpret relative
errors across different models and datasets. This metric is particularly useful for network
management applications, where operators need to assess model performance across sites
with varying traffic volumes and energy consumption. However, one limitation of MAPE
is that it can produce large errors when the actual values are close to zero [97,98].

Both MAE and MAPE were applied to evaluate the performance of the models devel-
oped on the primary and secondary datasets. The primary dataset, which spanned seven
months of data from multiple NodeBs, provided an extensive basis for evaluating model
performance across different cell sites. By using these metrics, we were able to quan-
tify how closely the model’s predictions aligned with actual observations, particularly
in predicting network traffic volume, latency, and energy consumption.

3.2.5 ML Model Deployment Results

This subsection evaluates the performance of ML models in predicting key network met-
rics across datasets: the primary dataset and the secondary dataset. In addition, the
secondary data set was examined from a hybrid perspective (long-term KPIs + granular
KPIs), and from a purely granular KPIs.

The initial analysis focuses on the performance of models like LSTM, GRU, and FB’s
Prophet when applied to the primary dataset, which consists of long-term data with
hourly intervals. Following this, the study investigates the hybrid approach, where both
secondary long-term and granular data are integrated to improve prediction accuracy. Fi-
nally, we shift our attention to the granular dataset, sampled at 15-minute intervals, which
demonstrates significant improvements in capturing short-term fluctuations. The goal of
this subsection is to highlight the strengths and limitations of each dataset and model
combination.

a) Primary Dataset

The primary dataset employed in this study was pivotal for assessing the performance of
various ML models in predicting network traffic volumes within 5G networks. This dataset
encompassed KPIs such as traffic volume, the number of active users, and packet loss
across four distinct sites, see Sec. 3.1. These specific KPIs were selected due to their impact
on network efficiency and QoS. Traffic volume reflects network demand, the number of
active users provides insights into network load distribution, and packet loss serves as
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a key reliability metric, collectively offering a comprehensive view of network performance.
The dataset was also processed and segregated into training and testing subsets and the
evaluation primarily focused on two metrics MAE and MAPE, as explained in detail in
Sec. 3.2.1 and Sec. 3.2.4.

Tab. 3.8 and 3.9 present a comparative analysis of the performance of of FB’s Prophet,
LSTM networks, and GRU networks in forecasting downlink and uplink traffic volumes,
respectively. The code and results are publicly available 3.

Tab. 3.8: Gained results: Comparison of network traffic volume predictions - downlink

Model Metric Site A Site B Site C Site D

FB’s Prophet

MAPE (%) 29.32 22.85 13.46 21.76

MAE (MBs) 3687.24 2162.10 2447.59 1485.08

Accuracy (%) 70.68 77.15 86.54 78.24

LSTM

MAPE (%) 7.01 10.04 6.11 6.57

MAE (MBs) 844.31 869.26 1107.10 449.28

Accuracy (%) 92.99 89.96 93.89 93.43

GRU

MAPE (%) 10.03 11.07 7.98 7.79

MAE (MBs) 1197.33 1044.07 1328.82 546.60

Accuracy (%) 89.97 88.93 92.02 92.21

Tab. 3.9: Gained results: Comparison of network traffic volume predictions - uplink

Model Metric Site A Site B Site C Site D

FB’s Prophet

MAPE (%) 62.49 31.78 12.11 32.54

MAE (MBs) 844.49 448.39 293.09 374.35

Accuracy (%) 37.51 68.22 87.89 67.46

LSTM

MAPE (%) 9.90 11.81 7.10 9.66

MAE (MBs) 164.42 163.59 178.99 107.28

Accuracy (%) 90.10 88.19 92.90 90.34

GRU

MAPE (%) 12.25 21.83 8.40 16.23

MAE (MBs) 194.50 248.77 216.14 167.68

Accuracy (%) 87.75 78.17 91.60 83.77

The analysis of the Tab. 3.8 and 3.9 reveals that the LSTM model consistently achieves
the lowest MAE and MAPE values across most sites, indicating its superior ability to
model and predict complex traffic patterns. For instance, in downlink traffic predictions
at Site A, LSTM recorded a MAE of 844.31 MB and a MAPE of 7.01%, markedly out-
performing FB’s Prophet, which had a MAE of 3687.24 MB and a MAPE of 29.32%.
Similarly, in uplink traffic at Site C, LSTM achieved a MAE of 178.99 MB and a MAPE
of 7.10%, compared to FB’s Prophet’s 293.09 MB MAE and 12.11% MAPE.

The GRU model, while not as accurate as LSTM, still outperforms FB’s Prophet in
most scenarios, particularly in environments with stable traffic patterns. For example, in
downlink traffic at Site D, GRU achieved a MAE of 546.60 MB and a MAPE of 7.79%,

3https://github.com/lizzy262/PESBiU.git
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compared to FB’s Prophet’s 1485.08 MB MAE and 21.76% MAPE. However, GRU’s per-
formance is slightly less consistent than LSTM’s, especially in more volatile environments
such as Site B, where GRU exhibited a MAPE of 21.83% in uplink traffic compared
to LSTM’s 11.81%.

Following figures (Fig.3.9-3.13) highlight the inherent variability and trends within the
dataset that the ML models must capture to make accurate predictions. However, these
are not predictions itself, but rather a way to capture a trend in the dataset. Fig. 3.9
and 3.10 illustrate the average hourly downlink and uplink traffic volumes for each site, re-
spectively. For instance, Site A and Site B, located in business districts, exhibit significant
fluctuations in traffic volume throughout the day, which contribute to higher prediction
errors for FB’s Prophet due to its reliance on statistical trends. In contrast, Sites C and D,
situated in residential areas, show more stable and predictable traffic patterns, resulting
in lower error rates for all models, particularly LSTM and GRU.

Fig. 3.9: Average hourly downlink traffic volume across sites during one day

Fig. 3.10: Average hourly uplink traffic volume across sites during one day

Fig. 3.11 displays the average hourly number of active users across all sites, correlating
with traffic volume trends depicted in Fig. 3.9 and 3.10. Sites with higher and more
consistent number of users, such as Site C, tend to have lower prediction errors, reinforcing
the effectiveness of LSTM and GRU in stable environments. Conversely, fluctuating user
counts at Sites A and B contribute to higher variability in traffic, challenging the predictive
capabilities of FB’s Prophet more than those of LSTM and GRU.
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Fig. 3.11: Average hourly number of active users across sites during one day

Fig. 3.12 illustrates the average hourly packet loss across the network, which directly
impacts the reliability and accuracy of traffic predictions. Higher packet loss rates, as
observed in Site B during peak hours, introduce noise and inconsistencies in the data,
thereby increasing the prediction errors for all models. This is particularly evident in the
uplink traffic predictions, where packet loss significantly affects the reliability of the data
being transmitted and subsequently predicted.

Fig. 3.12: Average hourly packet loss in the network across sites during one day

Lastly, Fig. 3.13 presents the average daily traffic volume across all sites for one week,
revealing trends such as decreased traffic on weekends. Sites located in residential areas
(C and D) exhibit more gradual declines compared to business districts (A and B), which
experience sharper drops corresponding to typical office hours and workweek dynamics.
This consistency in residential traffic patterns further explains the lower prediction errors
achieved by LSTM and GRU in these areas.

To further illustrate the predictive capabilities of the models, we present visualiza-
tions of the traffic predictions over a sample week for Site A and Site B. These figures
demonstrate how well each model captures the actual traffic trends.

Fig. 3.14 showcases the LSTM model’s ability to accurately predict both downlink
and uplink traffic volumes for Site A over a week. The close alignment between the
predicted and actual values highlights the model’s effectiveness in capturing the site’s
traffic dynamics.
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Fig. 3.13: Average daily traffic volume across sites during one week

Fig. 3.15 and 3.16 illustrates the average hourly traffic predictions for Site B using
both LSTM and GRU models. Fig. 3.15 compares the individual performances of LSTM
and GRU, while Fig. 3.16 demonstrates the combined implementation of both models.
In this combined approach, we tried to leverage the strengths of both architectures by
implementing an ensemble model where LSTM captures long-term dependencies in traffic
trends, while GRU efficiently processes short-term variations with its simplified gating
mechanism. The final predictions are obtained by blending the outputs of both models.
The visualizations reveal that while both combined models perform well, LSTM maintains
a slight edge in accuracy, particularly during peak traffic periods.

The comparative analysis of Tab. 3.8 and 3.9 alongside the visualizations in Fig. 3.9,
3.10, 3.11, 3.12, 3.13, 3.14, 3.15, and 3.16 underscores several key insights.

Firstly, the LSTM model demonstrates the highest accuracy across both downlink
and uplink traffic predictions, particularly excelling in environments with complex and
dynamic traffic patterns, such as Site A. Its ability to capture long-term dependencies and
adapt to varying traffic conditions makes it the most reliable model among those tested.
The visualizations in Fig. 3.14 corroborate this, showing how closely LSTM’s predictions
align with the actual traffic data over a sample week.

While the GRU model does not match LSTM’s performance, it still outperforms FB’s
Prophet in most scenarios. GRU’s simpler architecture offers computational efficiency,
making it suitable for applications where resources are limited but reasonable prediction
accuracy is still required. This is evident in the predictions for Site B, as shown in
Fig. 3.15, where both LSTM and GRU models perform well, with LSTM maintaining
a slight edge, especially during peak traffic periods.

FB’s Prophet, on the other hand, significantly lags behind both LSTM and GRU in
sites with high variability and packet loss, such as Site B. This highlights the limitations of
traditional statistical models in handling noisy and unpredictable data, where deep learn-
ing models excel. The high MAPE and MAE values for FB’s Prophet in such environments
indicate its reduced effectiveness compared to more sophisticated ML approaches.

The impact of site characteristics on model performance is also evident. Sites C
and D, located in residential areas, exhibit more consistent and predictable traffic patterns,
resulting in lower prediction errors across all models. Fig. 3.9 and 3.10 illustrate the stable
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Fig. 3.14: Sample week of downlink and uplink traffic prediction for Site A using LSTM

daily traffic volumes for these sites, which contribute to the better performance of LSTM
and GRU. In contrast, Sites A and B, situated in business districts, experience higher
traffic variability and packet loss, as shown in Fig. 3.12, posing greater challenges for
accurate predictions.

Furthermore, the distinction between downlink and uplink traffic predictions is no-
table. All models achieve better performance in predicting downlink traffic compared
to uplink traffic. This is attributed to the more predictable nature of downlink traffic,
which benefits from the temporal learning capabilities of LSTM and GRU, as well as
the statistical trend analysis employed by FB’s Prophet. Uplink traffic, being more sus-
ceptible to abrupt changes and packet loss, presents a more challenging prediction task,
reflected in the higher MAPE and MAE values observed.

The visualizations in Fig. 3.14, 3.15 and 3.16 provide tangible evidence of the models’
predictive capabilities. LSTM’s close alignment with actual traffic trends in Site A and its
superior performance in Site B demonstrate its robustness and adaptability. The combined
implementation of LSTM and GRU in Site B, as shown in Figure 3.16, further enhances
prediction accuracy, suggesting the potential benefits of ensemble approaches in complex
network environments.

Overall, these findings demonstrate that while LSTM is the most effective model for
complex and dynamic traffic patterns, GRU remains a viable alternative when computa-
tional efficiency is a concern. FB’s Prophet, in contrast, is best suited for more stable
environments, as seen in Site C. These insights are critical for optimizing network perfor-
mance, especially in scenarios where traffic variability and data quality are paramount.
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Fig. 3.15: Average hourly downlink traffic prediction using LSTM and GRU for Site B

Fig. 3.16: Combined average hourly LSTM+GRU downlink traffic predictions for Site B

b) Secondary Dataset Hybrid (Long Term + Granular KPIs)

Building on the findings from the analysis of primary dataset, where the use of long-
term data alone highlighted limitations in capturing short-term fluctuations, this section
explores a hybrid approach by integrating granular data to address these gaps. The
primary goal is to combine the strengths of long-term data, which captures overall trends,
with granular data, which provides a finer temporal resolution, to improve predictive
accuracy for key network metrics such as traffic volume and energy consumption in BBUs.

To evaluate this hybrid approach, four ML models (see Sec. 3.2.3 and previous Sec. a)),
LSTM, CNN-LSTM, GRU and Hyper-CNN-LSTM, were applied across four configura-
tions: (1) long-term data alone at 1-hour intervals, (2) granular data alone at 15-minute
intervals, (3) a combination of long-term and granular data at 1-hour intervals, and
(4) a combination of long-term and granular data at 15-minute intervals. Each con-
figuration was analyzed to identify the optimal model and dataset pairing for improving
prediction performance using this hybrid dataset structure. The following paragraphs
evaluate each model’s performance across these configurations.

1. LSTM Model: The LSTM model, known for its ability to handle temporal de-
pendencies in sequential data, was initially tested across all configurations. While
the LSTM demonstrated strong performance with long-term datasets, it struggled
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to capture rapid fluctuations in the hybrid datasets due to its sensitivity to noise and
short-term variations inherent in granular data. The performance metrics, such as
MAE and MAPE, indicated that the LSTM achieved its best results with long-term
data alone, but did not benefit significantly from the hybrid dataset at 15-minute
intervals.

2. CNN-LSTM Model: The CNN-LSTM architecture, which integrated convolu-
tional layers for spatial feature extraction with LSTM layers for temporal learning,
showed improved performance over the standalone LSTM. The convolutional lay-
ers effectively filtered noise and captured spatial dependencies within the hybrid
dataset. This model performed particularly well with the combined long-term and
granular datasets at 15-minute intervals, achieving a lower MAE and MAPE com-
pared to the LSTM. The CNN-LSTM’s ability to balance the spatial and temporal
dynamics made it a strong candidate for hybrid datasets, especially for predicting
BBU power consumption under varying traffic loads.

3. GRU Model: The GRU model, a variant of LSTM with a simplified gating mech-
anism, was evaluated to determine if its streamlined architecture would enhance
performance with hybrid datasets. The GRU model displayed robust results with
granular data alone, but its performance declined when the hybrid datasets were
used. This suggested that GRU’s simpler structure, while advantageous for short-
term granular predictions, lacked the capacity to handle the complexity introduced
by hybrid datasets that integrated multiple temporal granularities. The GRU, there-
fore, appears more suited for pure granular data scenarios rather than hybrid con-
figurations.

4. CNN-LSTM with Hyperparameter Optimization (Hyper-CNN-LSTM):
The Hyper-CNN-LSTM, incorporating Bayesian optimization to fine-tune hyperpa-
rameters such as filter sizes, LSTM units, dropout rates, and learning rates, outper-
formed all other models across the four configurations. The optimization process
allowed the model to adapt effectively to the varying characteristics of the hybrid
datasets, balancing both short-term and long-term predictive elements. The Hyper-
CNN-LSTM achieved the lowest MAE and MAPE for traffic volume and energy
consumption prediction with the combined long-term and granular dataset at 15-
minute intervals. The results highlighted the model’s ability to integrate detailed
short-term fluctuations with broader long-term trends, making it the optimal choice
for hybrid dataset applications.

The comparative analysis of these models revealed that hybrid datasets, while offer-
ing potential improvements in predictive accuracy, also introduced additional complexity
that not all models handled effectively. The CNN-LSTM and Hyper-CNN-LSTM archi-
tectures, with their capacity for simultaneous spatial and temporal learning, showed clear
advantages in harnessing the strengths of both long-term and granular datasets. On the
other hand, simpler models like LSTM and GRU were less effective, as they either over-
fitted to short-term fluctuations or failed to capture the detailed temporal patterns in the
hybrid configurations.

The best overall performance was achieved by the Hyper-CNN-LSTM with the hy-
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brid version of secondary dataset at 15-minute intervals, indicating that a finely tuned
architecture could successfully integrate granular and long-term data for high-fidelity pre-
dictions. The results for all datasets and cell sites together can be seen in Fig. 3.17. It
was counted by summing the absolute errors and absolute percentage errors, respectively,
across all prediction steps and across all BBUs and sites, and then averaging these totals
over the full evaluation period for each model.

(a) Cumulative MAE (b) Cumulative MAPE

Fig. 3.17: Cumulative results for each method - all dataset and cell sites together

Each site had multiple BBUs: Beta (B1, B2, B3), Gama (G1, G2, G3), and Delta
(D1, D2, D3). Each site represents a unique network setup with distinct traffic volume
patterns, requiring specialized predictive models to optimize performance. The results for
Hyper-CNN-LSTM are in Tab. 3.10.

Tab. 3.10: Traffic volume prediction results: Hyper-CNN-LSTM across secondary
datasets

Site Long-term (1 h) Combined (1 h) Long-term (15 min) Combined (15 min)

MAE
(MBs)

MAPE
(%)

MAE
(MBs)

MAPE
(%)

MAE
(MBs)

MAPE
(%)

MAE
(MBs)

MAPE
(%)

Beta (B1) 112.30 2.99 347.05 6.30 71.01 1.76 152.68 2.97

Beta (B2) 146.24 1.55 399.15 3.57 41.74 0.45 134.61 1.30

Beta (B3) 113.44 1.82 250.05 4.97 53.41 1.19 137.99 2.91

Gama (G1) 179.93 3.94 320.63 4.34 94.46 1.81 177.04 2.77

Gama (G2) 305.73 2.10 842.34 4.91 302.53 1.77 463.80 2.43

Gama (G3) 229.59 6.61 695.00 11.22 215.92 4.15 346.35 6.78

Delta (D1) 254.36 2.74 2311.18 19.91 117.40 1.09 1279.34 11.67

Delta (D2) 244.34 4.17 1018.79 14.28 197.43 3.27 605.33 8.57

Delta (D3) 351.20 4.69 565.55 5.13 202.17 2.33 438.35 4.86

During the integration of long-term and granular datasets, linear interpolation was
used to generate 15-minute data points from the original hourly long-term dataset. While
this technique allowed the creation of a uniform temporal granularity across datasets, it
introduced artificial smoothing effects, which masked short-term traffic spikes and led to
suboptimal predictions in scenarios with highly variable traffic patterns. Additionally,
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downsizing granular data to match the hourly intervals of the long-term dataset resulted
in a loss of critical short-term dynamics, further diminishing predictive accuracy. This
alignment issue highlighted the limitations of hybrid datasets, as the interpolated data
could not fully replicate the detailed variations present in actual high-frequency granular
data.

Based on our results, it was determined that the exclusive use of 15-minute granular
data might be more effective for scenarios requiring high-fidelity short-term predictions,
which definitely correspond to 5G+ technologies. The interpolation and aggregation tech-
niques used to align long-term and granular data introduced inaccuracies, smoothing out
essential short-term variations and impacting the model’s ability to capture dynamic net-
work behaviors. Consequently, we decided to prioritize the use of granular data at their
native resolution to preserve critical traffic fluctuations, ensuring more reliable and precise
predictions for network optimization.

c) Secondary Dataset (Granular KPIs)

The secondary dataset, sampled at 15-minute intervals, enabled more accurate short-term
predictions than in the case of primary dataset, due to its high temporal resolution. As in
the case of hybrid approach, same ML models (LSTM, GRU, CNN-LSTM and Hyper-
CNN-LSTM) were used and evaluated based on their performance for predicting total port
throughput, energy consumption, and UE downlink latency. Each model architecture was
configured to capture temporal dependencies, with LSTM and GRU utilizing two stacked
layers of 50 units each and a dropout rate of 0.2 to prevent overfitting. The CNN-LSTM
integrated a 1D convolutional layer with 64 filters before passing data through LSTM
layers, enabling it to learn both spatial and temporal patterns.

It was observed that the CNN-LSTM model consistently outperformed both the LSTM
and GRU models across all three metrics. Furthermore, the Hyper-CNN-LSTM model,
achieved again the lowest MAE and MAPE. The optimized configuration included 100
LSTM units, 64 convolutional filters, a dropout rate of 0.35, and a learning rate of 0.001,
enhancing the model’s robustness in capturing high-frequency variations. The total cumu-
lative MAE and MAPE for all cell sites for each model together can be seen in Fig. 3.18a
for total port throughput, in Fig. 3.18b energy consumption and for UE downlink latency
see Fig. 3.18c. The cumulative MAE and MAPE were calculated as the sum of abso-
lute errors and absolute percentage errors, respectively, across all prediction steps and all
BBUs per site, then aggregated over the entire test duration for each KPI.

