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 Energy efficiency has become an important issue in modern wireless networks due to 
the rapid growth of users and the dense deployment of 4G and 5G base stations. Since 
base stations consume a major share of network energy, improving their operation is 
essential for reducing power usage and operational costs. This paper presents an 
Energy Efficiency Evaluation Framework (E3F) that evaluates network energy 
performance using detailed base station power models and realistic traffic variations. 
The framework is applied to a 3GPP LTE network to identify practical energy-saving 
opportunities. In addition, adaptive base station management using ON–OFF 
switching is explored as an effective method to reduce energy consumption during 
low traffic periods while maintaining Quality of Service (QoS). The role of Graph 
Neural Networks (GNNs) in optimizing large-scale wireless networks is also 
discussed. Simulation results show that adaptive base station operation can 
significantly improve energy efficiency with minimal impact on network 
performance, making it a promising approach for future energy-aware wireless 
networks.  
Keywords: Energy efficiency, base station optimization, 5G networks, Graph Neural 
Networks, BS ON–OFF switching, wireless networks, resource allocation 
 

 

1. Introduction 

The rapid deployment of 5G and beyond wireless communication networks has significantly increased concerns 
related to energy consumption and operational efficiency. The growing demand for high data rates, low latency, 
and ubiquitous connectivity has resulted in dense base station (BS) deployments, which in turn lead to higher 
power usage and operational costs. As wireless networks become larger and more complex, improving energy 
efficiency while maintaining acceptable Quality of Service (QoS) has become a critical research challenge. 
Traditional energy optimization approaches in wireless networks mainly rely on heuristic or rule-based methods, 
which are often static in nature and unable to adapt effectively to dynamic traffic conditions and large-scale 
network environments. In addition, many existing frameworks lack detailed power consumption models and do 
not sufficiently consider spatial and temporal variations in user traffic. 

To address these challenges, this paper introduces an Energy Efficiency Evaluation Framework (E3F) for wireless 
networks. The proposed framework provides a detailed evaluation of energy efficiency by incorporating realistic 
power consumption models for different types of base stations along with traffic models that capture variations 
in network demand. Furthermore, this work explores the use of Graph Neural Networks (GNNs) for optimizing 
wireless network operations, particularly in the areas of resource allocation and adaptive base station 
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management. GNNs are well-suited for modeling wireless networks due to their ability to represent complex 
relationships between network elements. To improve scalability when applying GNNs to large wireless networks, 
an adaptive graph pooling approach is considered to reduce graph complexity while preserving important 
structural information.  

Objective of the Study 

The main contributions of this paper are summarized as follows: 

1. Proposal of an Energy Efficiency Evaluation Framework (E3F) that incorporates detailed base station power 
models and realistic traffic variations. 

2. Investigation of GNN-based optimization techniques for wireless network management, with a focus on 
scalability in large network scenarios. 

3. Analysis of energy-saving strategies for 5G networks using adaptive BS ON–OFF switching mechanisms. 

4. Discussion of future research challenges and opportunities arising from the integration of machine learning 
techniques with wireless network optimization. 

Related Work: 

a) Energy Efficiency in Wireless Networks: Energy efficiency in wireless networks has been widely studied, 
mainly focusing on base station optimization and traffic-aware management. Existing approaches aim to reduce 
power consumption through techniques such as transmission power control, sleep modes, and topology 
optimization. While these methods can reduce energy usage, many rely on simplified assumptions and static 
configurations. As a result, they often fail to effectively handle real-time traffic variations and the diversity of 
base station deployments found in practical wireless networks. 

b) Graph Neural Networks in Wireless Networks: Graph Neural Networks (GNNs) have recently gained attention 
for solving complex network optimization problems. Wireless networks can be modelled as graphs, with nodes 
representing base stations or users and edges representing communication links. GNNs are effective in capturing 
network structure and relationships, making them suitable for tasks such as resource allocation and optimization. 
However, scalability remains a challenge when applying GNNs to large and dynamic networks, as existing graph 
pooling methods may lead to information loss. 

2. Methodology 

1. Base Station ON-OFF Switching Strategies in 5G Networks 

Base station ON–OFF switching is a commonly studied technique for improving energy efficiency in 5G 
networks, particularly during low traffic periods. By dynamically controlling the operational states of base 
stations, networks can reduce unnecessary energy consumption. However, issues related to coverage, service 
quality, and real-time decision-making limit the direct application of such strategies, indicating the need for more 
adaptive and intelligent approaches 

2. Energy Efficiency Evaluation Framework (E3F) - Overview 

The proposed Energy Efficiency Evaluation Framework (E3F) extends current network performance models by 
integrating a detailed power consumption model for different BS types and traffic conditions. Unlike Traditional 
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models, E3F captures spatial and temporal variations in network demand, allowing for a more accurate estimation 
of energy efficiency in real-world network scenarios. 

3. Base Station Power Model 

We incorporate a comprehensive power model for macro, micro, and pico base stations, accounting for both 
active and idle states. The model considers factors such as transmission power, operational overhead, and cooling 
requirements, offering a more realistic estimate of energy consumption across different network scenarios. 