For total port throughput prediction, the Hyper-CNN-LSTM model yielded an MAE
of 3.03 Mbps for BBU Beta (B2) and a MAPE of 9.18%, see Fig. 3.19. For energy con-
sumption prediction, the best results were achieved with an MAE of 0.18 W and a MAPE
of 0.16% for BBU Delta (D3), see Fig. 3.20a, but even BBU Gama (G3) achieved satis-
factory results, see Fig. 3.20b. The Hyper-CNN-LSTM model also provided the highest
accuracy for UE downlink latency, with an MAE of 0.49 ms and a MAPE of 6.08% for
BBU Beta (B2), see Fig. 3.21a. Fig. 3.21b then shows also promising results for the UE
downlink latency, with an MAE of 0.48 ms and a MAPE of 6.94% for BBU Gama (G2).
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(a) Total Port Throughput Prediction (b) Energy Consumption Prediction

(c) UE Downlink Latency Prediction

Fig. 3.18: Cumulative MAE and MAPE for each measured KPI and model for granular
dataset across all cell sites

The GRU model, while less computationally intensive, showed lower predictive accuracy
compared to LSTM-based models. For all the results of Hyper-CNN-LSTM, see Tab. 3.11.

Fig. 3.19: Total port throughput prediction using Hyper-CNN-LSTM for BBU B2

The results confirmed that Hyper-CNN-LSTM, with its ability to capture both tem-
poral and spatial dependencies, is the most suitable model for granular datasets. The
LSTM, despite being effective for some metrics, lacked the capacity to handle the short-
term fluctuations as effectively as the Hyper-CNN-LSTM. Thus, we concluded that the
granular dataset, in combination with a hyperparameter-optimized CNN-LSTM, is opti-
mal for our further use in BBU energy management scenario. To support this claim that
the total port throughput remains within acceptable limits, we show the worst case result
for Beta (B1) reaching aprox. MAPE 22.10%, yet still closely aligned with the actual
traffic, as shown in Fig. 3.22.
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(a) Site Delta BBU D3 (b) Site Gama BBU G3

Fig. 3.20: Avg power consumption prediction using Hyper-CNN-LSTM

(a) Site Beta BBU B2 (b) Site Gama BBU G2

Fig. 3.21: UE downlink latency prediction using Hyper-CNN-LSTM

Tab. 3.11: Total port throughput, UE downlink latency and BBU average power con-
sumption prediction results: Hyper-CNN-LSTM across granular dataset

BBU Throughput Latency Power Consumption

MAE (Mbps) MAPE (%) MAE (ms) MAPE (%) MAE (W) MAPE (%)

Beta (B1) 3.05 22.10 0.62 8.82 0.21 0.15

Beta (B2) 3.03 9.18 0.49 6.08 0.22 0.19

Beta (B3) 3.08 15.83 0.71 9.90 0.26 0.21

Gama (G1) 3.31 18.13 0.75 9.98 0.35 0.24

Gama (G2) 7.94 13.66 0.48 6.94 0.47 0.34

Gama (G3) 3.83 24.26 0.84 10.90 0.19 0.16

Delta (D1) 4.99 14.20 0.49 7.47 0.96 0.69

Delta (D2) 3.66 15.02 0.67 9.09 0.23 0.17

Delta (D3) 4.89 16.35 0.65 9.14 0.18 0.16
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Fig. 3.22: The worst case result: Total port throughput prediction using Hyper-CNN-
LSTM for BBU B1

3.3 Conclusion on Real Mobile Data and ML Predictions

This chapter on ML predictions demonstrated how diverse mobile data can improve model
accuracy. The two datasets described here were collected to capture both broad temporal
trends and fine-grained fluctuations. This dual focus was selected to expose short-range
spikes and longer cycles, giving a richer view of traffic and energy behavior.

The use of primary dataset, logged over months, provided an extended window for
understanding seasonal shifts and covered office and residential environments. Adding
the secondary dataset brought high-frequency observations from multiple sites in different
cities, helping to see abrupt variations and revealing sudden fluctuations that may be
hidden in hourly logs. The aim was to reflect typical network conditions and gather
realistic data distributions.

Model selection focused on balancing interpretability, and capacity to learn complex
patterns. Recurrent networks, such as LSTM or GRU, proved to be effective for capturing
multi-hour or daily sequences [86]. The LSTM model consistently outperformed others
in predicting traffic volumes within the primary dataset. The GRU model also showed
strong performance, though slightly less consistent than LSTM, while FB’s Prophet strug-
gled with high variability scenarios. This exploration with primary dataset motivated
the adoption of more advanced CNN-LSTM and Hyper-CNN-LSTM architectures for
secondary dataset, building on earlier lessons about model strengths and shortcomings.
Although CNN-LSTM-based approaches performed well in granular data, Hyper-CNN-
LSTM achieved even stronger performance by merging convolutional layers with recurrent
layers and using tuned hyperparameters. Fig. 3.23 summarizes the datasets and models
evolution.

A hybrid version of the secondary dataset with long-term and granular data was also
examined. The results are publicly available 4 [87]. The combined approach exhibited
promise, but interpolating hourly values into finer intervals introduced smoothing effects.
This limitation affected accuracy for abrupt changes. Hyper-CNN-LSTM coped best
with that challenge, yet direct use of granular data provided superior predictive power for
short-term demands.

4https://github.com/vafekt/Stage1_PESBiU.git
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Fig. 3.23: Datasets and tested model evolution with the best performing ones highlighted
by green color

This study’s approach - leveraging actual operator data and adopting multiple time
resolutions - was chosen so that the derived ML predictions remain relevant under chang-
ing traffic loads. The models covered varied network setups, from office blocks to urban
edges. Looking ahead, the insights and results obtained from this analysis lay a solid
foundation for the subsequent chapter (see Chap. 4), where the study will leverage these
predictive capabilities to address energy efficiency in BBUs. Specifically, the next chapter
will introduce the Predictive Energy Saving for Baseband Units (PESBiU) framework,
which builds upon the predictive models developed here to proactively manage and opti-
mize the BBU energy consumption. This progression from understanding and predicting
network behavior to actively managing energy resources exemplifies the practical appli-
cation of intelligent data-driven strategies to improve the sustainability and efficiency
of 5G+ networks.
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4 AI-Aided BBU Energy Consumption Management
As it was mentioned in Sec.2.3, energy efficiency is a critical concern in 5G networks due to
the significant increase in data traffic and the need for sustainable operations. In compar-
ison to the existing strategies detailed in Sec. 2.3, this chapter introduces the Predictive
Energy Saving for Baseband Units (PESBiU), it is a method that we created, which uses
predicted metrics for BBUs and which aims at saving energy. Initially, PESBiU 1.0 was
created as the first version of the framework. Building on its foundation, we significantly
improved the design and capabilities, resulting in the development of PESBiU 2.0. Both
versions are using the predicted data1 from the Stage 1 as described in previous Sec. 3.2.
PESBiU 1.0 was created on top of the primary dataset, with long-term data. The only
metric used was traffic volume (MBytes). By forecasting when traffic volume will reach
specific thresholds, PESBiU 1.0 proactively transitions BBUs into sleep mode before they
would do so autonomously (if at all). In PESBiU 2.0 we enhanced this framework in many
ways. We used the secondary dataset that enabled us to use more granular data and on
top of that we used three types of predicted metrics: total port throughput (Mbps), UE
DL latency (ms) and BBU AVG power consumption (W). Moreover, we implemented an
AI-aided decision engine that makes a choice when to put BBU to sleep instead of a simple
threshold based on predicted metrics.

This whole BBU energy consumption management is based on real-world data, unlike
other studies that rely on synthetic datasets. This fact allows us to validate the correlation
between traffic, energy usage, and UE experience.

Through analyzing network traffic patterns in Sec. 3.2.5, we observe that data transfer
volumes tend to decrease at predictable times, such as between 3:00 am and 5:00 am
and in business districts during weekends. During these periods, we can turn off some
BBUs to save energy. As detailed in Section 2.3, this strategy effectively reduces power
consumption. The process involves redistributing the load from BBUs operating under
low load conditions to others with available capacity, allowing some units to be shut down.

The description of the created framework is contained in the following two sections, 4.2
and 4.3. Firstly, we will describe its essentials, to understand the key notations and defini-
tions used and we will explain the parameters and conditions upon which the algorithms
operates. Then we demonstrate the efficiency of our PESBiU framework in simulated
environment, using real world dataset. The results and the code itself are publicly avail-
able 2.

4.1 Selected Models - Stage 2

In Stage 2, we will move beyond predictive modeling (addressed in Stage 1, see Sec. 3.2.3)
to the application of advanced RL models. Stage 1 provided accurate forecasts of network

1PESBiU 2.0 works also with non-predicted dataset for training the RL agents, to avoid influence by
not only predicted data, but also by actual data.

2https://github.com/lizzy262/PESBiU.git
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traffic, energy usage, and QoS metrics—essential inputs required by Stage 2’s decision-
making algorithms. Building upon these predictive capabilities, Stage 2 specifically fo-
cuses on optimizing real-time decisions for energy efficiency and resource management
within 5G+ networks. This sequential structure, moving from prediction (Stage 1) to de-
cision optimization (Stage 2), ensures precise and adaptive control over BBUs, enhancing
overall network efficiency without sacrificing quality of service.

The models were chosen for their ability to optimize dynamic decisions, handle com-
plex policy-based scenarios, and improve safety in resource allocation [99]. In this chapter,
we test which model best aligns with our needs for optimizing real-time network oper-
ations, as summarized in Tab. 4.1. This section details the structure and theoretical
background of each model for our AI-aided decision engine in a 5G+ network context.

Tab. 4.1: Overview of AI/ML models usage in this section

Stage Dataset Model Algorithm Type

Stage 2 Stage 1 Outputs DQN Decision optimization
Stage 2 Stage 1 Outputs DDDQN Decision optimization
Stage 2 Stage 1 Outputs A2C Policy-based decision making
Stage 2 Stage 1 Outputs Hybrid DDDQN Safer decision optimization

a) Deep Q-Network (DQN)

DQN [47] is a RL algorithm that combines Q-learning with deep neural networks. Q-
learning is a value-based method used to learn the optimal policy by estimating the
Q-values, which represent the expected cumulative future reward for taking an action 𝑎

in a given state 𝑠 and following a policy 𝜋 thereafter. The key idea behind DQN is to use
a deep neural network as a function approximator to estimate the Q-values. The Q-value
for a given state-action pair (𝑠𝑡, 𝑎𝑡) is updated using the Bellman equation as follows:

𝑄(𝑠𝑡, 𝑎𝑡)← 𝑄(𝑠𝑡, 𝑎𝑡) + 𝛼

[︂
𝑟𝑡 + 𝛾 max

𝑎′
𝑄(𝑠𝑡+1, 𝑎′)−𝑄(𝑠𝑡, 𝑎𝑡)

]︂
, (4.1)

where: 𝑄(𝑠𝑡, 𝑎𝑡) is the current Q-value for state 𝑠𝑡 and action 𝑎𝑡, 𝛼 is the learning rate, 𝑟𝑡 is
the reward received at time 𝑡, 𝛾 is the discount factor, which determines the importance
of future rewards, 𝑠𝑡+1 is the next state, 𝑎′ is the action taken in the next state, and
max𝑎′ 𝑄(𝑠𝑡+1, 𝑎′) is the maximum Q-value for the next state.

DQN uses two key innovations: experience replay and a target network. Experience
replay involves storing past experiences (𝑠𝑡, 𝑎𝑡, 𝑟𝑡, 𝑠𝑡+1) in a replay buffer and sampling
mini-batches for training, which reduces correlations between consecutive updates. The
target network, a separate copy of the Q-network, is used to compute the target Q-values
𝑟𝑡 + 𝛾 max𝑎′ 𝑄(𝑠𝑡+1, 𝑎′), which stabilizes learning by holding the target Q-values constant
for several iterations [47].
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b) Dueling Double Deep Q-Network (DDDQN)

DDDQN3 [100] is an enhancement of the traditional DQN that addresses the problem
of overestimation in Q-values and improves learning stability. DDDQN employs two
separately created improvements: Double Q-Learning and Dueling Network Architecture.

1. Double Q-Learning [101]: In DQN, the max operator in max𝑎′ 𝑄(𝑠𝑡+1, 𝑎′) can lead
to overestimation of Q-values. To counter this, Double Q-learning uses two separate
networks: the online network and the target network. The action selection is done using
the online network, but the Q-value for that action is evaluated using the target network.
Thus, the updated rule becomes:

𝑄(𝑠𝑡, 𝑎𝑡)← 𝑄(𝑠𝑡, 𝑎𝑡)+𝛼

[︂
𝑟𝑡 + 𝛾𝑄target(𝑠𝑡+1, arg max

𝑎′
𝑄online(𝑠𝑡+1, 𝑎′))−𝑄(𝑠𝑡, 𝑎𝑡)

]︂
. (4.2)

2. Dueling Network Architecture [48]: The dueling architecture decomposes the Q-
value into two separate estimators: the state-value function 𝑉 (𝑠) and the advantage
function 𝐴(𝑠, 𝑎). This separation allows the network to learn which states are valuable
regardless of the action taken. The final Q-value is computed as:

𝑄(𝑠, 𝑎) = 𝑉 (𝑠) + 𝐴(𝑠, 𝑎)− 1
|𝒜|

∑︁
𝑎′

𝐴(𝑠, 𝑎′), (4.3)

where 1
|𝒜|

∑︀
𝑎′ 𝐴(𝑠, 𝑎′) is the mean advantage across all actions. This modification leads to

more stable and accurate value estimates, making DDDQN particularly useful in scenarios
with complex state-action spaces, such as 5G network resource allocation.

c) Advantage Actor-Critic (A2C)

A2C [102] is a policy gradient method that combines the benefits of both policy-based and
value-based RL. In A2C, two neural networks are trained simultaneously: the actor and
the critic. The actor network 𝜋(𝑎|𝑠; 𝜃) outputs the probability distribution over actions
in a given state, and the critic network 𝑉 (𝑠; 𝜃𝑣) estimates the state value function.

1. Advantage Function: A2C improves the stability of policy gradients by using the
advantage function 𝐴(𝑠, 𝑎) instead of the raw return:

𝐴(𝑠𝑡, 𝑎𝑡) = 𝑟𝑡 + 𝛾𝑉 (𝑠𝑡+1; 𝜃𝑣)− 𝑉 (𝑠𝑡; 𝜃𝑣). (4.4)

2. Policy Update: The actor network is updated using the advantage function:

ℒpolicy = −
∑︁

𝑡

log 𝜋(𝑎𝑡|𝑠𝑡; 𝜃)𝐴(𝑠𝑡, 𝑎𝑡), (4.5)

where log 𝜋(𝑎𝑡|𝑠𝑡; 𝜃) is the log-probability of taking action 𝑎𝑡 in state 𝑠𝑡.
3. Value Update: The critic network is updated by minimizing the Temporal Difference

(TD) error:
3In some other research papers this combination of Double DQN (DDQN) and Dueling DQN is also

called D3QN.
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ℒvalue = 1
2

∑︁
𝑡

[𝑟𝑡 + 𝛾𝑉 (𝑠𝑡+1; 𝜃𝑣)− 𝑉 (𝑠𝑡; 𝜃𝑣)]2 . (4.6)

4. Entropy Regularization: To encourage exploration, an entropy term is added to
the loss function:

ℒentropy = −𝛽
∑︁

𝑡

𝐻(𝜋(𝑠𝑡; 𝜃)), (4.7)

where 𝐻(𝜋) is the entropy of the policy and 𝛽 is a scaling factor. The total loss for A2C
is:

ℒ = ℒpolicy + ℒvalue − 𝛽 · ℒentropy. (4.8)

A2C’s simultaneous optimization of actor and critic networks leads to better conver-
gence and stability, making it also well-suited for resource management in dynamic and
complex environments such as 5G networks.

4.1.1 Evaluation of RL Models

Evaluating RL models differs fundamentally from evaluating time-series prediction models
due to the dynamic nature of the environment and the agent’s interaction with it. In RL,
the primary objective is not only to make accurate predictions but to optimize a sequence
of actions that maximize a cumulative reward. Therefore, traditional metrics like MAE
and MAPE are insufficient for evaluating RL models, as they fail to capture the sequential
dependencies and the interaction between actions and states.

Instead, RL models are typically evaluated using cumulative reward, policy stability,
and constraint satisfaction. However, there is also an effective method of validating RL
models through heuristic-based approaches. These approaches serve as a comparative
baseline, where a predefined set of “correct” actions or rules is used to ensure the RL
agent’s behavior adheres to expected outcomes. Such heuristic methods allow for verifying
the correctness of the learned policy without the need for explicit train-test-validation
splits, which is a standard practice in supervised learning models [60].

The evaluation of RL models often centers on the expected cumulative reward, E[𝑅],
defined as:

E[𝑅] =
𝑇∑︁

𝑡=0
𝛾𝑡𝑟𝑡, (4.9)

where 𝑟𝑡 is the reward at time step 𝑡, 𝛾 ∈ [0, 1] is the discount factor, which determines the
weight of future rewards and 𝑇 is the time horizon over which rewards are accumulated.

The goal is to learn a policy 𝜋 that maximizes E[𝑅]. Heuristic-based approaches use
static or rule-based policies 𝜋ℎ to verify whether the learned policy 𝜋 achieves comparable
or superior cumulative rewards under similar conditions. This form of evaluation can be
expressed mathematically as:

ΔE[𝑅] = E[𝑅𝜋]− E[𝑅𝜋ℎ
], (4.10)
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where E[𝑅𝜋] is the expected reward obtained by the RL policy and E[𝑅𝜋ℎ
] is the expected

reward obtained by the heuristic policy. If ΔE[𝑅] ≥ 0, then the RL policy is considered
valid against the heuristic benchmark. This approach ensures that the RL model adheres
to the predefined “correct” set of actions and does not deviate into suboptimal or unsafe
behaviors [60].

Several studies have explored validating RL agents through heuristic methods. For
instance, persistent rule-based reinforcement learning (IntRL) systems have been used
to verify RL agents by providing rule-based advice during training, ensuring the agent’s
policy aligns with safety and performance expectations [103]. Similarly, the use of safety
shields in RL incorporates static rules to act as fallback policies to prevent the agent from
taking actions that violate critical constraints [104]. There are also other works, such as
the study [105], which argue for systematic evaluation procedures to ensure fairness and
reliability in comparing RL algorithms against heuristic counterparts.

Furthermore, hybrid approaches, such as case-based reasoning (CBR) combined with
RL, demonstrate how heuristic rules can be used iteratively to refine the agent’s learning
process. In such systems, the RL agent is guided by a case base of predefined rules, and
the policy is evaluated against these rules at each decision point [106].

One significant advantage of using heuristic-based validation is that it eliminates the
need for train-test-validation splits, as is typical in supervised learning. Since the RL
agent’s performance is compared against a static policy, the evaluation can use the entire
dataset without reserving separate subsets for testing [106,107].

The validation process can thus be expressed as a comparison of the RL policy 𝜋

against the heuristic policy 𝜋ℎ:

Validation Score =
𝑇∑︁

𝑡=0
I(𝜋(𝑠𝑡) = 𝜋ℎ(𝑠𝑡)), (4.11)

where I is an indicator function that returns 1 if the RL agent’s action 𝜋(𝑠𝑡) matches the
heuristic action 𝜋ℎ(𝑠𝑡) for state 𝑠𝑡, and 0 otherwise. A high validation score indicates that
the RL agent’s policy aligns closely with the heuristic baseline.

4.2 PESBiU 1.0

PESBiU 1.0 is a first version of the Predictive Energy Saving for Baseband Units frame-
work, that is using predicted traffic volume (MBytes) in hourly intervals from primary
dataset and puts BBU to sleep via thresholds [86]. To approximate the logic used, it is
important to note that while all BBUs utilize the same technology, variations such as the
number of connected RRHs, microchip differences, or connection types can affect power
consumption. This variability is evident at Site B in the Table 4.2, where despite 𝐵𝐵𝑈1

having the highest power consumption, it handles the lowest traffic volume. Nevertheless,
traffic flow and power consumption generally remain correlated, as shown in Fig. 4.1 and
4.2. The summary of observed values can be seen in the Table 4.2, which summarizes
total traffic volume, average traffic volume, average power consumption, and consumed
energy for the BBUs at Site B.
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The specific power consumption characteristics of each BBU, determined by setup and
hardware, ensure that despite lower traffic volume, 𝐵𝐵𝑈1’s higher power usage does not
impact the PESBiU algorithm’s decision-making process. The algorithm prioritizes traffic
volume predictions using the LSTM model in case of PESBiU 1.0, which inherently aligns
with power consumption. However, these specific power consumption characteristics are
utilized in PESBiU 2.0 algorithm for even more precise energy optimization.

Tab. 4.2: Power behavior of BBUs for Site B (primary dataset) over a selected week

Total traffic volume
[GB]

AVG traffic volume
[GB]

AVG Power
Consumption [W]

Consumed energy
[Wh]

BBU1 1690 10.06 136.77 5747.75

BBU2 2530 15.05 114.51 4812.00

BBU3 1701 10.12 117.70 4951.50

Fig. 4.1 and 4.2 illustrate the average power consumption and consumed energy, re-
spectively, in relation to traffic volume over a week, from primary dataset for Site B.
The graphs display data from Monday to Sunday, showing the correlation between traffic
volume and power usage for each BBU. While a general dependency on traffic can be
observed, the strength of this correlation appears weaker for some BBUs. This suggests
that although traffic load influences power usage, other factors such as static hardware
characteristics or baseline operational requirements play a significant role, particularly in
non-virtualized BBUs with less dynamic workload profiles.

Fig. 4.1: Hourly AVG power consumption with traffic volume during one week for BBUs
on Site B

For clarity, Fig. 4.3 presents a detailed view of the data during one workday (Tuesday),
highlighting the specific power consumption and traffic volume correlation for that day.
This finer resolution highlights minor variations that might be masked in the weekly view
and is referenced later in Sec. 4.2.2.

Above we illustrated traffic patterns regards to energy consumption throughout the
one week and one specific day from primary dataset. The following Sec. 4.2.1, will deal
with mathematical notations explanation of the parameters and conditions upon which
the PESBiU 1.0 framework operates.
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Fig. 4.2: Hourly consumed energy with traffic volume during one week for BBUs on Site B

Fig. 4.3: Hourly consumed energy with traffic volume during one workday for BBUs on
Site B

4.2.1 Notations, Definitions and Algorithm Description

Used variables include:
• 𝐵𝐵𝑈𝑠 : Set of BBUs {𝐵𝐵𝑈1, 𝐵𝐵𝑈2, 𝐵𝐵𝑈3} [-]
• 𝐶𝑖 : Capacity of 𝐵𝐵𝑈𝑖 based on analysis (𝐶𝑗 is capacity of covering BBUs) [MBytes]
• 𝑇total : Total traffic capacity, 𝑇total =

∑︀3
𝑖=1 𝐶𝑖 [MBytes]

• 𝑇pred : Predicted total traffic [MBytes]
• 𝑇pred𝑖

: Predicted traffic for 𝐵𝐵𝑈𝑖 [MBytes]
• 𝑇actual : Actual total traffic [MBytes]
• 𝑇𝑖 : Current traffic of 𝐵𝐵𝑈𝑖 [MBytes]
• Status𝑖 : Status of 𝐵𝐵𝑈𝑖, can be “active” or “sleep”
The algorithm uses rules for traffic levels for the predicted total traffic volume and

individual BBU traffic predictions to classify the traffic levels, which influences the decision
by which BBUs can be put to sleep.

• Traffic Level for Cell Site - the overall predicted traffic level, which is derived
from [108] (can also be changed, if necessary, on the basis of provider’s request)
and is categorized as follows:
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⎧⎪⎪⎪⎨⎪⎪⎪⎩
Low Traffic if 𝑇pred < 0.3 𝑇total

Medium Traffic if 0.3 𝑇total ≤ 𝑇pred ≤ 0.7 𝑇total

High Traffic if 𝑇pred > 0.7 𝑇total.

• Traffic Level for Each BBU - each BBU’s predicted traffic level is classified as:⎧⎪⎪⎪⎨⎪⎪⎪⎩
BBU.Low Traffic if 𝑇𝑝𝑟𝑒𝑑𝑖

< 0.3 𝐶𝑖

BBU.Medium Traffic if 0.3 𝐶𝑖 ≤ 𝑇𝑝𝑟𝑒𝑑𝑖
≤ 0.7 𝐶𝑖

BBU.High Traffic if 𝑇𝑝𝑟𝑒𝑑𝑖
> 0.7 𝐶𝑖.

There is a Safe Switch Mechanism applied to prevent undesirable behavior in cases
where traffic predictions may significantly deviate from real-time traffic conditions.

• Traffic Difference Monitoring - to ensure stability and avoid unpredicted changes,
the algorithm monitors the difference between actual and predicted traffic:

Δ𝑇 =
⃒⃒⃒⃒
⃒𝑇actual − 𝑇pred

𝑇pred

⃒⃒⃒⃒
⃒ .

• Threshold for Safe Switch - if the relative traffic difference Δ𝑇 exceeds 10%, all
BBUs remain operational. This threshold was chosen as a conservative baseline
to effectively balance energy savings and network stability, based on an analysis of
real-world network traffic fluctuations observed in the primary dataset. This initial
value can be changed based on the operator requirements:

Δ𝑇 > 0.1 =⇒ All BBUs remain operational.

Implementation of PESBiU 1.0 Framework

The PESBiU Framework, see Alg. 1, effectively utilizes the defined notations and traffic
level classifications to manage the power states of BBUs for optimized energy usage. It
starts by predicting the total and individual BBU traffic (𝑇pred and 𝑇pred𝑖

), and classifies
the overall traffic into Low, Medium, or High levels based on defined thresholds.

Depending on the traffic level, the framework selects BBUs with the lowest predicted
traffic for potential sleep mode, setting individual wake-up thresholds at 30% of their
capacities. Before deactivating selected BBUs, the framework verifies through a redis-
tribute function that other active BBUs can comfortably absorb the redistributed traffic.
This ensures that the added traffic does not cause these active BBUs to exceed their own
thresholds or compromise network performance.

To maintain network stability, if the actual traffic differs from predicted values by
more than 10% (which can be modified, depending on the operator’s preference), no
BBUs enter sleep mode, keeping the network fully operational to handle unpredicted
traffic fluctuations.

Finally, the framework primarily uses predicted traffic data to reactivate any sleeping
BBU once forecasts show that its load exceeds the predefined 30% wake-up threshold.
Active BBUs or associated RRUs monitor actual traffic during sleep mode and triggers
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immediate activation if real-time loads approach or exceed predictions. This ensures that
the system stays responsive, prevents performance degradation, and reduces unnecessary
energy consumption.

Algorithm 1 PESBiU 1.0 Framework
Input: 𝑇total, 𝑇pred, 𝐶𝑖 for 𝑖 = 1, 2, 3
Output: Updated statuses of BBUs (’sleep’ or ’active’)
Detecting Opportunity:

1: 𝑇pred = PredictTotalTraffic()
2: 𝑇pred𝑖

= PredictTrafficForBBU(𝑖)

3: TrafficLevel =

⎧⎪⎨⎪⎩
L if 𝑇pred < 0.3 𝑇total

M if 0.3 𝑇total ≤ 𝑇pred ≤ 0.7 𝑇total

H if 𝑇pred > 0.7 𝑇total
4: if TrafficLevel = L then
5: Identify BBUs 𝑖1, 𝑖2, 𝑖3 such that 𝑇pred𝑖1

≤ 𝑇pred𝑖2
≤ 𝑇pred𝑖3

6: BBUsForSleep← {𝑖1, 𝑖2}
7: else if TrafficLevel = M then
8: Identify BBUs 𝑖1, 𝑖2, 𝑖3 such that 𝑇pred𝑖1

≤ 𝑇pred𝑖2
≤ 𝑇pred𝑖3

9: BBUsForSleep← {𝑖1}
10: else
11: BBUsForSleep← ∅
12: end if
13: for 𝑖 in BBUsForSleep do
14: WakeUpThreshold𝑖 ← 0.3𝐶𝑖

15: end for
Validation Check of Covering BBUs:

16: for 𝑖 in BBUsForSleep do
17: for 𝑗 in BBUs ∖ {𝑖} do
18: if Status𝑗 ̸= sleep and 𝑇𝑝𝑟𝑒𝑑𝑗

+ 𝑇𝑝𝑟𝑒𝑑𝑖
< WakeUpThreshold𝑗 and WakeUpThreshold𝑗 ≥ 0.7 𝐶𝑗 then

19: CoveringBBUs← CoveringBBUs ∪ {𝑗}
20: end if
21: end for
22: end for

Entering Sleep Mode:
23: for 𝑖 in BBUsForSleep do
24: Transfer 𝑇𝑝𝑟𝑒𝑑𝑖

to one of CoveringBBUs
25: Status𝑖 ← sleep
26: end for

Safe Switch Mechanism:
27: if Δ𝑇 > 0.1 then
28: All BBUs remain operational
29: end if

Wake-Up BBUs:
30: for 𝑗 in BBUs ∖ BBUsForSleep do
31: if 𝑇𝑝𝑟𝑒𝑑𝑗

+ 𝑇𝑝𝑟𝑒𝑑𝑖
> WakeUpThreshold𝑗 for any 𝑖 in BBUsForSleep then

32: Status𝑖 ← active
33: end if
34: end for
35: for 𝑖 in BBUsForSleep do
36: if 𝑇𝑝𝑟𝑒𝑑𝑖

> WakeUpThreshold𝑖 then
37: Status𝑖 ← active
38: end if
39: end for=0

4.2.2 Evaluation of PESBiU 1.0 Framework

To validate the PESBiU 1.0 framework, we tested it on a specific workday (Tuesday)
within the selected week to evaluate potential energy savings. As illustrated in Fig. 4.3,
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which utilizes values obtained through a standard function. The predicted data for the
simulation were generated using LSTM recurrent neural networks. By forecasting future
network traffic load and applying the PESBiU 1.0 framework, we were able to estimate
the necessary number of BBUs required to operate the network efficiently without under-
utilizing available BBUs.

Our observations included instances where one BBU was offline, and the remaining
two BBUs had to compensate by covering its data traffic. This scenario enabled us to
determine a coefficient representing the increase in energy consumption due to traffic re-
distribution, set at 0.05 for every 1 percent increase in covered traffic. This coefficient was
incorporated into our simulation to adjust the calculated energy consumption accurately.

The graphical results in Fig. 4.4 demonstrate that between 2:00 am and 5:00 am, it was
possible to put two BBUs into sleep mode, reducing energy consumption from 273 Wh to
90 Wh during that 3-hour period. For the total of 5 hours, the network operated with only
two BBUs. Overall, the application of the PESBiU 1.0 algorithm resulted in an energy
saving of 332.35 Wh for 24 hours, which corresponds to a 15.12 % reduction for the entire
day. This estimation is based on an assumed BBU capacity of 25 GB per hour, derived
from weekly observations.

Fig. 4.4: Hourly predicted number of active BBUs, traffic volume, and energy consump-
tion over one workday using PESBiU 1.0 with LSTM

4.3 PESBiU 2.0

PESBiU 2.0 builds on its predecessor PESBiU 1.0 and enhances the framework from all
perspectives. First of all, it works with secondary dataset granular 15 mins data using
Hyper-CNN-LSTM prediction compared to hourly data from primary dataset using LSTM
prediction in PESBiU 1.0, which enables more accurate short-term predictions due to its
higher temporal resolution.

Secondly, the change of dataset brings also another improvement. We use total port
throughput (Mbps) instead of total traffic volume (MBytes) (their difference is explained
in detail in Sec. 3.1.1), which gives us a more complex metric. Another difference is the
use of BBU AVG power consumption (W) instead of consumed energy (Wh), due to the
higher fluctuation since we lower the time interval. The last predicted metric that is used
in PESBiU 2.0 is UE DL latency (ms), which gives us the QoS control check.
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The biggest enhancement, however, is the use of AI-aided engine for making the
decision when to put BBU to sleep instead of simple threshold based on predicted metrics.
PESBiU 2.0 is an agentic system4 that is trained on secondary granular dataset using
actual and predicted data to efficiently manage network resources, particularly BBUs,
to optimize throughput and latency while minimizing energy consumption. Training on
actual data allowed agents to learn genuine relationships and patterns in network behavior.
Moreover, with combination with predicted data, it enables agents to improve agents’
robustness to data inaccuracies and ensure they can handle predicted data effectively.

PESBiU 2.0 builds on these improvements with a modular design that ties together
data collection, prediction, and decision-making, as shown in Fig. 4.5. To explain the gen-
eral structure, the primary modules include:

• Data Acquisition Module: This module gathers granular data at 15-minute
intervals from operational KPIs of BBUs and RRUs. The collected metrics include
traffic volume, UE latency, and energy consumption.

• Prediction Module: Advanced ML models, such as a hybrid CNN-LSTM archi-
tecture, are used to forecast traffic patterns and energy consumption under varying
network loads.

• Decision Engine: An AI-aided decision-making mechanism optimizes the power
states (active or sleep) of BBUs based on the input of predicted traffic and real-time
KPI data. Techniques such as DDDQN and hybrid variants with threshold-based
or fallback strategies ensure robustness against traffic spikes. The decision engine
can be considered as an agent.

• Control Module: This module manages the implementation of energy-saving ac-
tions based on agent decision, dynamically adjusting the operational state of BBUs
to improve energy savings while meeting QoS requirements.

Fig. 4.5: General structure of PESBiU 2.0: The illustration of system workflow, detailing
data acquisition, preprocessing and traffic prediction, decision-making and BBU state
transitions through the control module

4Agentic system refers to the system’s ability to act autonomously in optimizing energy consumption
decisions for BBUs using RL.
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4.3.1 Traffic Patterns and Correlations Across Cell Sites

In PESBiU 2.0, we pretrained three agents to manage BBU energy-saving decisions by
learning optimal sleep and active state transitions based on predicted/actual traffic pat-
terns. Each agent was tailored for a specific location type: Remote area (Site Beta),
Office area (Site Delta), and Residential area (Site Gama). This enables mobile operators
to leverage transfer learning, eliminating the need to train agents from scratch in similar
environments.

Fig. 4.6 illustrates the average power consumption in relation to Total Traffic Through-
put over a week, from secondary granular dataset for Site Beta, Delta and Gama, respec-
tively. The graphs display data from Monday to Sunday, showing the correlation between
Traffic Throughput and power usage for each BBU.

(a) Site Beta (b) Site Delta

(c) Site Gama

Fig. 4.6: Hourly AVG power consumption with total traffic throughput during one week
for BBUs on site: (a) Beta (b) Delta (c) Gama

On the other hand, Fig. 4.7 shows the average power consumption, respectively, in
relation to Total Traffic Throughput over one workday (Tuesday), from secondary granular
dataset for all sites: Beta, Delta and Gama. The graphs display data for all 24 hours,
every 15 min, showing the correlation between traffic throughput and power usage for
each BBU.

The last set of figures in Fig. 4.8 shows the UE downlink latency, in relation to Total
Traffic Throughput over Tuesday, from secondary granular dataset for all sites: Beta,
Delta and Gama. The graphs display data for all 24 hours, every 15 min.

79



(a) Site Beta (b) Site Delta

(c) Site Gama
Fig. 4.7: Quarter-hourly AVG power consumption with total traffic throughput during
one workday for BBUs on site: (a) Beta (b) Delta (c) Gama

(a) Site Beta (b) Site Delta

(c) Site Gama
Fig. 4.8: Quarter-hourly UE downlink latency and total traffic throughput during one
workday for BBUs on site: (a) Beta (b) Delta (c) Gama
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4.3.2 Notations, Definitions and Algorithm Description

This section introduces the mathematical notations and clearly defines the parameters
integral to the PESBiU 2.0 framework, which was explicitly designed, developed, and
implemented as part of this thesis. PESBiU 2.0 comprises multiple algorithmic compo-
nents, each precisely defined and explained both mathematically and in narrative form to
showcase its innovative approach to network energy efficiency optimization.

Notations and definitions relevant to PESBiU 2.0 are defined as follows:
• 𝒮: Set of cell sites, 𝒮 = {𝐵, 𝐷, 𝐺}, where B is Beta, D is Delta and G is Gama.
• For each site 𝑠 ∈ 𝒮:

– ℬ𝑠: Set of BBUs at site 𝑠, ℬ𝑠 = {BBU𝑠,1, BBU𝑠,2, BBU𝑠,3} [-].
– 𝐶𝑠,𝑖: Maximum capacity of BBU𝑠,𝑖 after applying utilization factors:

𝐶𝑠,𝑖 = MaxThroughput𝑠,𝑖 ·max_utilization · coefficient [𝑀𝑏𝑝𝑠] (4.12)

– Status𝑠,𝑖(𝑡): Status of BBU𝑠,𝑖 at time 𝑡, where Status𝑠,𝑖(𝑡) ∈ {0, 1} (1 for active,
0 for sleep).

– 𝑇 pred
𝑠,𝑖 (𝑡): Predicted throughput [Mbps] of BBU𝑠,𝑖 at time 𝑡.

– 𝑇 act
𝑠,𝑖 (𝑡): Actual throughput [Mbps] of BBU𝑠,𝑖 at time 𝑡.

– 𝐸𝑠,𝑖(𝑡): Energy consumption [W] of BBU𝑠,𝑖 at time 𝑡.
– 𝐿𝑠,𝑖(𝑡): Latency [ms] of BBU𝑠,𝑖 at time 𝑡.
– 𝑘𝑠,𝑖, 𝐸base,𝑠,𝑖: Energy coefficients determined via linear regression for BBU𝑠,𝑖.
– 𝑚𝑠,𝑖, 𝐿base,𝑠,𝑖: Latency coefficients determined via linear regression for BBU𝑠,𝑖.

• Coefficients and Parameters:
– 𝛼: Weight for energy savings [-].
– 𝛽: Weight for latency penalty [-].
– 𝛾: Weight for overload penalty [-].
– 𝛿: Base overload prevention bonus [-].
– 𝜃: Threshold for safe switch mechanism [%].
– 𝜃𝑠,𝑖(𝑡): Adaptive fallback threshold, a time-varying threshold for site 𝑠 and

BBU 𝑖 at time 𝑡 (optional, see below).
– MAX_LATENCY_INCREASE: Maximum allowable latency increase per step [ms].
– 𝑇MAX_OVERLOAD: Maximum allowable overload traffic [Mbps].

The first crucial step within the PESBiU 2.0 framework is the state representation
for each agent, see Algorithm 2.1. The state observation algorithm, explicitly designed
and implemented as part of this thesis, collects crucial temporal and operational metrics
for real-time decision-making. This procedure begins by taking the current time step 𝑡

and relevant input data, including predicted throughput 𝑇 pred
𝑠,𝑖 (𝑡), latency 𝐿𝑠,𝑖(𝑡), energy

consumption 𝐸𝑠,𝑖(𝑡), and the status Status𝑠,𝑖(𝑡) of each BBU. The decision to use these
specific metrics was driven by their proven correlation with network performance and en-
ergy consumption, as demonstrated by preliminary analyses in Sec. 3.2.2. For each site 𝑠,
the algorithm first observes the temporal features, specifically the decimal representation
of the hour, the current day of the week, and the current month. Then it proceeds to
record the predicted throughput, latency, and energy consumption for each of the three
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BBUs at the site. Additionally, it observes the operational status (active or sleep) of
each BBU. The algorithm compiles the gathered information into a state vector for the
site. This state vector contains the time features, the predicted throughput, latency, en-
ergy and status of each BBU, forming the observed state 𝑆𝑠(𝑡), which is used for further
decision-making processes.

Algorithm 2.1. State Observation for PESBiU 2.0
Input: Time 𝑡, Predicted throughput 𝑇 pred

𝑠,𝑖 (𝑡), Latency 𝐿𝑠,𝑖(𝑡), Energy 𝐸𝑠,𝑖(𝑡), Status Status𝑠,𝑖(𝑡)
Output: Observed state 𝑆𝑠(𝑡) for each site 𝑠

1: for each site 𝑠 do
2: Observe current time features:
3: Hour_decimal(𝑡), Day(𝑡), Month(𝑡)
4: Observe BBUs’ predicted throughput, latency, energy:
5:

{︀
𝑇 pred

𝑠,𝑖 (𝑡), 𝐿𝑠,𝑖(𝑡), 𝐸𝑠,𝑖(𝑡)
}︀3

𝑖=1
6: Observe BBUs’ status:
7: {Status𝑠,𝑖(𝑡)}3

𝑖=1
8: Formulate state vector:
9: 𝑆𝑠(𝑡) =

[︁
Hour_decimal(𝑡), Day(𝑡), Month(𝑡),

{︀
𝑇 pred

𝑠,𝑖 (𝑡), 𝐿𝑠,𝑖(𝑡), 𝐸𝑠,𝑖(𝑡)
}︀3

𝑖=1
, {Status𝑠,𝑖(𝑡)}3

𝑖=1

]︁
10: end for=0

The Safe Switch Mechanism (Fallback) described in Alg. 2.2 - which was also designed
specifically in the framework of this thesis - maintains network stability by addressing
significant discrepancies that occasionally arise between predicted and actual throughput
values. This algorithm was created to enhance reliability, especially in situations of in-
accurate predictions, by introducing a safeguard that prevents energy-saving mechanisms
from negatively impacting network performance. Two options were created: A) static
threshold (simpler) and B) adaptive threshold (more sophisticated), described below.

• Option A (Static): A constant threshold 𝜃 (e.g., 10%) is used. Whenever the relative
deviation exceeds 𝜃, the fallback immediately activates all BBUs at that site.

• Option B (Adaptive): Instead of a fixed 𝜃, we define a time-varying threshold 𝜃𝑠,𝑖(𝑡)
that adapts to historical forecast accuracy and time-of-day patterns. This reduces
unnecessary triggers when forecasts are stable, but lowers the threshold during pe-
riods of high error.