4. Traffic Model 

E3F includes traffic models that simulate varying user demand, both spatially and temporally. These models are 
based on empirical data from 3GPP LTE networks and account for peak and off-peak variations, providing a 
realistic view of network load over time. 

5. GNN-Based Optimization Framework 

5.1. GNN Architecture 

The proposed GNN (Graphical Neural Network) framework models the wireless network as a graph and 
processes input data such as traffic demand, network topology, and historical usage patterns. The GNN consists 
of several graph convolutional layers that aggregate information from neighboring nodes (BSs and users) to 
capture both local and global traffic patterns. 

The output of the GNN is a set of predictions for each BS, determining whether the BS should be active, idle, or 
in sleep mode for the next time period. The decisions are based on predicted traffic load and user mobility patterns. 

5.2. Adaptive Base Station Management 

Based on the GNN predictions, we implement an adaptive BS management strategy that dynamically adjusts the 
operating states of BSs. During peak traffic periods, most BSs remain active to handle the load, while during off-
peak hours, the GNN identifies underutilized BSs and transitions them to idle or sleep mode, reducing overall 
energy consumption. 

5.3. Training and Optimization 

The GNN is trained on historical network data, including traffic demand, energy consumption, and BS activity 
states. The training objective is to minimize the total energy consumption while ensuring that QoS constraints 
are met. A supervised learning approach is used, with ground truth labels derived from optimal BS operation 
states determined through simulation. 

System Design and How It Works 

1. Base Station ON-OFF Switching Strategies for Energy Conservation 

a) Base Station ON-OFF Switching Mechanism: Adaptive Base Station (BS) management refers to the dynamic 
adjustment of base station operational states based on current or predicted network conditions such as traffic load, 
user demand, and network topology. Unlike static management approaches, where base stations operate 
continuously or follow fixed schedules, adaptive BS management enables intelligent control of BS activity to 
improve energy efficiency while maintaining Quality of Service (QoS). In this approach, base stations can operate 
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in different modes, including active, idle, and sleep modes, depending on network demand. During low traffic 
periods, underutilized base stations may be transitioned to low-power states to reduce energy consumption, while 
sufficient active base stations are maintained to ensure coverage and service continuity. Adaptive BS management 
plays a key role in dense 5G networks, where efficient coordination of multiple base stations is required to balance 
energy savings and network performance. 

b) Base Station ON-OFF Switching Mechanism: Base station ON-OFF switching is a promising technique for 
energy conservation in dense 5G networks. We propose a dynamic BS ON-OFF switching strategy that balances 
energy savings with coverage requirements. The decision to switch BSs on or off is based on real-time traffic 
demand, ensuring that users are not affected by coverage gaps. 

3. Testing and Results 

1. Simulation Setup 

We simulate a dense urban wireless network with 100 BSs and 1000 mobile users. The traffic demand varies 
throughout the day, with high traffic during peak hours and low traffic during off-peak hours. The GNN is trained 
on traffic data collected over 30 days and tested on a separate 7-day dataset. 

2. Performance Evaluation 

The proposed GNN-based framework is evaluated based on energy consumption, Quality of Service (QoS), and 
base station activity levels. A baseline scenario where all base stations remain active throughout the simulation 
is used for comparison. 

3. Final Results 

 Energy Savings: The GNN-based approach reduces total energy consumption by 40% compared to the 
baseline scenario, with most savings occurring during off-peak hours when unnecessary BSs are switched to 
sleep mode. 

 QoS: Despite the reduction in active BSs, the network maintains 98% of its baseline throughput and 99% 
coverage, ensuring minimal impact on user experience. 

 BS Activity Levels: On average, BSs are active 60% of the time, idle 20%, and in sleep mode 20%. 

 

Figure:1- Resultant Graphs 
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4. Future Research Directions 

The integration of Graph Neural Networks (GNNs) with wireless networks offers several opportunities for future 
research, particularly in areas such as resource allocation, network topology optimization, and energy 
conservation. Future work may explore the use of GNN-based optimization together with physical layer 
technologies such as massive MIMO and beamforming to further improve energy efficiency and overall network 
performance. In addition, practical challenges, including real-time decision-making, scalability to ultra-dense 
network deployments, and data privacy concerns, need to be addressed to enable real-world implementation. 

5. Conclusion 

This paper presents an approach for evaluating and improving energy efficiency in wireless communication 
networks by combining detailed base station power models, traffic-aware evaluation. The proposed Energy 
Efficiency Evaluation Framework (E3F) enables realistic assessment of energy consumption under varying 
network conditions. In addition, the use of Graph Neural Networks for adaptive base station management 
demonstrates the potential of learning-based optimization in reducing energy usage while maintaining acceptable 
Quality of Service. Simulation results indicate that the proposed approach can achieve significant energy savings 
with minimal impact on network performance. Overall, this work highlights the effectiveness of combining 
energy-aware modeling with intelligent optimization techniques for supporting energy-efficient and scalable 5G 
wireless networks. 
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