The algorithm receives three inputs: the predicted throughput 𝑇 pred
𝑠,𝑖 (𝑡 − 1), actual

throughput 𝑇 act
𝑠,𝑖 (𝑡 − 1), and either a static or adaptive threshold 𝜃 (or 𝜃𝑠,𝑖(𝑡)). For each

site 𝑠 and each BBU 𝑖, the algorithm calculates the relative difference Δ𝑠,𝑖(𝑡− 1) between
predicted and actual throughput at the previous time step (𝑡− 1) as follows:

Δ𝑠,𝑖(𝑡− 1) =
⃒⃒⃒⃒

𝑇 act
𝑠,𝑖 (𝑡− 1) − 𝑇 pred

𝑠,𝑖 (𝑡− 1)
𝑇 pred

𝑠,𝑖 (𝑡− 1)

⃒⃒⃒⃒
. (4.13)

The rationale behind calculating this relative difference is to provide a clear, nor-
malized measure of prediction accuracy, directly guiding the activation of the fallback
mechanism. If Δ𝑠,𝑖(𝑡 − 1) surpasses the threshold (or adaptive threshold), the fallback
mechanism is triggered. This sets all BBUs at the affected site to active:

Status𝑠,𝑖(𝑡) = 1, ∀ 𝑖 ∈ {1, 2, 3}. (4.14)
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To refine fallback activation for option B (adaptive threshold), one may define:

𝜃𝑠,𝑖(𝑡) = 𝜃0 − 𝛼acc ·
(︀
AvgErr(𝑡, 𝑤)

)︀
− 𝛼tod · TodF(𝑡), (4.15)

where 𝜃0 is a baseline threshold, AvgErr(𝑡, 𝑤) is the mean forecast error over the past
𝑤 intervals, TodF(𝑡) accounts for time-of-day variations (e.g., lower values at night).
The coefficients 𝛼acc and 𝛼tod determine the sensitivity to forecast errors and time-of-
day adjustments, respectively. This allows the fallback threshold to increase in stable
low-error scenarios (reducing false triggers) and decrease when forecast errors escalate.

Overall, the Safe Switch Mechanism ensures that no BBU is inadvertently put to
sleep under conditions of considerable predictive error, thus proactively preserving system
stability. Upon triggering this mechanism, the algorithm immediately terminates further
evaluation within the current loop. This is a deliberate implementation choice to efficiently
avoid redundant checks and rapidly respond to critical discrepancies.

Algorithm 2.2. Safe Switch Mechanism (Fallback) for PESBiU 2.0
Input: Predicted throughput 𝑇 pred

𝑠,𝑖 (𝑡 − 1), Actual throughput 𝑇 act
𝑠,𝑖 (𝑡 − 1), Static threshold 𝜃 or Adaptive

threshold 𝜃𝑠,𝑖(𝑡)
Output: Updated status S𝑠,𝑖(𝑡)

1: for each site 𝑠 do
2: for each BBU 𝑖 ∈ {1, 2, 3} do
3: Compute the relative difference:

Δ𝑠,𝑖(𝑡− 1) =

⃒⃒⃒⃒
⃒ 𝑇 act

𝑠,𝑖 (𝑡− 1) − 𝑇 pred
𝑠,𝑖 (𝑡− 1)

𝑇 pred
𝑠,𝑖 (𝑡− 1)

⃒⃒⃒⃒
⃒ .

4: Option A (Static Threshold):
5: Use a constant threshold 𝜃.
6: if Δ𝑠,𝑖(𝑡− 1) > 𝜃 then
7: Fallback Triggered: Activate all BBUs at site 𝑠

8: S𝑠,𝑖(𝑡)← 1 ∀ 𝑖 ∈ {1, 2, 3}
9: Break from loop

10: end if

11: Option B (Adaptive Threshold):
12: Use a time-varying threshold 𝜃𝑠,𝑖(𝑡), computed as:

𝜃𝑠,𝑖(𝑡) = 𝜃0 − 𝛼acc ·
(︀

AvgErr(𝑡, 𝑤)
)︀
− 𝛼tod · TodF(𝑡),

13: Compare:
Δ𝑠,𝑖(𝑡− 1) > 𝜃𝑠,𝑖(𝑡).

14: if Δ𝑠,𝑖(𝑡− 1) > 𝜃𝑠,𝑖(𝑡) then
15: Adaptive Fallback Triggered: Activate all BBUs at site 𝑠

16: S𝑠,𝑖(𝑡)← 1 ∀ 𝑖 ∈ {1, 2, 3}
17: Break from loop
18: end if
19: end for
20: end for=0

The Action Selection, see Alg. 2.3, was created to determine the optimal configuration
of active and sleep states for the BBUs at each site. The algorithm utilizes inputs including
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the observed state 𝑆𝑠(𝑡), the explicitly defined action space 𝒜, and the learned policy 𝜋,
which maps states to actions. For each site 𝑠, if the Safe Switch Mechanism (Fallback)
has not been activated, the agent autonomously selects the optimal action 𝐴𝑠(𝑡) from
the defined action set 𝒜, based on the current observed state 𝑆𝑠(𝑡) and policy 𝜋(𝑆𝑠(𝑡)).
This action specifies a particular combination of active and sleep states for the three
BBUs at the site. The algorithm then iterates through each BBU 𝑖 and updates its status
Status𝑠,𝑖(𝑡) based on the selected action’s mapping. Specifically, the BBU statuses are
set according to the predefined mappings in the ActionMapping function. This function
assigns binary statuses (1 for active, 0 for sleep) to the BBUs, precisely reflecting the
chosen action 𝐴𝑠(𝑡).

The action set was designed and implemented as follows:

𝒜 = {𝑎0, 𝑎1, 𝑎2, 𝑎3, 𝑎4, 𝑎5, 𝑎6} (4.16)

with explicitly defined BBU status mappings:

𝑎0 : [1, 0, 0] (Only BBU1 active)
𝑎1 : [0, 1, 0] (Only BBU2 active)
𝑎2 : [0, 0, 1] (Only BBU3 active)
𝑎3 : [1, 1, 0] (BBU1 and BBU2 active)
𝑎4 : [1, 0, 1] (BBU1 and BBU3 active)
𝑎5 : [0, 1, 1] (BBU2 and BBU3 active)
𝑎6 : [1, 1, 1] (All BBUs active)

(4.17)

This particular design ensures each BBU precisely transitions to the appropriate state,
in line with the agent’s real-time predictive-driven policy decisions, marking a step forward
from conventional static or heuristic-driven approaches.

Algorithm 2.3. Action Selection for PESBiU 2.0
Input: Observed state 𝑆𝑠(𝑡), Action space 𝒜, Policy 𝜋

Output: Selected action 𝐴𝑠(𝑡), Updated status Status𝑠,𝑖(𝑡)
1: for each site 𝑠 do
2: if Fallback is not triggered then
3: Agent selects action 𝐴𝑠(𝑡) ∈ 𝒜 based on policy 𝜋(𝑆𝑠(𝑡))
4: for each BBU 𝑖 ∈ {1, 2, 3} do
5: Update BBU status according to action mapping:

Status𝑠,𝑖(𝑡) = ActionMapping(𝐴𝑠(𝑡), 𝑖)

6: end for
7: end if
8: end for=0

The Environment Update and Traffic Redistribution, see Alg. 2.4 presents an approach
developed explicitly to dynamically manage traffic redistribution when BBUs at a site
enter a sleep state. The algorithm begins by using as input the current BBU statuses
Status𝑠,𝑖(𝑡), capacities 𝐶𝑠,𝑖, and actual throughput 𝑇 act

𝑠,𝑖 (𝑡) for each BBU. For each site 𝑠,
the algorithm first calculates the total traffic that needs to be redistributed, defined as
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the sum of the respective actual throughput of BBUs that are currently in a sleep state:

𝑇redistribute,𝑠(𝑡) =
∑︁

𝑖
Status𝑠,𝑖(𝑡)=0

𝑇 act
𝑠,𝑖 (𝑡). (4.18)

Next, it computes the available capacity in the active BBUs, which is determined by
subtracting the current throughput from the maximum capacity for each active BBU:

𝐶available,𝑠(𝑡) =
∑︁

𝑖
Status𝑠,𝑖(𝑡)=1

(︁
𝐶𝑠,𝑖 − 𝑇 act

𝑠,𝑖 (𝑡)
)︁

. (4.19)

The algorithm then determines if there is any overload traffic that cannot be accom-
modated by the active BBUs, calculated as:

𝑇overload,𝑠(𝑡) = max (𝑇redistribute,𝑠(𝑡)− 𝐶available,𝑠(𝑡), 0) . (4.20)

If the available capacity is greater than zero and there is traffic to be redistributed,
the algorithm redistributes the traffic proportionally among the active BBUs. For each
active BBU 𝑖, the additional throughput Δ𝑇𝑠,𝑖(𝑡) to be assigned is computed based on its
available capacity relative to the total available capacity:

Δ𝑇𝑠,𝑖(𝑡) =
𝐶𝑠,𝑖 − 𝑇 act

𝑠,𝑖 (𝑡)
𝐶available,𝑠(𝑡) · 𝑇redistribute,𝑠(𝑡). (4.21)

This additional throughput is then capped to ensure it does not exceed the BBU’s
remaining capacity, noting that the full capacity is typically not utilized in practice and
may be further limited based on operator-defined thresholds:

Δ𝑇𝑠,𝑖(𝑡)← min
(︁
Δ𝑇𝑠,𝑖(𝑡), 𝐶𝑠,𝑖 − 𝑇 act

𝑠,𝑖 (𝑡)
)︁

. (4.22)

After updating the throughput for each active BBU, the algorithm computes the cor-
responding latency increase Δ𝐿𝑠,𝑖(𝑡). This latency management component is computed
based on redistributed throughput, using a predefined linear latency coefficient 𝑚𝑠,𝑖 that
directly links additional traffic to potential latency impact:

Δ𝐿𝑠,𝑖(𝑡) = 𝑚𝑠,𝑖 ·Δ𝑇𝑠,𝑖(𝑡). (4.23)

Latency increases are carefully limited to avoid sudden spikes, while maintaining con-
sistent user experience:

Δ𝐿𝑠,𝑖(𝑡)← min (Δ𝐿𝑠,𝑖(𝑡), MAX_LATENCY_INCREASE) . (4.24)

The new latency value is then updated accordingly:

𝐿after
𝑠,𝑖 (𝑡)← 𝐿𝑠,𝑖(𝑡) + Δ𝐿𝑠,𝑖(𝑡). (4.25)
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Finally, the energy consumption is updated based on a linear relation between through-
put and energy, using the base energy 𝐸base,𝑠,𝑖 and a coefficient 𝑘𝑠,𝑖:

𝐸after
𝑠,𝑖 (𝑡)← 𝐸base,𝑠,𝑖 + 𝑘𝑠,𝑖 · 𝑇 after

𝑠,𝑖 (𝑡). (4.26)

If the available capacity cannot accommodate the redistributed traffic, the algorithm
flags that the overload traffic cannot be handled. For BBUs that are put to sleep (status
set to zero), the throughput and energy consumption are reset to zero:

𝑇 after
𝑠,𝑖 (𝑡)← 0, 𝐸after

𝑠,𝑖 (𝑡)← 0. (4.27)

This ensures that inactive BBUs do not consume any energy or handle traffic during
their sleep state.
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Algorithm 2.4. Environment Update and Traffic Redistribution for PESBiU 2.0
Input: BBU statuses Status𝑠,𝑖(𝑡), Capacities 𝐶𝑠,𝑖, Actual throughput 𝑇 act

𝑠,𝑖 (𝑡)
Output: Updated throughput 𝑇 after

𝑠,𝑖 (𝑡), Latency 𝐿after
𝑠,𝑖 (𝑡), Energy 𝐸after

𝑠,𝑖 (𝑡)
1: for each site 𝑠 do
2: Compute total traffic to redistribute:

𝑇redistribute,𝑠(𝑡) =
∑︁

𝑖
Status𝑠,𝑖(𝑡)=0

𝑇 act
𝑠,𝑖 (𝑡)

3: Compute available capacity in active BBUs:

𝐶available,𝑠(𝑡) =
∑︁

𝑖
Status𝑠,𝑖(𝑡)=1

(︀
𝐶𝑠,𝑖 − 𝑇 act

𝑠,𝑖 (𝑡)
)︀

4: Compute overload traffic:

𝑇overload,𝑠(𝑡) = max
(︀

𝑇redistribute,𝑠(𝑡)− 𝐶available,𝑠(𝑡), 0
)︀

5: if 𝐶available,𝑠(𝑡) > 0 and 𝑇redistribute,𝑠(𝑡) > 0 then
6: for each active BBU 𝑖 do
7: Compute additional throughput:

Δ𝑇𝑠,𝑖(𝑡) =
𝐶𝑠,𝑖 − 𝑇 act

𝑠,𝑖 (𝑡)
𝐶available,𝑠(𝑡)

· 𝑇redistribute,𝑠(𝑡)

8: Cap to available capacity:

Δ𝑇𝑠,𝑖(𝑡)← min
(︀

Δ𝑇𝑠,𝑖(𝑡), 𝐶𝑠,𝑖 − 𝑇 act
𝑠,𝑖 (𝑡)

)︀
9: Update throughput:

𝑇 after
𝑠,𝑖 (𝑡)← 𝑇 act

𝑠,𝑖 (𝑡) + Δ𝑇𝑠,𝑖(𝑡)

10: Compute latency increase:
Δ𝐿𝑠,𝑖(𝑡) = 𝑚𝑠,𝑖 ·Δ𝑇𝑠,𝑖(𝑡)

11: Cap latency increase:

Δ𝐿𝑠,𝑖(𝑡)← min (Δ𝐿𝑠,𝑖(𝑡), MAX_LATENCY_INCREASE)

12: Update latency:
𝐿after

𝑠,𝑖 (𝑡)← 𝐿𝑠,𝑖(𝑡) + Δ𝐿𝑠,𝑖(𝑡)

13: Update energy consumption:

𝐸after
𝑠,𝑖 (𝑡)← 𝐸base,𝑠,𝑖 + 𝑘𝑠,𝑖 · 𝑇 after

𝑠,𝑖 (𝑡)

14: end for
15: else
16: Overload traffic cannot be handled
17: end if
18: for each BBU 𝑖 with Status𝑠,𝑖(𝑡) = 0 do
19: Set:

𝑇 after
𝑠,𝑖 (𝑡)← 0, 𝐸after

𝑠,𝑖 (𝑡)← 0

20: end for
21: end for=0

87



Our unique Reward Calculation, presented in Alg. 2.5, which was created and imple-
mented, is responsible for evaluating the performance of the agents at each site based on
energy savings, latency penalties, and overload management. The algorithm was designed
to use as input the energy consumption values before and after (𝐸𝑠,𝑖(𝑡) and 𝐸after

𝑠,𝑖 (𝑡)),
throughput values before and after (𝑇 act

𝑠,𝑖 (𝑡) and 𝑇 after
𝑠,𝑖 (𝑡)), latency values before and after

(𝐿𝑠,𝑖(𝑡) and 𝐿after
𝑠,𝑖 (𝑡)), and the overload traffic 𝑇overload,𝑠(𝑡).

First, to measure how much energy is saved, we sum the total energy consumption of
all BBUs at site 𝑠 before the action, and subtract from it the total energy consumption
after the action. This idea is captured by:

𝐸savings,𝑠(𝑡) =
∑︁

𝑖

𝐸𝑠,𝑖(𝑡)−
∑︁

𝑖

𝐸after
𝑠,𝑖 (𝑡). (4.28)

This difference directly shows the total power reduction achieved by our decision at the
site in one control interval.

Next, we seek a value that is not just about raw energy savings but is also scaled by
the original (baseline) total energy use. Therefore, the normalized energy savings (NES)
is:

NES𝑠(𝑡) = 𝐸savings,𝑠(𝑡)∑︀
𝑖 𝐸𝑠,𝑖(𝑡)

. (4.29)

Dividing the energy saved at the site by the total baseline energy consumption helps to
place each site’s energy reduction on a comparable scale, allowing us to fairly measure
improvements regardless of the site’s overall power level.

We also need to gauge whether these energy savings come at the cost of poorer latency.
To do that, we first compute how much the total latency has changed after taking our
action. We weight the latency by the respective throughput, reflecting how many users
or data streams might be affected by the delay. Concretely:

Δ𝐿total,𝑠(𝑡) =
∑︁

𝑖

𝑇 after
𝑠,𝑖 (𝑡)𝐿after

𝑠,𝑖 (𝑡)−
∑︁

𝑖

𝑇 act
𝑠,𝑖 (𝑡)𝐿𝑠,𝑖(𝑡). (4.30)

This term highlights whether our action triggered any increase in overall latency that
would degrade the QoS.

To compare this latency change to the original situation at the site, we construct a
normalized latency penalty (NLP):

NLP𝑠(𝑡) = Δ𝐿total,𝑠(𝑡)∑︀
𝑖 𝑇 act

𝑠,𝑖 (𝑡)𝐿𝑠,𝑖(𝑡)
. (4.31)

Here, we divide the increase in total latency by the initial total latency, weighted by each
BBU’s previous throughput. This yields a relative measure, allowing us to assess the
severity of the latency increase compared to the site’s original baseline.

In addition to managing energy and latency, we also need a way to reflect any traffic
overload that the network cannot serve. Therefore, we compute a normalized overload
penalty (NOP):

NOP𝑠(𝑡) = min
(︂

𝑇overload,𝑠(𝑡)
𝑇MAX_OVERLOAD

, 1.0
)︂

. (4.32)
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This expression caps the penalty at 1.0 to keep it within practical bounds. Here,
𝑇MAX_OVERLOAD is the maximum allowable or “reference” overload traffic for one step,
ensuring that extreme values do not overwhelm other reward terms.

We also reward decisions that completely avoid overload. When 𝑇overload,𝑠(𝑡) is zero,
the agent has successfully steered the site away from overload, which we incentivize
through an overload prevention bonus (OPB). This bonus grows further if more BBUs
are in a sleep state while still meeting the traffic demands. Formally:

OPB𝑠(𝑡) =

⎧⎪⎨⎪⎩𝛿

(︂
1 + 𝑁inactiveBBUs,𝑠(𝑡)

𝑁totalBBUs

)︂
, if 𝑇overload,𝑠(𝑡) = 0

0, otherwise.
(4.33)

This approach rewards the agent for achieving both: no congestion (thus optimal QoS)
and energy savings (by deactivating some BBUs). The factor 𝛿 scales the weight of this
bonus in the overall reward.

Finally, we combine all these terms into the total reward 𝑅𝑠(𝑡):

𝑅𝑠(𝑡) = 𝛼 ·NES𝑠(𝑡)− 𝛽 ·NLP𝑠(𝑡)− 𝛾 ·NOP𝑠(𝑡) + OPB𝑠(𝑡). (4.34)

We choose 𝛼, 𝛽, 𝛾 to reflect the relative importance of energy savings, latency penalty,
and overload penalty. The reward thus balances multiple objectives: it increases with
energy savings, decreases if latency or overload traffic gets worse, and expands if we avoid
overload altogether. These coefficients give network operators a way to tune the agent’s
emphasis, for instance, to prioritize QoS or to meet stringent energy-saving targets.

The values of 𝛼, 𝛽, 𝛾, and 𝛿 are constants that set how important each component is
within the reward function. These coefficients were already introduced in the notations
and definitions in the beginning, see Sec. 4.3.2. The following paragraphs will explain
in greater detail why we designed them in this way to clarify how they reflect industry
practices, regulatory requirements, and operational experience.

These predefined constants are set as follows:

• 𝛼 = 0.4: Scales how much energy savings contribute to the reward.
• 𝛽 = 0.2: Sets how heavily latency penalties reduce the reward.
• 𝛾 = 1.0: Assigns high weight to overload penalties.
• 𝛿 = 0.12: Determines the baseline bonus for overload prevention.
• 𝜃 = 0.5: Threshold to decide a “safe-switch” mechanism.
• MAX_LATENCY_INCREASE = 10: Upper bound on tolerable per-step latency

increase.
• 𝑇MAX_OVERLOAD = 10: Maximum allowable overload traffic.

In the subsequent discussion, we provide a more specific rationale for each setting:
1. Alignment with Industry Standards:

Meeting recommendations from organizations such as 3GPP Release 15+ [109] and
ITU IMT-2030 [110] ensures that energy efficiency, latency, and throughput remain
balanced. Our choices for 𝛼, 𝛽, 𝛾, and 𝛿 conform to guidelines that encourage dy-
namic, adaptive power control while safeguarding service integrity.
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2. Operational Priorities and Economic constraints:
Energy consumption is a major expense for operators [111], intensifying the need
for cost-effective solutions. We place stronger emphasis on energy savings in 𝛼,
consistent with heightened economic pressure and broader environmental goals.

3. QoS Safeguards:
Although energy saving is prioritized, the reward function also keeps a focus on
throughput and latency (with 𝛽), ensuring that user experience remains accept-
able [112]. QoS thresholds from the ITU [110] and internal service-level agreements
(SLAs) serve as guardrails to prevent under-provisioning.

4. Empirical Validation:
Extensive tests on real network data helped refine the exact values. Trials 5 showed
that 𝛼 = 0.4 yields substantial reductions in power usage without triggering unac-
ceptable latency levels. Similarly, values for 𝛽 and 𝛾 were iteratively calibrated to
consistently avoid overload.

5. Flexibility and Adaptability:
The final parameter set (𝜃, MAX_LATENCY_INCREASE, 𝑇MAX_OVERLOAD, etc.)
can be readily updated to address future demands, such as stricter latency needs in
URLLC scenarios or new regulatory limits on energy consumption [43].

In this way, our weighting scheme is neither arbitrary nor static. It is the outcome
of adhering to recognized standards, matching economic realities, validating against real-
world data, and ensuring the framework can evolve with shifting network priorities.

5https://github.com/lizzy262/PESBiU.git
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Algorithm 2.5. Reward Calculation for PESBiU 2.0
Input: Energy 𝐸𝑠,𝑖(𝑡), 𝐸after

𝑠,𝑖 (𝑡), Throughput 𝑇 act
𝑠,𝑖 (𝑡), 𝑇 after

𝑠,𝑖 (𝑡), Latency 𝐿𝑠,𝑖(𝑡), 𝐿after
𝑠,𝑖 (𝑡), Overload traffic

𝑇overload,𝑠(𝑡)
Output: Reward 𝑅𝑠(𝑡)

1: for each site 𝑠 do
2: Compute energy savings:

𝐸savings,𝑠(𝑡) =
∑︁

𝑖

𝐸𝑠,𝑖(𝑡)−
∑︁

𝑖

𝐸after
𝑠,𝑖 (𝑡)

3: Compute normalized energy savings:

NES𝑠(𝑡) =
𝐸savings,𝑠(𝑡)∑︀

𝑖
𝐸𝑠,𝑖(𝑡)

4: Compute total latency increase:

Δ𝐿total,𝑠(𝑡) =
∑︁

𝑖

𝑇 after
𝑠,𝑖 (𝑡)𝐿after

𝑠,𝑖 (𝑡)−
∑︁

𝑖

𝑇 act
𝑠,𝑖 (𝑡)𝐿𝑠,𝑖(𝑡)

5: Compute normalized latency penalty:

NLP𝑠(𝑡) =
Δ𝐿total,𝑠(𝑡)∑︀
𝑖

𝑇 act
𝑠,𝑖 (𝑡)𝐿𝑠,𝑖(𝑡)

6: Compute normalized overload penalty:

NOP𝑠(𝑡) = min
(︂

𝑇overload,𝑠(𝑡)
𝑇MAX_OVERLOAD

, 1.0
)︂

7: Compute overload prevention bonus:

OPB𝑠(𝑡) =

{︃
𝛿

(︁
1 +

𝑁inactiveBBUs,𝑠(𝑡)
𝑁totalBBUs

)︁
, if 𝑇overload,𝑠(𝑡) = 0

0, otherwise

8: Compute total reward:

𝑅𝑠(𝑡) = 𝛼 ·NES𝑠(𝑡)− 𝛽 ·NLP𝑠(𝑡)− 𝛾 ·NOP𝑠(𝑡) + OPB𝑠(𝑡)

9: end for=0

The Agent Learning, see Alg. 2.6 is responsible for updating the policy of each agent
based on observed experiences to optimize decision-making over time. The algorithm uses
as input the observed states 𝑆𝑠(𝑡), the selected actions 𝐴𝑠(𝑡), the received rewards 𝑅𝑠(𝑡),
and the resulting next states 𝑆𝑠(𝑡 + 1) for each site 𝑠. For each site, the agent stores
the experience tuple (𝑆𝑠(𝑡), 𝐴𝑠(𝑡), 𝑅𝑠(𝑡), 𝑆𝑠(𝑡 + 1)) into a replay buffer. This experience
tuple captures the agent’s interaction with the environment and is used to train the
policy in a more stable manner by breaking the temporal correlations between consecutive
experiences.

Several RL models have been explored to optimize the learning process, including
a simple DQN, DDDQN, and A2C models. These models were not used simultaneously,
but individually evaluated to determine the most effective. The selection was based on
cumulative reward performance and the ability to generalize across different traffic profiles
and site-specific constraints. Additionally, a hybrid approach was used during the initial
learning phase, incorporating a Threshold algorithm (similar to PESBiU 1.0) to guide the
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agent’s behavior before switching to the learned policy. This hybrid approach ensured
a more robust starting policy and improved the learning convergence by reducing the
exploration space early on.

Once sufficient experiences are collected, the algorithm samples a mini-batch of ex-
periences from the replay buffer. For each sampled experience in the mini-batch, the
Q-values are updated according to the selected RL model. For the DQN and DDDQN
models, target Q-values are computed using a separate target network to provide more
stable learning targets. Specifically, the target Q-value for the selected action 𝐴𝑠(𝑡) is
given by:

𝑄target = 𝑅𝑠(𝑡) + 𝛾 ·max
𝐴′

𝑄target(𝑆𝑠(𝑡 + 1), 𝐴′; 𝜃−), (4.35)

where 𝛾 is the discount factor, 𝑄target is the target Q-value function, and 𝜃− represents
the weights of the target network. The online network weights 𝜃 are then updated to
minimize the loss between the current Q-values and the target Q-values, defined as:

Loss = (𝑄(𝑆𝑠(𝑡), 𝐴𝑠(𝑡); 𝜃)−𝑄target)2 . (4.36)

For the Advantage Actor-Critic (A2C) model, the policy 𝜋 and the value function
𝑉 are updated simultaneously. The policy is adjusted using the advantage function to
improve action selection, while the value function minimizes the temporal difference (TD)
error:

Advantage = 𝑅𝑠(𝑡) + 𝛾𝑉 (𝑆𝑠(𝑡 + 1))− 𝑉 (𝑆𝑠(𝑡)). (4.37)

This advantage term helps the policy network focus on actions that yield higher-than-
expected returns.

The agent’s policy 𝜋 is then updated based on the improved Q-values (for DQN mod-
els) or the advantage function (for A2C). This step ensures that the agent progressively
learns to select actions that maximize the expected cumulative reward over time. By utiliz-
ing experience replay, a hybrid initial learning phase, and a target network, the algorithm
stabilizes the learning process and mitigates issues such as divergence or overestimation,
which are common in RL models.
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Algorithm 2.6. Agent Learning for PESBiU 2.0
Input: Observed states 𝑆𝑠(𝑡), Actions 𝐴𝑠(𝑡), Rewards 𝑅𝑠(𝑡), Next states 𝑆𝑠(𝑡 + 1), Selected learning model
Output: Updated policy for each agent

1: for each site 𝑠 do
2: Store experience tuple (𝑆𝑠(𝑡), 𝐴𝑠(𝑡), 𝑅𝑠(𝑡), 𝑆𝑠(𝑡 + 1)) in replay buffer
3: Sample mini-batch from replay buffer
4: if DQN or DDDQN is selected then
5: Compute target Q-values with the target network:

𝑄target = 𝑅𝑠(𝑡) + 𝛾 ·max
𝐴′

𝑄target(𝑆𝑠(𝑡 + 1), 𝐴′; 𝜃−)

6: Minimize the Q-value loss:
Loss = (𝑄(𝑆𝑠(𝑡), 𝐴𝑠(𝑡); 𝜃)−𝑄target)2

7: Update online network weights 𝜃 using gradient descent.
8: Update policy 𝜋 based on updated Q-values.
9: else if A2C (Advantage Actor-Critic) is selected then

10: Compute advantage function:

Advantage = 𝑅𝑠(𝑡) + 𝛾𝑉 (𝑆𝑠(𝑡 + 1))− 𝑉 (𝑆𝑠(𝑡))

11: Update policy 𝜋 using advantage-based policy gradients.
12: Update value function 𝑉 by minimizing TD error:

TD Error = (𝑅𝑠(𝑡) + 𝛾𝑉 (𝑆𝑠(𝑡 + 1))− 𝑉 (𝑆𝑠(𝑡)))2

13: end if
14: Hybrid Approach (if applicable): Threshold algorithm (from PESBiU 1.0) is used for initial training
15: Use predefined rules to generate actions for initial policy training.
16: Store experience tuples for future learning stages.
17: end for=0

Final Remarks on the PESBIU 2.0 Framework

The PESBiU 2.0 framework significantly extends its predecessor by employing a multi-
agent RL framework where each agent controls the BBUs at a cell site. The agents use
predicted data and compare it with actual data to make safe decisions. A safe switch
mechanism is in place to prevent performance degradation when predictions are inac-
curate. If the actual throughput deviates significantly from the predicted throughput,
the agents activate all BBUs to ensure service quality. Agents learn to make intelligent
decisions about putting BBUs to sleep, balancing energy savings with latency and overload
penalties, and ensuring efficient network operation.
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4.4 Comparison Between PESBiU 1.0 and PESBiU 2.0

Building upon the algorithm developments outlined in previous sections, this section pro-
vides a concise, comparative analysis between PESBiU 1.0 and PESBiU 2.0. Fig. 4.9
visually illustrates the architectural evolution from PESBiU 1.0’s simpler threshold-based
energy management to PESBiU 2.0’s advanced machine learning-driven approach utiliz-
ing hybrid CNN-LSTM predictions and reinforcement learning algorithms like DDDQN.
Further, Table 4.3 offers a detailed, feature-by-feature comparison, clearly highlighting
the enhanced granularity of data, improved prediction accuracy, more dynamic decision-
making, and substantial improvements in energy savings and QoS adaptability achieved
by PESBiU 2.0. This structured comparison emphasizes PESBiU 2.0’s significant ad-
vancements in energy savings, predictive capabilities, and robustness under dynamic 5G+
network conditions.

Fig. 4.9: Graphical Comparison of PESBiU 1.0 and PESBiU 2.0 architecture
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Feature PESBiU 1.0 PESBiU 2.0

Data Granularity Hourly data from
a primary dataset.

15-minute interval data from a secondary
dataset, allowing finer predictions.

Prediction Model LSTM-based fore-
casting.

Hybrid CNN-LSTM model for improved
short-term forecasting.

Metrics Used Traffic volume
in MBytes.

Total port throughput (Mbps), UE DL la-
tency (ms), and BBU AVG power con-
sumption (W).

Decision Engine Threshold rules for
BBU sleep.

ML-driven mechanism using RL (DDDQN
and variants) with fallback/adaptive and
safe-switch mechanisms.

Energy Savings Achieved 15.12% en-
ergy savings.

Achieved up to 41.21% energy savings
(26.09% better than PESBiU 1.0).

Modularity - Modular design with separate modules
for data acquisition, prediction, decision-
making, and control.

QoS Handling - Integrated reward functions balancing en-
ergy and QoS; strong adaptability to
spikes

Adaptability - Multi-agent RL system with transfer
learning for different site types.

Energy Metric
Expression

Consumed en-
ergy (Wh).

BBU average power consumption (W),
suited to high-frequency data.

Overall Benefit Entry-level solution
that demonstrates
feasibility of predic-
tive BBU control

Robust multi-metric optimization with
higher energy gains and sustained QoS

Tab. 4.3: Detailed comparison between PESBiU 1.0 and PESBiU 2.0.

4.5 Performance Assessment of PESBiU 2.0 Framework

In this section, we present the results for each tested algorithm, along with an explanation
of the static rule-based algorithm used to validate the other tested algorithms for PESBiU
2.0. Figure 4.10 provides an overview diagram.

The PESBiU 2.0 framework was implemented and tested on a high-performance server
equipped with three NVIDIA Tesla V100S-PCIE-32GB GPUs, each configured with 32 GB
of VRAM. The system operated with the NVIDIA driver version 545.23.06 and utilized
CUDA version 12.3. The server’s total RAM was approximately 188 GB. Dedicated disk
space was 262 GB. This setup provided sufficient resources for running the required com-
putations and the training of the RL agents took approximately around 30-120 min.

It is important to highlight that the substantial hardware requirements mentioned
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Fig. 4.10: Diagram of tested algorithms for PESBiU 2.0

above pertain only to the development and experimental evaluation phases. The opera-
tional deployment of PESBiU 2.0 in a real-world environment does not necessitate such
high-performance hardware.

4.5.1 Static Rule-Based Algorithm

The static rule-based algorithm serves as a benchmark for evaluating the performance
of the RL approach, providing a baseline against which the effectiveness of RL learned
policies can be measured.

The static rule-based algorithm and the RL approach both aim to optimize energy
consumption and network performance by deciding which BBUs to put to sleep at each
time step. While they share common objectives and certain methodologies, there are
fundamental differences in how they make decisions and adapt to changing network con-
ditions. The static algorithm provides immediate heuristic decisions without learning.
In contrast, the RL approach involves learning agents that adapt over time to optimize
long-term rewards, demonstrating the potential for enhanced performance through RL.
In the following paragraphs we will explain it more deeply.

Although the Static Rule-Based Algorithm performs well in controlled, simulated set-
tings by maximizing energy savings with effective rules, it has significant limitations that
make it unsuitable for real-world, dynamic 5G+ networks. It cannot adjust to changing
traffic patterns, struggles to scale, and requires a lot of manual adjustments. These issues
highlight the need for more flexible and intelligent methods, such as RL-based algorithms,
which can automatically learn and improve energy management strategies in complex and
changing network environments.

Similarities

Both the static rule-based algorithm and the RL approach utilize similar mathematical
models, see Sec. 4.3.2, to estimate energy consumption and latency based on throughput.
Specifically, they employ linear relationships:
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𝐸𝑠,𝑖(𝑡) = 𝐸base,𝑠,𝑖 + 𝑘𝑠,𝑖 · 𝑇𝑠,𝑖(𝑡), (4.38)

𝐿𝑠,𝑖(𝑡) = 𝐿base,𝑠,𝑖 + 𝑚𝑠,𝑖 · 𝑇𝑠,𝑖(𝑡), (4.39)

where 𝐸𝑠,𝑖(𝑡) and 𝐿𝑠,𝑖(𝑡) represent the energy consumption and latency of BBU 𝑖 at site
𝑠 and time 𝑡, respectively; 𝐸base,𝑠,𝑖 and 𝐿base,𝑠,𝑖 are the base energy consumption and
latency; 𝑘𝑠,𝑖 and 𝑚𝑠,𝑖 are coefficients (see Sec. 4.3.2); and 𝑇𝑠,𝑖(𝑡) is the throughput.

Both approaches also consider energy savings, latency penalties, and overload penalties
in their reward or objective functions to balance the trade-offs between performance and
efficiency. When BBUs are put to sleep, both algorithms redistribute their traffic to
the remaining active BBUs, ensuring that user demand continues to be met.

Differences in Decision-Making Process

Despite these similarities, the two approaches differ significantly in their decision-making
processes. The static rule-based algorithm makes immediate decisions based on heuristic
evaluations at each time step without learning from past experiences. In contrast, the RL
approach involves agents that learn optimal policies over time through interactions with
the environment, aiming to maximize long-term cumulative rewards.

In the static rule-based algorithm, the decision to put a BBU to sleep is based on
a heuristic reward calculated for each BBU independently. For each BBU 𝑖 at site 𝑠, the
algorithm computes an energy efficiency metric and a latency penalty:

EnergyEfficiency𝑠,𝑖(𝑡) = 𝐸𝑠,𝑖(𝑡)
𝑇𝑠,𝑖(𝑡) + 𝜖

, (4.40)

LatencyPenalty𝑠,𝑖(𝑡) =
(︂

𝐿base,𝑠,𝑖 + 𝑚𝑠,𝑖 ·
𝑇𝑠,𝑖(𝑡)

2

)︂
− 𝐿𝑠,𝑖(𝑡), (4.41)

where 𝜖 is a small positive constant to prevent division by zero.
The heuristic reward for sleeping BBU 𝑖 is then calculated as:

𝑅sleep,𝑠,𝑖(𝑡) = EnergyEfficiency𝑠,𝑖(𝑡)− LatencyPenalty𝑠,𝑖(𝑡). (4.42)

BBUs are ranked based on 𝑅sleep,𝑠,𝑖(𝑡) in descending order. The algorithm attempts to
put BBUs to sleep starting from the one with the highest reward, ensuring that capacity
constraints are met and that at least one BBU remains active per site.

In the RL approach, agents observe the current state 𝑆𝑠(𝑡), which includes features
such as time, predicted throughput, latency, energy consumption, and BBU statuses.
Based on a learned policy 𝜋(𝑆𝑠(𝑡)), each agent selects an action 𝐴𝑠(𝑡) from the action
space 𝒜 to decide which BBUs to keep active or put to sleep.

The agents aim to maximize the expected cumulative reward:

𝑅 =
∑︁

𝑡

𝛾𝑡𝑅𝑠(𝑡), (4.43)

where 𝑅𝑠(𝑡) is the reward at time 𝑡 for site 𝑠, and 𝛾 is the discount factor.
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The reward function, see Eq. 4.34, in the RL approach is similar to that of the static
algorithm but is used differently. It incorporates normalized energy savings, latency penal-
ties, overload penalties, and overload prevention bonuses. Agents use these rewards to
update their policies over time, learning from the consequences of their actions to make
better decisions in the future.

Adaptability and Learning

A key difference lies in adaptability and learning capability. The static rule-based al-
gorithm does not adapt to changes in network conditions; it applies the same heuristic
rules consistently without learning from past performance. In contrast, the RL approach
allows agents to learn and adapt their policies based on feedback from the environment,
improving decision making over time.

Results as a Benchmark

The results of the Static Rule-Based Algorithm for the period of one week, evaluated using
three performance metrics - energy consumption, average latency, and total throughput,
are shown in Fig. 4.11. The figure shows the algorithm’s behavior in maintaining network
performance under heuristic conditions. From it we can see the exchange processes and
how energy consumption rises when total port throughput increases. Fig. 4.11 provides
a benchmark, allowing us to compare with RL models to determine if they can manage
higher peaks or balance metrics in the same way or even more effectively across the
network. In the legend, B stands for Site Beta, D stands for Site Delta, and G stands for
Site Gama.

In Fig. 4.12 we can see the BBU Sleep Counts charts for Sites Beta, Delta, and Gama,
specifically the frequency with (how often) which each BBU is put to sleep under the
static rule-based algorithm. It exhibits site-specific sleep patterns, indicating a reliance
on certain BBUs for energy savings because of the highest reward that is calculated
heuristically.

The following set of figures, Fig. 4.13, 4.14, 4.15, show results for Static Rule Based
algorithm applied on the data from Tuesday. Tuesday was chosen as an graphical example
similarly to PESBiU 1.0 and will be chosen and shown even for the other tested algorithms
in following chapter for comparison. As it represents a normal workday. The results for
the rest of the days are also compared in Chap. 5 and Appendix A.

Fig. 4.13 shows effectiveness in managing site Beta’s BBU operations. The BBU
sleep scheduling leads to significant energy savings, as shown by the substantial drop
in energy usage post-action. This efficiency gain is achieved with minimal impact on
network latency, which gains a slight increase, and throughput, which remains largely
stable despite some fluctuations.

Fig. 4.14 illustrates that BBU sleep scheduling again reduces energy consumption from
approximately 375 W to 125 W during sleep intervals, as seen in the green-shaded areas.
However, the overall reduction is not as significant as in site Beta. While latency increases
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(a) Energy consumption [W] over time (b) Average latency [ms] over time

(c) Total throughput [Mbps] over time

Fig. 4.11: Result of the metrics after applying Static Rule Based algorithm over a one
week period measurement (one time step is one 15-min interval)

(a) BBU sleep count Site Beta (b) BBU sleep count Site Delta (c) BBU sleep count Site Gama

Fig. 4.12: Total sleep count of BBUs for each cell site over one week measurement with
Static algorithm

slightly from around 6-7 ms to 7-8 ms, the throughput remains stable, ranging between
500 Mbps and 1750 Mbps with minor post-action variability.

In Fig. 4.15, site Gama, the BBU sleep patterns show that BBU1 is frequently put
to sleep for prolonged intervals, while BBU2 remains mostly active, with BBU3 showing
sporadic activity, indicating that it is not set to sleep as frequently. This could be due to
moderate traffic load or suboptimal energy efficiency gains compared to BBU1, making
sleep transitions less favorable for BBU2 or even BBU3. This is caused by the calculated
highest reward for energy efficiency for BBU3. Energy consumption decreases significantly
after the sleep actions are applied. The latency chart shows a slight increase post-action,
but remains within acceptable limits. Throughput remains steady, and no traffic is lost.
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(a) BBUs put to sleep intervals (b) Energy Consumption before and after

(c) Latency before and after PESBiU 2.0 (d) Throughput before and after PESBiU 2.0

Fig. 4.13: Site Beta - workday - results before and after Static algorithm’s decisions

(a) BBUs put to sleep intervals (b) Energy Consumption before and after

(c) Latency before and after PESBiU 2.0 (d) Throughput before and after PESBiU 2.0

Fig. 4.14: Site Delta - workday - results before and after Static algorithm’s decisions

(a) BBUs put to sleep intervals (b) Energy Consumption before and after

(c) Latency before and after PESBiU 2.0 (d) Throughput before and after PESBiU 2.0

Fig. 4.15: Site Gama - workday - results before and after Static algorithm’s decisions
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4.5.2 Threshold Algorithm

The Threshold algorithm provides an alternative heuristic approach for managing BBUs,
and is built up on the same logic as PESBiU 1.0. The Threshold-based algorithm leverages
predefined utilization and load thresholds to guide its decisions. It is included in PES-
BiU 2.0 development to manage the BBU sleep modes in a more conservative way. This
option will also be used in a special version of PESBiU 2.0 algortihm, Sec. 4.5.6 Hybrid
DDDQN.

Again, as with the Static Rule-based algorithm, the Threshold algorithm utilizes sim-
ilar mathematical models to estimate energy consumption and latency based on through-
put, as outlined in Sec. 4.3.2. Specifically, the linear relationships as follow in Eq. 4.38
and Eq. 4.39.

The Threshold-based algorithm makes decisions based on predefined utilization and
load thresholds. For each BBU 𝑖 at site 𝑠, the algorithm calculates its utilization percent-
age:

Utilization𝑠,𝑖(𝑡) = 𝑇𝑠,𝑖(𝑡)
𝐶𝑠,𝑖

· 100%, (4.44)

where 𝐶𝑠,𝑖 is the maximum capacity of BBU 𝑖 at site 𝑠 after applying utilization factors.
The algorithm then assesses the overall load of the site:

SiteLoad𝑠(𝑡) =
∑︀3

𝑖=1 𝑇𝑠,𝑖(𝑡)∑︀3
𝑖=1 𝐶𝑠,𝑖

· 100%. (4.45)

Based on these calculations, the algorithm determines the number of BBUs that can
be put to sleep:

• If SiteLoad𝑠(𝑡) < 30%, up to two BBUs can be put to sleep.
• If 30% ≤ SiteLoad𝑠(𝑡) ≤ 70%, one BBU can be put to sleep.
• If SiteLoad𝑠(𝑡) > 70%, no BBUs are put to sleep to ensure adequate capacity.
The algorithm prioritizes putting BBUs below a certain load threshold (e.g., 30%) to

sleep, ensuring that the remaining active BBUs can handle the redistributed throughput
without exceeding their capacities.

The benefits lie in simplicity of the applied logic, and in the fact that it is a more
conservative solution which is less aggressive. However, the disadvantage is that it de-
pends solely on threshold values, which may require precise tuning to match the specific
operational environment.

Results for Threshold Algorithm

The results of the Threshold algorithm for the period of one week, evaluated using three
performance metrics - energy consumption, average latency, and total throughput, are
shown in Fig. 4.16. From figures we can see that the energy saving is not as high as in
the case of ideal case of Static Rule-Based algorithm in Fig. 4.11, but on the other hand,
the latency is lower than in case of static version.

Fig. 4.17 shows BBU Sleep Counts charts for Sites Beta, Delta, and Gama over one
week and the amount of time when BBUs went to sleep. The sleep pattern is more spread
out and balanced.
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(a) Energy consumption [W] over time (b) Average latency [ms] over time

(c) Total throughput [Mbps] over time

Fig. 4.16: Result of the metrics after applying Threshold Algorithm over a one week
period measurement

(a) BBU sleep count Site Beta (b) BBU sleep count Site Delta (c) BBU sleep count Site Gama

Fig. 4.17: Total sleep count of BBUs for each cell site over one week measurement with
Threshold Algorithm

4.5.3 Deep Q-Network (DQN)

Following the Threshold Algorithm, which provides a heuristic approach for energy opti-
mization, the Deep Q-Network (DQN) introduces a dynamic and learning-driven mecha-
nism. Unlike the deterministic nature of threshold-based methods, DQN leverages RL to
adapt to varying traffic conditions by learning optimal policies over time. The algorithm
employs a neural network to approximate Q-values, representing the expected rewards
of actions given specific states, thus enabling more nuanced decisions for BBU energy
management [47].

The technical implementation of DQN for the PESBiU 2.0 algorithm was configured
with a robust set of hyperparameters to balance exploration, learning stability, and compu-
tational efficiency. The Q-network architecture consisted of three fully connected hidden
layers, each with 64 neurons and ReLU activations, paired with a dropout layer of 0.1
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to prevent overfitting. The training process utilized an Adam optimizer with a learn-
ing rate of 1 · 10−5 and a weight decay of 1 · 10−4 for regularization. A discount factor
(𝛾) of 0.99 was applied to prioritize long-term rewards. To ensure stability in learning,
a target network was updated every 100 training steps, and experience replay was used
to decorrelate training samples, leveraging a buffer size of 1000 transitions. The agent
adopted an 𝜖-greedy policy for action selection, with 𝜖 decaying from 1.0 to 0.01 over
episodes to transition from exploration to exploitation.

Results for DQN

The Fig. 4.18 shows the learning progression of the DQN agents over 500 training episodes.
Each training episode represents a single simulation run in which the agent interacts with
the environment to learn and refine its decision-making policy based on the observed
rewards. The total rewards, represented on the y-axis, increase steadily across episodes,
demonstrating the agents’ improved policies for energy management. Site Gama (G)
slightly outperforms Sites Beta (B) and Delta (D) in reward accumulation, indicating
better optimization. Early reward variability reflects exploration, while later stabilization
highlights convergence to effective energy-saving strategies.

Fig. 4.18: DQN Total reward [-] over episodes

Fig. 4.19a shows the energy consumption per episode. The trends show an initial
reduction during early training episodes, followed by stabilization as the agents converge
to efficient energy management policies. Sites Delta and Gama display slightly lower
energy usage compared to Site Beta, indicating more effective optimization for these
sites. Fig. 4.19b shows the average latency per episode. While Sites Delta and Gama
maintain low and stable latency, Site Beta exhibits occasional spikes, indicating higher
variability in latency for this site. Despite these fluctuations, the overall latency remains
within acceptable thresholds. Fig. 4.19c presents the total throughput per episode. Site
Gama consistently achieves the highest throughput, followed by sites Delta and Beta
respectively. These trends demonstrate the agents’ ability to maintain high throughput
levels while optimizing energy consumption.
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(a) Energy consumption [W] over time (b) Average latency [ms] over time

(c) Total throughput [Mbps] over time

Fig. 4.19: Result of the metrics after applying DQN over one week measurement

Fig. 4.20a depicts the distribution of actions (see Eq. 4.16) taken by the DQN agent
for Site B during training. Action 5, corresponding to BBUs 2 and 3 being active while
BBU 1 is sleeping, is the most frequently selected. This correspond to the results for
Static algorithm. Fig. 4.12a indicates the agents’ preferred configurations with energy
savings while maintaining network performance. Fig. 4.20b shows the action distribution
for Site Delta. Similar to Site Beta, the most frequent action is 5, indicating a preference
for BBUs 2 and 3 being active while BBU 1 is in sleep mode. However, actions with two
active BBUs (e.g., Actions 3 and 4) also appear with significant frequency, suggesting
that the agents adapted their decisions to varying traffic conditions at this site. Again,
it aligns with Fig. 4.12b. Fig 4.20c illustrates the action distribution for Site Gama. The
agent overwhelmingly favored action 5, where BBUs 2 and 3 remain active while BBU 1
sleeps. This reflects the agent’s optimization of energy consumption at Site Gama, which
is consistent with the results for Static algorithm. The higher frequency of action 1, where
only BBU 2 is active, further highlights site-specific traffic patterns influencing agent’s
decisions.

4.5.4 Dueling Double Deep Q-Network (DDDQN)

Building on the Deep Q-Network (DQN), the Dueling Double Deep Q-Network (DDDQN)
incorporates two major advancements: a dueling network architecture and double Q-
learning. The dueling architecture decomposes the Q-value estimation into separate
streams for advantage and value functions, allowing the agent to differentiate the value
of states from the relative importance of actions within those states. Meanwhile, double
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(a) Action distribution Beta (b) Action distribution Delta (c) Action distribution Gama

Fig. 4.20: Total sleep count of BBUs for each cell site over one week measurement with
DQN

Q-learning mitigates the overestimation bias of standard DQN by decoupling action se-
lection from action evaluation. These enhancements enable the DDDQN to perform more
robustly in complex scenarios by improving both learning stability and decision-making
accuracy [100].

The DDDQN implementation features a neural network architecture with separate
streams for value and advantage computation. The common feature extraction layer
consists of one fully connected layer with 64 neurons and a ReLU activation function. Both
the value and advantage streams use two hidden layers, each with 64 neurons and ReLU
activations, followed by their respective output layers. A dropout layer with a probability
of 0.1 is applied to enhance generalization.

The training process employs double Q-learning, where the target Q-value is computed
by using the main Q-network for action selection and the target Q-network for evaluation.
The Adam optimizer is used with a learning rate of 1 · 10−5 and weight decay of 1 · 10−4

for regularization. The replay buffer size is set to 1000, and mini-batches of size 64 are
sampled for training. Similar to the standard DQN, the target network is updated every
100 steps, and the 𝜖-greedy policy is used for exploration, with 𝜖 decaying from 1.0 to
0.01 over episodes.

Results for DDDQN

Fig. 4.21 describes the learning progress of the DDDQN agents across Sites Beta, Delta,
and Gama over 500 training episodes. Compared to the standard DQN, the agents demon-
strate faster convergence and achieve consistently higher rewards across all sites. Site
Gama outperforms the others, achieving the highest steady-state reward, indicating the
agent’s effectiveness in optimizing energy consumption and maintaining quality of service.
Sites Delta and Beta also show stable performance, with Site Delta achieving slightly
higher rewards than Site Beta. The smooth convergence and reduced variability highlight
the benefits of the DDDQN architecture.

Fig. 4.22a shows the energy consumption over 500 training episodes for the DDDQN
agents. The energy consumption stabilizes more efficiently compared to the standard
DQN, with Site Gama achieving the lowest and most stable energy usage. Sites Delta
and Beta also demonstrate reduced energy consumption after initial episodes. Notably,
the DDDQN outperforms the standard DQN by converging faster and achieving lower
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Fig. 4.21: DDDQN Total reward [-] over episodes

overall energy consumption across all sites. Fig. 4.22b illustrates the average latency per
episode for the DDDQN agents. Similar to the standard DQN, Sites Delta and Gama
maintain consistently low latencies, while Site Beta exhibits occasional spikes. However,
these spikes are less frequent and less pronounced compared to the DQN, indicating
improved stability in latency management with the DDDQN. Fig. 4.22c shows the total
throughput. The throughput trends are consistent with the standard DQN, with Site
Gama achieving the highest throughput, followed by Sites Delta and Beta respectively.
However, the throughput for DDDQN stabilizes more quickly and shows less variability,
particularly at Site Beta. This improved consistency highlights the enhanced optimization
capabilities of the DDDQN over the standard DQN.

Fig. 4.23a presents the action distribution (see Eq. 4.16) for the Site Beta under the
DDDQN agent. Action 5, where BBUs 2 and 3 are active and BBU 1 is in sleep mode,
remains the dominant choice, similar to the standard DQN results. However, action 1,
where only BBU 2 is active, occurs more frequently than in the DQN, indicating enhanced
optimization for traffic patterns that allow for a greater reduction in active BBUs. The
reduced frequency of less efficient actions like 2 and 6 highlights the agent’s improved
decision-making. Fig. 4.23b shows the action distribution for Site Delta. As for Site Beta,
action 5 is the most frequent, reflecting a consistent strategy to prioritize energy savings.
The relative frequency of actions 4 and 6 is higher compared to the DQN, suggesting that
the DDDQN better adapts to site-specific traffic conditions, allowing for more effective
combinations of active BBUs while maintaining performance. Fig. 4.23c displays the
action distribution for Site Gama. Action 5 remains overwhelmingly dominant, similar to
the results for Site Gama under the DQN. However, there is a noticeable increase in the
frequency of action 1, indicating that the agent leverages the site-specific traffic dynamics
to maximize energy savings by frequently deactivating BBUs 1 and 3. The improved
distribution of actions compared to the standard DQN suggests that the DDDQN achieves
greater adaptability and efficiency across different traffic scenarios.
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(a) Energy consumption [W] over time (b) Average latency [ms] over time

(c) Total throughput [Mbps] over time

Fig. 4.22: Result of the metrics after applying DDDQN over one week measurement

(a) Action distribution Beta (b) Action distribution Delta (c) Action distribution Gama

Fig. 4.23: Total sleep count of BBUs for each cell site over one week measurement with
DDDQN

4.5.5 Advantage Actor Critic (A2C)

The A2C algorithm represents an evolution in RL by incorporating separate actor and
critic networks. The actor network optimizes the policy by learning to select actions that
maximize long-term rewards, while the critic network evaluates the value of the states
encountered. This dual-network approach allows A2C to efficiently balance exploration
and exploitation. By leveraging the advantage function, which measures the relative
quality of an action compared to others in the same state, A2C should ensure more stable
and efficient policy updates compared to policy-gradient-only methods [102].

The A2C implementation consists of an actor network and a critic network, each with
distinct architectures. The actor network includes three fully connected layers, each with
64 neurons, ReLU activation functions, and a final softmax layer to output a probability
distribution over actions. The critic network employs a simpler structure with two hidden
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layers of 32 neurons each and ReLU activations, followed by an output layer to estimate
state values.

The training process involves optimizing the actor network by using the advantage
function, computed as the difference between the estimated return and the critic’s value
prediction. The critic network minimizes the mean squared error between its predicted
value and the actual return. An entropy regularization term is added to the actor loss
to encourage exploration, weighted by an entropy coefficient of 0.01. Both networks are
trained using the Adam optimizer with learning rates of 1 · 10−4 for the actor and 1 · 10−3

for the critic. A mini-batch size of 24 is used, and gradient clipping is applied to enhance
stability during updates. To ensure reproducibility and diversity across agents, unique
seeds are assigned for each site. This was the setup, where the best results were achieved.
However, they did not surpass the results from DQN and DDDQN.

Results for A2C

Fig. 4.24 illustrates the total rewards for sites Beta, Delta, and Gama under the A2C
algorithm. Site Gama demonstrates a strong performance, achieving consistently high
rewards by episode 100 and maintaining stability thereafter. This mirrors the efficiency
observed with DDDQN but shows slightly larger fluctuations, likely due to the exploration
mechanism of entropy regularization in A2C.

Site Delta shows a delayed convergence compared to Site Gama, stabilizing only after
approximately 200 episodes. Although the rewards remain positive, they are noticeably
lower than the results achieved by DDDQN, indicating a slower adaptation to the site’s
specific traffic dynamics. For Site Beta, the rewards remain consistent but slightly lag
behind both the DDDQN and DQN approaches, highlighting potential challenges in op-
timizing simultaneously energy efficiency and latency in this environment.

Compared to DQN, A2C demonstrates improved reward stability in Sites Delta and
Gama, particularly after convergence. However, it falls short of the higher rewards
achieved by DDDQN, suggesting that while A2C balances exploration and exploitation
effectively, the absence of value-action decoupling may limit its performance in high-
dimensional environments.

Fig. 4.24: A2C Total reward [-] over episodes

108



The energy consumption over episodes for the A2C algorithm is shown in Fig. 4.25a.
Site Gama demonstrates the most efficient energy consumption, stabilizing at a relatively
low level after initial fluctuations. Site Beta follows with slightly higher values, while Site
Delta peaks significantly higher, indicating less efficient energy management compared to
both DQN and DDDQN. Overall, A2C exhibits higher variability in energy consumption,
and its performance is not superior to DQN or DDDQN.

Fig. 4.25b shows the average latency over episodes for A2C. Site Gama maintains
stable and low latency, similar to the latency observed with DDDQN. In contrast, Site
Beta experiences frequent large spikes, significantly higher than those seen with DQN or
DDDQN, indicating A2C’s challenges in managing latency consistently.

The total throughput for A2C, presented in Fig. 4.25c, shows moderate performance
for all sites, since the result should be stable to avoid any traffic loss. The overall patterns
are not as clear as in case of DQN or DDDQN, therefore A2C delivers comparable but
not superior results.

(a) Energy consumption [W] over time (b) Average latency [ms] over time

(c) Total throughput [Mbps] over time

Fig. 4.25: Result of the metrics after applying A2C over one week measurement

The action distributions for sites under the A2C algorithm are presented in Fig. 4.26.
For Site Beta, action 5, which corresponds to keeping BBUs 2 and 3 active, dominates
with the highest frequency, followed by action 3 (BBUs 1 and 2 active). Site Delta shows
a similar pattern, with action 4 (BBUs 1 and 3 active) being the most frequent, followed
by action 6 (all BBUs active), indicating that the model ensures sufficient capacity during
higher demand. For Site Gama, action 3 (BBUs 1 and 2 active) is the most frequent,
suggesting a more balanced approach between capacity and energy efficiency for this site.

Comparing these distributions with the DQN and DDDQN results reveals notable
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differences. Both DQN and DDQN algorithms demonstrate a broader utilization of higher-
capacity actions such as 6 (all BBUs active). In contrast, A2C favors energy-saving
strategies while maintaining sufficient capacity through intermediate actions, such as 3,
4, and 5. However, A2C exhibits slightly less diversity in action selection, which could
suggest over-prioritization of specific energy-saving configurations, which is not ideal in our
case.

(a) Action distribution Beta (b) Action distribution Delta (c) Action distribution Gama

Fig. 4.26: Total sleep count of BBUs for each cell site over one week measurement with
A2C

4.5.6 Hybrid Dueling Double Deep Q-Network (DDDQN) with Threshold

Building upon the capabilities of DDDQN and the simplicity of threshold-based heuris-
tics, we created the Hybrid Dueling Double Deep Q-Network (DDDQN) with Threshold.
This hybrid approach aims to synergize the strengths of both methodologies trying to
achieve even better energy efficiency and network performance in BBU management. By
integrating threshold-based decision-making within the DDDQN framework, the hybrid
model ensures reliable baseline actions while leveraging the adaptive learning prowess
of RL to optimize complex decision scenarios.

Explanation of the algorithm

The Hybrid DDDQN with Threshold employs a two-tier decision-making process. The
initial tier utilizes predefined threshold rules to identify candidate BBUs for sleep, based
on their individual utilization metrics and the overall site load. The subsequent tier
applies the DDDQN to these candidates to fine-tune the decisions, ensuring optimal traffic
redistribution and adherence to capacity constraints. The overall algorithm operates by
selecting actions based on probability, derived from either the threshold-based heuristic
or the DDDQN agent.

The threshold-based action is determined by using predefined utilization and load
thresholds, similar to the standalone threshold algorithm described in Sec. 4.5.2. Specif-
ically, for each site 𝑠 at time 𝑡, the number of BBUs to be put to sleep, 𝑁sleep,𝑠(𝑡), is
determined based on the overall site load SiteLoad𝑠(𝑡):

• If SiteLoad𝑠(𝑡) < 30%, then 𝑁sleep,𝑠(𝑡) = 2.
• If 30% ≤ SiteLoad𝑠(𝑡) ≤ 70%, then 𝑁sleep,𝑠(𝑡) = 1.
• If SiteLoad𝑠(𝑡) > 70%, then 𝑁sleep,𝑠(𝑡) = 0.
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Subsequently, BBUs with utilization below a certain threshold (e.g. 30%) are priori-
tized for deactivation to achieve the desired 𝑁sleep,𝑠(𝑡).

Once the threshold-based selection identifies potential BBUs for sleep, the DDDQN
takes over to make more informed and optimized decisions. The DDDQN uses its learned
policies to evaluate the best possible actions for redistributing traffic and ensuring that
network performance remains optimal. By considering the broader context of the network
state, the DDDQN can adjust the initial suggestions from the threshold rules to better
suit dynamic conditions and varying traffic patterns.

To decide which action to select from which algorithm, we used probability-based
action selection. At each decision epoch 𝑡, for each BBU 𝑖 at site 𝑠, the algorithm de-
cides whether to activate or deactivate the BBU based on a confidence probability 𝜌(𝑡).
This probability determines the likelihood of using the threshold-based action versus the
DDDQN-derived action

𝑎𝑠,𝑖(𝑡) =

⎧⎨⎩𝑎threshold,𝑠,𝑖(𝑡) with probability 𝜌(𝑡),

𝑎DDDQN,𝑠,𝑖(𝑡) with probability 1− 𝜌(𝑡).
(4.46)

Here, 𝑎threshold,𝑠,𝑖(𝑡) represents the action suggested by the threshold algorithm, and
𝑎DDDQN,𝑠,𝑖(𝑡) denotes the action proposed by the DDDQN agent.

To ensure that the algorithm gradually relies more on the DDDQN agent as it gains
experience, the confidence probability 𝜌(𝑡) decays over time:

𝜌(𝑡) = max
(︁
𝜌0 · 𝛾𝑡, 𝜌min

)︁
, (4.47)

where 𝜌0 is the initial confidence probability, 𝛾 ∈ (0, 1) is the decay rate, and 𝜌min is the
minimum confidence probability to guarantee a fallback to the threshold-based heuristic.

Results for Hybrid DDDQN+Threshold

Fig. 4.27 shows the total reward over 500 episodes for the Hybrid DDDQN+Threshold
algorithm across the three sites. The Hybrid approach demonstrates a consistent learning
curve with rewards steadily increasing in the early episodes before stabilizing. Site Gama
achieves the highest final reward of approximately 250, while sites Delta and Beta plateau
at around 220 and 200, respectively.

When compared to the DDDQN alone (Fig. 4.21), the Hybrid algorithm exhibits
slightly lower overall rewards across all sites. This difference may stem from the influence
of the threshold-based rules integrated into the Hybrid model. While the threshold heuris-
tic ensures a more conservative and stable decision-making process during early episodes,
it may limit the algorithm’s ability to achieve the same level of exploration and reward
optimization as the pure DDDQN.

It is important to note that the Threshold algorithm itself does not use reward-based
performance metrics. Instead, it serves as a safe mechanism for the Hybrid approach,
particularly during the initial training phases. This integration of threshold rules likely
contributes to the Hybrid algorithm’s steady, albeit slightly lower, reward trajectory,
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as it prioritizes stability and operational safety over aggressive reward maximization.
The Threshold algorithm will be compared in more detail in Chap. 5.

Fig. 4.27: Hybrid DDDQN+Treshold Total reward [-] over episodes

Fig. 4.28a presents the energy consumption patterns. At the beginning, the energy
consumption is relatively high for all sites, reflecting the initial exploration phase of the
algorithm. As the training progresses, the Hybrid model learns to optimize BBU acti-
vation patterns, leading to a notable reduction in energy consumption. Compared to
DDDQN (Fig. 4.22a), the Hybrid algorithm achieves slightly higher energy consumption
across all sites. This difference is likely due to the inclusion of the threshold heuristic in
the Hybrid approach, which emphasizes operational safety and stability over aggressive
energy minimization. The threshold algorithm ensures that BBUs are put to sleep only
under safe conditions, which limits the energy savings potential but ensures consistent
and reliable performance.

The performance of the Hybrid DDDQN+Threshold algorithm in terms of average
latency over episodes is depicted in Fig. 4.28b. The results show relatively stable latency
similarly to pure DDDQN algorithm (Fig. 4.22b), except for Site Beta, where the Hybrid
algorithm occasionally experiences significant latency spikes.

The total throughput over episodes, as shown in Fig. 4.28c, indicates a rapid conver-
gence to a high throughput value for all scenarios, achieving stability after approximately
100 episodes. In comparison, for the DDDQN (Fig. 4.22c) the results are very similar, the
only slight difference is at the beginning, where the Threshold algorithm secured higher
throughput right at the start.

The action distribution for Site Beta, see Fig. 4.29a, highlights the preference for
activating two BBUs (action 5: BBU2 and BBU3 are active) in both the Hybrid and
DDDQN approaches. In the Hybrid model, action 5 is selected most frequently, followed
by action 1 (only BBU2 is active). The DDDQN results also prioritize action 5, but with
slightly less variability across other actions. Notably, action 0 (only BBU1 is active) and
2 (only BBU3 is active) are almost never selected in both models, showcasing consistent
optimization patterns.

For Site Delta, Fig. 4.29b and Fig.4.23, both the Hybrid model and DDDQN algo-
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(a) Energy consumption [W] over time (b) Average latency [ms] over time

(c) Total throughput [Mbps] over time

Fig. 4.28: Result of the metrics after applying Hybrid DDDQN+Treshold over one
week measurement

rithms show a strong preference for action 5 (BBU2 and BBU3 are active). The biggest
difference is in choosing action 1 (only BBU2 is active), where in case of DDDQN is chosen
more.

For Site Gama, Fig. 4.29c, both Hybrid and DDDQN approaches favor action 5 (activa-
tion of BBUs 2 and 3), followed by action 1 (only BBU2 is active). DDDQN demonstrates
a slightly more diverse action distribution compared to the Hybrid model, particularly for
actions 2 and 3, while both methods rarely select action 4 (BBU1 and BBU3 are active).

(a) Action distribution Beta (b) Action distribution Delta (c) Action distribution Gama

Fig. 4.29: Total sleep count of BBUs for each cell site over one week measurement with
Hybrid DDDQN+Treshold

The introduction of the Hybrid DDDQN with Threshold marks an enhancement in
the management of BBUs within 5G+ networks. By fusing Threshold-based rules with
the adaptive learning capabilities of DDDQN, the Hybrid model achieves a harmonious
balance between reliability and adaptability. This integration not only ensures consistent
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energy savings and network performance but also empowers the system to evolve and
optimize its policies in response to dynamic network conditions. Future work may explore
further refinements of the Hybrid model, such as dynamic threshold adjustments and
more sophisticated learning algorithms, to push the boundaries of energy-efficient network
management.

4.5.7 Dueling Double Deep Q-Network (DDDQN) with Fallback

In this section, we introduce the DDDQN with Fallback, a safety enhancement designed to
mitigate the impact of inaccurate predictions and unforeseen traffic bursts. This method
extends the capabilities of DDDQN and provides a static fallback trigger, ensuring that
whenever large discrepancies between predicted and actual throughput are observed, the
algorithm promptly reactivates all BBUs. Consequently, this mechanism preempts poten-
tial overloads or quality degradation by maintaining sufficient capacity during unexpected
traffic surges.

Even with advanced DDDQN decision making, disparities between 𝑇 pred
𝑠,𝑖 (𝑡 − 1) and

𝑇 act
𝑠,𝑖 (𝑡 − 1) can arise due to sudden changes in user demand or prediction inaccuracies.

Here, the fallback acts as a safeguard: if the following condition

Δ𝑠,𝑖(𝑡− 1) =

⃒⃒⃒⃒
⃒⃒ 𝑇 act

𝑠,𝑖 (𝑡− 1) − 𝑇 pred
𝑠,𝑖 (𝑡− 1)

𝑇 pred
𝑠,𝑖 (𝑡− 1)

⃒⃒⃒⃒
⃒⃒ > 𝜃 (4.48)

is met for any BBU 𝑖 at site 𝑠, then all BBUs at site 𝑠 revert to active status, i.e.,
Status𝑠,𝑖(𝑡) = 1 for all 𝑖 ∈ {1, 2, 3}. It is described in more detail mathematically in
Alg. 2.2. This conservative static threshold 𝜃 (e.g., 10%) has proven effective in balancing
energy efficiency with stability for many use cases. However, overly frequent triggers may
occur under moderate but recurring forecast errors.

By adding this fallback mechanism to the DDDQN agent, PESBiU 2.0 ensures that
the decision engine never puts the network at risk of overload when significant deviations
are detected. Although energy savings may be modestly reduced during these triggered
intervals, the fallback approach provides good performance in real-world deployments
where some degree of predictive error is unavoidable.

Performance Evaluation and Results for DDDQN with Fallback

The fallback mechanism in the RL framework was tested by introducing controlled dis-
crepancies between predicted and actual traffic through the preprocess_states function,
which applied random normal variations to the predicted throughput. The standard de-
viation of these variations was set based on the worst prediction outputs from Stage 1
traffic predictions, around 0.2, simulating real-world unpredictability. During each envi-
ronment step, the system calculated the relative difference between predicted and actual
traffic for each BBU, and if this difference exceeded a predefined threshold, the fallback
was triggered, forcing all BBUs at the affected site to remain active to prevent overloads.

These fallback events were logged, capturing details such as the frequency of fallbacks
triggered by each BBU, which can be seen in Fig. 4.30a, and percentage difference as
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shown in Fig. 4.30b. This testing ensured that the fallback mechanism reliably safeguarded
against unexpected traffic surges, enhancing the overall robustness of the PESBiU 2.0.
The overall results are further explained in Chap. 5.

(a) Number of Fallbacks Triggered (b) Percent Differences of Fallbacks

Fig. 4.30: Triggered Fallback and related percent differences over a week

The effectiveness of DDDQN with Fallback can be seen in Fig. 4.31, where the number
of times action 6 was chosen increased rapidly compared to Fig. 4.23.

(a) Action distribution Beta (b) Action distribution Delta (c) Action distribution Gama

Fig. 4.31: Total sleep count of BBUs for each cell site over one week measurement with
DDDQN+fallback

The DDDQN with Fallback represents an enhancement in PESBiU 2.0 framework,
balancing energy efficiency with network performance. By integrating advanced learning
architectures with safety mechanisms, this approach optimizes energy consumption while
ensuring service quality. Although energy savings may be slightly lower compared to
more aggressive strategies, this trade-off results in reduced latency and improved network
stability, particularly during unexpected traffic spikes that might be harder to predict. It
should be noted that the simulations intentionally introduced prediction errors through
the preprocess_states function, so that the real-world performance may exhibit even
better outcomes. The fallback mechanism ensures that critical services remain uninter-
rupted, making it a robust and practical solution for real-world deployments.

4.5.8 Dueling Double Deep Q-Network (DDDQN) with Adaptive Fallback

While the Static Fallback presented above is straightforward and reliable, it may seem
overly conservative or may be easily triggered under fluctuating forecast conditions. Hence,
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we proposed an Adaptive Fallback threshold, which adjusts dynamically, based on histor-
ical accuracy and time-of-day variations.

Instead of using a constant threshold 𝜃, we define a time-varying threshold 𝜃𝑠,𝑖(𝑡):

𝜃𝑠,𝑖(𝑡) = 𝜃0 − 𝛼acc
(︀
AvgErr(𝑡, 𝑤)

)︀
− 𝛼tod TodF(𝑡). (4.49)

Here, 𝜃0 is a baseline threshold (e.g., 10%), AvgErr(𝑡, 𝑤) is the rolling average of relative
prediction errors over the last 𝑤 intervals, and TodF(𝑡) captures time-of-day effects (e.g.
higher forecast volatility during busy hours). Coefficients 𝛼acc and 𝛼tod control sensitivity
to recent accuracy and diurnal cycles, respectively.

The Adaptive Fallback triggers reactivation of all BBUs at site 𝑠 if

Δ𝑠,𝑖(𝑡− 1) > 𝜃𝑠,𝑖(𝑡), (4.50)

for any BBU 𝑖. By tightening or loosening the threshold according to real-time conditions,
the system avoids unnecessary fallback events when forecasts are stably accurate, yet
swiftly responds under higher error conditions. This refined approach improves efficiency
in scenarios with moderate variability, as fewer false alarms reduce the number of forced
wake-ups.

Empirical evaluations indicate that the Adaptive Fallback balances responsiveness
with reliability, generally outperforming the static fallback in environments characterized
by predictable baseline traffic but intermittent high spikes. It also maintains service
continuity by reverting to a fully active configuration whenever prediction errors become
large.

Performance Evaluation and Results for DDDQN with Adaptive Fallback

The Adaptive Fallback mechanism was evaluated under the same conditions as the Static
Fallback baseline. However, instead of relying on a fixed threshold, the system contin-
uously adjusted the trigger level, based on recent prediction accuracy and time-of-day
effects. This dynamic adaptation aimed to reduce overly frequent fallback events, thereby
balancing energy savings with QoS more effectively.

Similar to the Static Fallback setup, random normal variations were introduced to
the predicted throughput in preprocess_states, simulating moderate forecasting errors
seen in Stage 1. Whenever the relative error exceeded the current adaptive threshold,
the fallback was activated for all BBUs at the affected site. Fewer site-wide reactivations
were observed due to tightening or loosening the adaptive threshold based on historical
accuracy. The logs recorded both the frequency and the magnitude of these triggers for
each BBU, as shown in Fig. 4.32.

As seen in Fig. 4.32a, the total number of fallback events decreased compared to the
Static Threshold setup, see Fig. 4.30a. The distribution of percent differences in Fig. 4.32b
showed more large deviations that triggered a system-wide reactivation. These outcomes
confirm that the mechanism successfully curbed unnecessary fallback operations while
still responding quickly to substantial forecast inaccuracies.

The resulting action flow under Adaptive Fallback was similar to the Static Fall-
back approach in terms of general policies. However, fewer abrupt transitions appeared,
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(a) Number of Adaptive Fallbacks
Triggered

(b) Percent Differences of Adaptive
Fallbacks

Fig. 4.32: Triggered Adaptive Fallback and related percent differences over a week

because the refined threshold avoided reactivations under moderate error conditions.
Fig. 4.33 illustrates how the action distributions remained consistent with the original
DDDQN strategy, see Fig. 4.23, with only moderate increases in fully active states during
high error intervals.

(a) Action distribution Beta (b) Action distribution Delta (c) Action distribution Gama

Fig. 4.33: Total sleep count of BBUs for each cell site over one week with
DDDQN+Adaptive fallback

These findings demonstrate that adopting a dynamic threshold reduces fallback fre-
quency. At the same time, the BBU power savings remain on par with the static approach,
as the system only tightens the criterion under stable forecasting conditions. This adapt-
ability translates into higher overall efficiency, less service interruption during modest
prediction errors, and better responsiveness to sudden spikes. Additional analysis and
broader results are discussed in Chap. 5.

Overall, the DDDQN with Adaptive Fallback feature enhances PESBiU 2.0 and the
fallback itself by refining the trade-off between safety-driven reactivations and unnecessary
fallback triggers. In practical deployments, this approach further stabilizes the network’s
operational flow and energy footprint, reflecting a balanced strategy for maintaining QoS
under fluctuating traffic conditions.
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5 Analysis and Discussion
This chapter analyzes the performance of the various algorithms implemented in the
PESBiU 2.0 framework for energy consumption management in BBUs. The evaluated al-
gorithms include the Static rule-based algorithm, Threshold algorithm, Deep Q-Network
(DQN), Dueling Double Deep Q-Network (DDDQN), Advantage Actor-Critic (A2C), and
three special versions: Hybrid DDDQN with Threshold, DDDQN with Fallback and
DDDQN with Adaptive Fallback. Among these, the Hybrid DDDQN, DDDQN with
Fallback and Adaptive Fallback, Static rule-based, and Threshold algorithms represent
original contributions specifically designed and developed for this research. The remain-
ing algorithms - DQN, DDDQN and A2C are well established, however, substantial effort
was dedicated to finetuning, optimizing hyperparameters, and adapting them to ensure
their effectiveness within our unique dataset and operational context. Moreover, lever-
aging DDDQN in PESBiU 2.0 decision engine makes it the first known implementation
of DDDQN specifically tailored for BBU energy consumption optimization in 5G and
beyond networks.

Assessment presented in this chapter focuses on comparing the overall performance
of the implemented algorithms across multiple metrics simultaneously - average energy
savings, latency, throughput, and overall efficiency. Unlike the previous chapter, which
individually assessed the algorithm behavior and specific design choices, this chapter pro-
vides a comparative analysis. It highlights relative strengths and trade-offs between
the algorithms, using data from simulations conducted over a one-week period at 15-
minute intervals from three distinct cell sites (Beta, Delta, Gama). The aim here is to
offer a broader perspective, identifying the most effective solutions for balancing energy
consumption and network performance under realistic operating conditions.

5.1 Energy Savings Analysis

The primary objective of the PESBiU 2.0 framework is to reduce the energy consump-
tion of BBUs by intelligently managing their active and sleep states. Fig. 5.1a illustrates
the average energy savings per day achieved by each algorithm over the one-week simu-
lation period for all cell sites together. The Static algorithm serves as the benchmark,
achieving an average saving of approximately 160 W, due to its aggressive approach of
putting BBUs to sleep based on predefined heuristics without considering dynamic net-
work conditions. It is followed closely by DDDQN and the Hybrid approach. Moreover,
the Hybrid algorithm, which combines the strengths of DDDQN and the Threshold algo-
rithm, outperformed the DQN and A2C algorithms. However, DQN and A2C also pro-
vided competitive savings. The DDDQN with Fallback/Adaptive Fallback and Threshold
algorithms achieve lower energy savings. In case of Threshold algorithm it was due to
conservative strategy designed to prioritize network stability over aggressive energy re-
duction. In case of DDDQN with Fallback/Adaptive Fallback it was due to simulating
moderate forecasting errors in Stage 1.
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(a) Average Energy Savings (b) Distribution of Energy Savings

Fig. 5.1: Comparison of average daily energy savings for all algorithms across all cell sites
in one week

Fig. 5.1b provides a deeper look into the variability of energy savings for each al-
gorithm. Notably, the Static algorithm exhibits consistent performance with a narrow
inter-quartile range. In comparison, the RL methods (DQN, A2C, and DDDQN) show
wider variability, suggesting dynamic adaptation to environment but occasional underper-
formance. The Hybrid DDDQN merges stability with dynamic learning, yielding a strong
median. Compared to plain DDDQN, DDDQN with Fallback and with Adaptive Fallback
maintain near-similar medians but show broader spreads. Fallback mechanisms are acti-
vated when traffic forecasts deviate significantly from reality, pulling BBUs back online
to avoid overloads. In the Adaptive Fallback approach, thresholds are continuously recal-
ibrated using historical prediction accuracy and time-of-day data, preventing unnecessary
fallback triggers during predictable traffic and lowering them under higher volatility, for
better energy savings than in case of Static Fallback. This being said, overall, Threshold-
based algorithm underperforms due to its rather conservative threshold settings, which
restrict larger energy gains.

To be able to compare it with PESBiU 1.0, energy savings needs to be expressed
as a percentage. Below is Tab. 5.1, which presents average energy savings in Wh and
percentage per site per day using PESBiU 2.0. We achieved a 41.21% energy savings with
DDDQN, compared to 15.12% with PESBiU 1.0, representing an improvement of 26.09%.

Fig. 5.2 presents the average energy savings per day over one week achieved by each
algorithm for each cell site separately, highlighting the variations in performance across dif-
ferent network environments. Site Gama demonstrates the highest energy savings across
all algorithms, with the Static, DDDQN, and Hybrid algorithms leading. This indicates
that Site Gama has favorable conditions for optimization due to its specific network con-
figurations (such as carrier aggregation across multiple frequency bands), hardware (such
as newer-version of BBUs software/updates or different configurations of connected an-
tennas supporting additional frequency bands), and traffic patterns in that area. Site
Delta shows slightly lower savings compared to the Site Gama, but the performance gap
between algorithms is negligible. The Hybrid algorithm maintains competitive savings,
even outperforming the Static and DDDQN algorithms. Site Beta exhibits energy savings
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Algorithm Avg. Default
Energy Consumption (W)

Avg. Energy
Saving (W)

Energy Saved
(Wh/day)

Percentage
Saved (%)

Static (benchmark) 383.19 158.62 3806.94 41.40
DDDQN 383.19 157.94 3790.56 41.21
Hybrid 383.19 154.80 3715.20 40.41
DQN 383.19 149.32 3583.68 38.97
A2C 383.19 139.66 3351.84 36.45
AdaptFall DDDQN 383.19 123.98 2975.52 32.37
Fallback DDDQN 383.19 123.30 2959.20 32.18
Threshold 383.19 75.68 1816.42 19.75

Tab. 5.1: Analysis of energy savings with PESBiU 2.0 framework: Comparison of average
daily energy usage and savings for all algorithms, highlighting energy-saving performance
and percentage reductions across average cell sites

similar to Site Delta, with all algorithms performing well. However, the DDDQN with
Fallback/Adaptive Fallback and Threshold-based methods fall behind, due to simulating
forecast errors and conservative strategies.

Fig. 5.2: Site-specific energy savings achieved by different algorithms: Comparison of
average daily energy savings for Gama, Delta, and Beta sites across all algorithms, high-
lighting algorithm performance variations by site

The visual representation in Fig. 5.3 summarizes the per-site energy savings and high-
lights how specific environments and configurations, such as those at Sites Gama, Delta,
and Beta, influence optimization results. Site Gama stands out with the highest energy
savings due to its favorable network design and traffic characteristics, as noted earlier.

Additionally, the figure specifies the best-performing algorithm for each site, rein-
forcing the adaptability and effectiveness of AI-aided energy management approaches.
This visual complement supports the tabular and graph-based analysis, offering a clearer
understanding of how energy efficiency varies geographically and algorithmically.

5.2 Latency and Throughput Analysis

While energy savings are important, maintaining acceptable levels of network performance
is equally important. We evaluated the impact of each algorithm on KPIs such as average
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Fig. 5.3: Energy optimization across network sites: Highlights include the best-performing
models (DDDQN and Hybrid) and corresponding average energy savings

latency and throughput. Fig. 5.4a compares the average UE latency before and after
applying each algorithm.

(a) Latency impact (b) Throughput impact

Fig. 5.4: Comparison before and after applying each algorithm: (a) Average latency trends
across algorithms: Average downlink latency, highlighting variations in QoS impact (b)
Average throughput across algorithms: Overlapping lines for Threshold, Static, Hybrid,
DQN and DDDQN algorithms indicate minimal impact on network throughput, while
noticeable variations are observed with A2C and Fallback/Adaptive DDDQN algorithms,
highlighting their effect on network performance

The results indicate a minor, consistent increase in average latency from approximately
7.6 ms to slightly below 8.0 ms across all algorithms after their application. This increase is
negligible and well within acceptable QoS requirements. The Hybrid algorithm exhibited
the highest latency increase, while the Threshold algorithm showed the smallest. This
negligible rise underscores the minimal trade-off between energy savings and network
latency, aligning with industry practice where such minor increments are tolerated for
significant efficiency gains.
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Fig. 5.4b compares total port throughput before and after applying PESBiU 2.0 with
different algorithms. The results show minimal changes in throughput for most algo-
rithms, maintaining an average close to 1015 Mbps before and after application, which
means that the traffic drop did not occur. However, A2C demonstrates a decrease in
throughput, dropping to 997.5 Mbps post-application. This suggests that while A2C
maintains reasonable performance, it introduces a minor trade-off in network throughput.

5.3 Overall Efficiency Comparison

The overall efficiency metric is computed by combining normalized values of energy sav-
ings, latency, and throughput, with each metric weighted according to its relative impor-
tance. In this evaluation, energy savings are given the highest priority (weight of 2.0),
followed by throughput (weight of 1.5), and finally latency (weight of 0.4). This weighting
reflects the emphasis on energy savings and the understanding that slight increases in la-
tency and modest reductions in throughput have a minor impact on user experience [113].

Fig. 5.5 presents a radar chart comparing the overall efficiency of each algorithm.
A larger polygonal area indicates better performance across the weighted metrics. For
a clearer comparison, Fig. 5.6 provides a bar chart showing algorithms sorted by weighted
energy savings with relevant throughput and latency.

Fig. 5.5: Overall efficiency comparison of algorithms: Radar plot evaluating all algo-
rithms based on energy savings, post-application latency, and throughput performance,
highlighting trade-offs across key metrics

Based on the radar and bar chart, the results across the algorithms are close to Static
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algorithm that serves as the benchmark, demonstrating that all approaches achieve a rea-
sonable trade-off between energy savings, latency. However, DDDQN excels due to its
strong energy savings and competitive throughput. Despite a slight increase in latency, its
high energy and throughput scores outweigh this minor drawback, allowing it to achieve
substantial overall efficiency compared to other algorithms.

DQN maintains a balanced profile with decent energy savings and throughput, but
does not exceed the top performers in terms of total weighted score. The slightly lower
energy gains place DQN just behind DDDQN in overall efficiency.

Hybrid DDDQN+Threshold achieves notable energy savings. Although not quite on
par with DDDQN, its efficient energy profile and acceptable throughput make it a strong
contender even with the highest latency increase, placing it near the top in overall effi-
ciency.

Fallback and Adaptive Fallback DDDQN were affected by simulated forecast errors
and this caused their lower overall efficiency.

Threshold does not pursue aggressive energy savings with such strong force. Conse-
quently, it does not gain as high a score under the chosen weights, resulting in compara-
tively lower overall efficiency.

A2C’s latency does not compensate for its lower energy savings and reduced through-
put. Given the heavier emphasis on energy and throughput, A2C is low in overall effi-
ciency.

Fig. 5.6: Overall efficiency comparison of algorithms: Weighted and normalized (0.0-1.0)
metrics by algorithm sorted by energy savings

5.4 Benefits of Special Versions

The following subsections describe the advantages offered by specialized algorithms de-
signed to address the challenges of real 5G+ environments.
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5.4.1 Hybrid DDDQN with Threshold

This algorithm integrates the DDDQN RL approach with a conservative Threshold algo-
rithm to balance energy efficiency and network stability. This hybrid mechanism ensures
that the BBUs are not deactivated under conditions that could degrade performance in the
beginning, while the DDDQN agent learns optimal policies over time.

The Hybrid approach has a range of benefits that make it both practical and effective
in managing network operations. By incorporating a Threshold component, it ensures en-
hanced stability during the early training phases of the DDDQN agent, preventing erratic
actions and providing a reliable operational baseline. This stability allows the algorithm
to focus on learning more efficiently, as the heuristic rules provide a solid foundation, en-
abling the DDDQN agent to refine its decisions in more complex scenarios where simple
rules are insufficient. Furthermore, the combination of learning-based adaptability and
rule-based reliability ensures that the system performs well under a variety of network
conditions, striking a balance between flexibility and dependability. Although the energy
savings are slightly lower than standalone DDDQN, the Hybrid algorithm still delivers
good performance, making it an effective choice for network operators prioritizing energy
efficiency without compromising service quality.

5.4.2 DDDQN with Fallback

The DDDQN with Fallback integrates a safety mechanism that is triggered whenever there
is a large gap between predicted and actual traffic values. This mechanism ensures that
the network remains stable under abrupt traffic surges or unexpected behavioral shifts.
By reactivating all BBUs when such deviations occur, it prevents any single cell site from
being overloaded due to incorrect forecasts or sudden demand.

The fallback mechanism offers several important advantages for maintaining a stable
and reliable network. It acts as a safety net, ensuring that the network continues to per-
form even when prediction errors or unexpected traffic patterns occur. This reliability
helps prevent disruptions and keeps performance consistent. It also brings stability by
taking a conservative approach during unpredictable periods, preventing sudden changes
in BBU statuses and promoting smoother, more predictable operations. Additionally,
the fallback allows the DDDQN agent to focus on typical scenarios by managing outlier
situations, which helps improve learning efficiency and refine decision-making. In settings
where traffic can be highly erratic, the fallback feature presents a practical safeguard, pre-
serving QoS and preventing excessive latency or throughput drops. As a result, DDDQN
with Fallback proves well-suited for environments that must remain robust despite occa-
sional forecasting errors.

5.4.3 DDDQN with Adaptive Fallback

The DDDDQN with Adaptive Fallback enhances the conventional fallback approach by
dynamically adjusting its thresholds based on historical traffic prediction accuracy and
current time-of-day conditions. Unlike the static fallback, which uses a fixed threshold to
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trigger fallback actions, the adaptive variant continuously recalibrates thresholds, ensuring
that fallback actions are only activated when truly necessary.

The primary advantage of the adaptive fallback mechanism lies in its dynamic respon-
siveness. By calculating the threshold based on past prediction errors and time-of-day
trends, it significantly reduces false-positive fallback triggers during periods of predictable
traffic, thus enhancing overall system efficiency. During periods of higher traffic volatility
or less predictable conditions, the adaptive mechanism proactively lowers the threshold,
ensuring network stability by swiftly activating fallback actions if needed.

Consequently, this approach achieves a more refined balance between energy savings
and network reliability, providing tailored responses to varying operational conditions.
This flexibility not only preserves service quality by preventing unnecessary activations of
BBUs but also improves the learning efficiency of the DDDQN by minimizing disruptions
from unpredictable network states.

5.5 BBU Sleep Patterns on a Workday

To illustrate the practical implications of the algorithms, we analyze the BBU sleep pat-
terns for the Site Beta on a workday - Tuesday, as this site represents a mix of office
and residential network environment on the outskirt of the city, and Tuesday represents
typical weekday traffic patterns. Fig. 5.7 shows the BBUs being set to sleep (0 for no
BBU sleeping, 1 for one BBU sleeping, 2 for two BBUs sleeping) and their corresponding
energy consumption savings by the Static, DDDQN and Hybrid algorithms throughout
the day, divided into 15-minute intervals. Appendix A shows how each algorithm puts
BBUs to sleep and the energy consumption saving for each site on a Tuesday.

The Static algorithm serves as the benchmark, representing a consistent, rule-based
approach to energy savings, while the DDDQN and Hybrid algorithms attempt to replicate
or improve upon these results using adaptive, learning-based methods.

In terms of BBU sleep decisions, all the above - mentioned three algorithms aim to
achieve similar outcomes by deactivating BBUs during periods of low traffic. However,
the increasing dynamics and variability of traffic in 5G+ networks present significant
challenges for purely static or rule-based methods. The Static algorithm operates strictly
within predefined parameters, resulting in predictable and rigid scheduling that does not
accommodate unexpected traffic variations effectively. In contrast, both the DDDQN
and Hybrid algorithms leverage advanced RL techniques to dynamically adapt to these
fluctuating conditions. They introduce nuanced variations in BBU sleep scheduling by
actively responding to real-time traffic changes, thus providing greater flexibility and
responsiveness compared to static methods.

For example, in some 15-minute intervals, the DDDQN or Hybrid algorithms may
choose to deactivate different BBUs than the Static algorithm would do, showcasing their
ability to proactively manage the network’s resources according to immediate demand.
This adaptability becomes particularly beneficial during peak fluctuations or unantic-
ipated shifts in user behavior, where static heuristics fall short. Consequently, these
dynamic algorithms are better equipped to maintain network stability, optimize energy
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(a) Static algorithm – Distribution of BBUs
entering sleep mode at specific intervals
based on a static heuristic schedule

(b) Static algorithm – Energy consumption
and corresponding savings achieved using
the static algorithm across 15-min intervals

(c) DDDQN – Adaptive management of
BBUs entering sleep mode based on traffic
dynamics by the DDDQN agent

(d) DDDQN – Energy usage reduction
through DDDQN, highlighting adaptability
to traffic conditions

(e) Hybrid DDDQN+Threshold – Combined
heuristic and DDDQN-based approach for
putting BBUs to sleep, balancing learning-
based adaptability with stability

(f) Hybrid DDDQN+Threshold – Energy
savings achieved by the hybrid approach,
maintaining a trade-off between dynamic op-
timization and stability

Fig. 5.7: Site Beta: Top-performing algorithms compared in terms of BBUs in sleep mode
and energy consumption (Workday)

savings, and ensure QoS across a diverse range of operational scenarios typical of 5G+
environments. Their performance highlights the importance of deploying adaptive and
intelligent systems capable of continuous learning and adjusting to complex and variable
network conditions.

The results of energy consumption further emphasize these similarities and yet differ-
ences. Both aim to achieve energy savings comparable to Static benchmark.

In conclusion, the DDDQN and Hybrid algorithms strive to achieve the same out-
comes as the Static algorithm benchmark. While overall their results align closely, minor
differences in specific decisions highlight their adaptability and the trade-offs involved
in learning-based versus rule-based approaches.
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5.6 Key Findings and Reflections

In terms of average energy savings, the algorithms are ranked as follows: DDDQN, Hybrid,
DQN, A2C, DDDQN with Fallback/Adaptive Fallback, and Threshold.

The analysis demonstrates that reinforcement learning-based algorithms, particularly
the DDDQN and Hybrid versions, effectively balance energy efficiency and network perfor-
mance in managing BBU energy consumption. Notably, to our best knowledge, this study
represents the first application of the DDDQN algorithm in view of optimizing energy ef-
ficiency within 5G networks. The DDDQN algorithm outperforms other RL models such
as DQN and A2C by incorporating a dueling network architecture and double Q-learning,
which enhances learning stability and decision-making accuracy.

The Hybrid DDDQN with Threshold further refines this approach by integrating
heuristic safety measures, offering a practical solution for real-world deployment.

The DDDQN with Fallback/Adaptive Fallback provides an added layer of reliability
by safeguarding against prediction errors, making it suitable for networks with highly
variable traffic patterns.

The proposed PESBiU 2.0 framework can be practically deployed at the layer manag-
ing BBU operations in a modern RAN architecture. Concretely, it can be installed within
the centralized BBU pool or integrated as a software module in the baseband process-
ing node (DU/CU) for scenarios where splitting is employed. By placing the framework
at this level, it has direct access to real-time metrics (e.g. traffic throughput, latency,
and energy consumption) and can immediately execute power-state changes or fallback
decisions.

Only minor network modifications are required. Operators already gather performance
logs (via SNMP or vendor-specific counters) for routine KPI measurements. PESBiU
requires these logs at a higher frequency (e.g. every 15 minutes), so any changes focus only
on adjusting data collection intervals or enabling more granular monitoring. Additional
hardware replacements are unnecessary; existing servers or cloud-based nodes that host
the BBU software can handle the agent.

Regarding computing demands, RL-based modules may increase CPU/GPU load dur-
ing model training, but standard off-the-shelf hardware or modestly scaled edge servers
suffice. Once trained, the model’s inference step is fast, consuming minimal resources
and causing negligible overhead on real-time operations. Operators can also shift heavy
training jobs to central data centers or the cloud, and then periodically update local
models.

In summary, PESBiU 2.0 can be introduced with a modest adjustment in data mon-
itoring intervals and an existing compute node to host its agent. No radical hardware
overhaul is required, and real-world integration can leverage the same control interfaces
already used for baseband management in 5G RAN deployments.
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Conclusion
This thesis explored the potential of integrating ML and AI into 5G+ networks to address
some critical challenges, particularly energy efficiency, traffic prediction, and resource
management. By leveraging real-world datasets and advanced algorithms, the presented
research proposed innovative solutions to optimize the performance and sustainability
of modern mobile networks.

Chapter 2 outlined the key technological components of 5G+ networks, emphasiz-
ing advancements such as network slicing, cloud-radio access networks (C-RAN), and
millimeter-wave technologies. Although these innovations enable transformative capabil-
ities, they also introduce complexity in energy management and scalability. The chapter
identified energy efficiency and dynamic resource allocation as fundamental areas requir-
ing optimization through AI/ML.

Chapters 3 and 4 highlighted the significant advancements achieved through data-
driven optimization strategies. By leveraging long-term and granular datasets from diverse
network environments, ML models were developed and rigorously evaluated for traffic
prediction and energy consumption management. In Chapter 3, the primary dataset
revealed that LSTM provided the most accurate traffic predictions. However, further
refinement using the secondary dataset led to the development of the Hyper-CNN-LSTM
model, which outperformed LSTM in prediction accuracy.

Chapter 4 introduced the Predictive Energy Saver for Baseband Units (PESBiU)
framework, showcasing a range of reinforcement learning techniques, including Deep
Q-Networks (DQN), Advantage Actor-Critic (A2C), and the Dueling Double Deep Q-
Network (DDDQN). Notably, this work is groundbreaking as to our best knowledge it
marks the first-ever application of the DDDQN algorithm for optimizing energy efficiency
in 5G networks. Among these, DDDQN demonstrated the highest efficiency in energy sav-
ings, reaching a benchmark set by heuristic Static algorithm and achieving an impressive
energy saving of 41.21%. Additionally, the hybrid version that we created by combin-
ing DDDQN with a Threshold-based mechanism also demonstrates strong performance,
achieving a 40.41% energy savings.

Finally, the analysis presented in Chapter 5 validated the practical applicability of
the proposed solutions through comprehensive comparative evaluations across key per-
formance metrics—energy savings, latency, throughput, and overall efficiency. The Hy-
brid approach, despite slightly lower energy savings compared to standalone DDDQN,
emerged as a compelling choice due to its enhanced reliability and suitability for real-
world operational scenarios. Additionally, special versions such as DDDQN with Static
and Adaptive Fallback introduced practical mechanisms for managing forecasting errors
and traffic volatility, thus further improving network resilience and reliability.

This work has highlighted the essential importance of dynamic resource management,
predictive optimization, and the adoption of hybrid AI/ML approaches. By addressing
gaps in the literature and proposing innovative methodologies, this research has provided
invaluable insights to both academic and practical domains of network optimization.

Future research should focus on the challenges identified in this thesis, including data
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quality issues, computational complexity, and the need for explainable AI models. Ad-
dressing the above mentioned limitations will pave the way for more adaptive, efficient, and
sustainable networks, ensuring that 5G+ systems meet the growing demands of modern
applications and services. Moreover, expanding the scope of hybrid models to encom-
pass additional performance metrics and incorporating federated learning for privacy-
preserving data analysis could further advance this field of research.

Ultimately, it is our sincere hope that the findings of this thesis serve as a founda-
tion for the continued evolution of telecommunication networks, positioning AI/ML as
indispensable tools in the pursuit of next-generation network efficiency and innovation.
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Symbols and Abbreviations
5G Fifth Generation of Wireless Networks
5GC 5G Core Network
6G Sixth Generation of Wireless Networks
A2C Advantage Actor-Critic
AI Artificial Intelligence
ANN Artificial Neural Network
AMF Access and Mobility Management Function
BBU Baseband Unit
CU Control Unit
DU Distributed Unit
CP Control Plane
DP Data Plane
C-RAN Cloud Radio Access Network
CNN Convolutional Neural Network
CNN-LSTM Convolutional Neural Network-Long Short-Term Memory
DDDQN Dueling Double Deep Q-Network
DDPG Deep Deterministic Policy Gradient
DQN Deep Q-Network
DRL Deep Reinforcement Learning
DT Decision Tree
eMBB Enhanced Mobile Broadband
GAN Generative Adversarial Network
GRU Gated Recurrent Unit
HA-DRL Heuristic-assisted Deep Reinforcement Learning
IoT Internet of Things
KDE Kernel Density Estimation
KPI Key Performance Indicator
LLM Large Language Model
LSTM Long Short-Term Memory
LPWAN Low-Power Wide-Area Network
LoRa Long Range
MAE Mean absolute error
MAPE Mean absolute percentage error
MIMO Multiple Input Multiple Output
ML Machine Learning
MSE Mean Squared Error
mMTC Massive Machine-Type Communications
NFV Network Functions Virtualization
NB-IoT Narrowband Internet of Things
NR New Radio
O-RAN Open Radio Access Network
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PESBiU Predictive Energy Saver for Baseband Units
PM Performance Management
QoS Quality of Service
RAN Radio Access Network
RNN Recurrent Neural Network
RL Reinforcement Learning
RLHF Reinforcement Learning from Human Feedback
RRU Remote Radio Unit
SBA Service-Based Architecture
SDN Software Defined Networking
SMF Session Management Function
SVM Support Vector Machine
UPF User Plane Function
URLLC Ultra-Reliable Low Latency Communication
UE User Equipment
VAE Variational Autoencoder
XAI Explainable Artificial Intelligence
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A PESBiU 2.0 Decisions for BBU Sleep and Energy
Consumption for Tested Algorithms

List of figures are as follows:
• Fig. A.1: Site Beta - Distribution of BBUs entering sleep mode at defined intervals

for one workday, along with their energy consumption and the resulting savings
achieved using all tested algorithms.

• Fig. A.2: Site Delta - Distribution of BBUs entering sleep mode at defined intervals
for one workday, along with their energy consumption and the resulting savings
achieved using all tested algorithms.

• Fig. A.3: Site Gama - Distribution of BBUs entering sleep mode at defined intervals
for one workday, along with their energy consumption and the resulting savings
achieved using all tested algorithms.
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(a) Static algorithm - BBUs put to sleep (b) Static algorithm - Energy Consumption

(c) DDDQN - BBUs put to sleep (d) DDDQN - Energy Consumption

(e) Hybrid - BBUs put to sleep (f) Hybrid - Energy Consumption

(g) DQN - BBUs put to sleep (h) DQN - Energy Consumption

(i) A2C - BBUs put to sleep (j) A2C - Energy Consumption

(k) DDDQN+fallback - BBUs put to sleep (l) DDDQN+fallback - Energy Consu.

(m) Threshold - BBUs put to sleep (k) Threshold - Energy Consumption

Fig. A.1: Site Beta - BBUs put to sleep by all algorithms along with resulting savings
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(a) Static algorithm - BBUs put to sleep (b) Static algorithm - Energy Consumption

(c) DDDQN - BBUs put to sleep (d) DDDQN - Energy Consumption

(e) Hybrid - BBUs put to sleep (f) Hybrid - Energy Consumption

(g) DQN - BBUs put to sleep (h) DQN - Energy Consumption

(i) A2C - BBUs put to sleep (j) A2C - Energy Consumption

(k) DDDQN+fallback - BBUs put to sleep (l) DDDQN+fallback - Energy Consu.

(m) Threshold - BBUs put to sleep (k) Threshold - Energy Consumption

Fig. A.2: Site Delta - BBUs put to sleep by all algorithms along with resulting savings
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(a) Static algorithm - BBUs put to sleep (b) Static algorithm - Energy Consumption

(c) DDDQN - BBUs put to sleep (d) DDDQN - Energy Consumption

(e) Hybrid - BBUs put to sleep (f) Hybrid - Energy Consumption

(g) DQN - BBUs put to sleep (h) DQN - Energy Consumption

(i) A2C - BBUs put to sleep (j) A2C - Energy Consumption

(k) DDDQN+fallback - BBUs put to sleep (l) DDDQN+fallback - Energy Consu.

(m) Threshold - BBUs put to sleep (k) Threshold - Energy Consumption

Fig. A.3: Site Gama - BBUs put to sleep by all algorithms along with resulting savings
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