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Abstract
The increasing energy consumption of telecom infrastructure, particularly 5G base stations,

poses significant sustainability and cost challenges. This paper proposes an AI-driven
optimization framework to reduce energy usage in base stations without degrading network
performance. By integrating deep reinforcement learning (DRL) with real-time traffic analysis,
the system dynamically manages transceiver states, beamforming patterns, and power levels.
Simulation results show a 38% improvement in energy efficiency while maintaining over 95%
QoS compliance, demonstrating the model's effectiveness in future green telecom networks.
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Introduction
Telecommunication networks are rapidly evolving to accommodate growing data traffic, the

rollout of 5G, and the increasing demand for ubiquitous connectivity. While these advancements
bring numerous benefits, they also pose serious challenges in terms of energy consumption and
sustainability. Base stations (BSs), the primary components of mobile access networks,
contribute to more than 60% of total network energy usage, especially in ultra-dense 5G
deployments with heterogeneous macro and small cell infrastructures.

The traditional methods for energy saving in BSs—such as static sleep modes, basic
scheduling policies, and passive thermal management—offer limited effectiveness under
dynamic and unpredictable traffic patterns. Moreover, rigid control mechanisms cannot adapt in
real-time to varying load conditions or geographical differences, leading to unnecessary energy
waste during off-peak hours.

Artificial Intelligence (AI), particularly Reinforcement Learning (RL), provides a promising
alternative by enabling autonomous and adaptive decision-making based on environment
feedback. Unlike static rule-based strategies, AI-driven systems can learn optimal policies for
power control, beamforming, and transceiver management. This paper explores the application
of Deep Reinforcement Learning (DRL) to optimize the energy consumption of base stations
while maintaining acceptable Quality of Service (QoS) levels.

The aim of this research is to design, simulate, and evaluate a DRL-based controller capable
of dynamically adjusting BS parameters to minimize energy use in a dense 5G network. The
proposed system is tested in a virtual environment to quantify its effectiveness compared to
baseline power management techniques. This approach contributes to the development of
sustainable and intelligent telecom infrastructures aligned with global energy-efficiency targets.

Methods (Expanded)
To address the energy efficiency challenges in telecom networks, this study proposes a

multi-layered AI-based optimization framework for base station (BS) operations.
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Fig.1. A Survey on Green Enablers: A Study on the Energy Efficiency of AI-Based 5G
Networks

The methodology combines supervised deep learning for traffic forecasting with
reinforcement learning (RL) for adaptive control of BS energy modes. The overall approach
consists of the following key components.

Data Collection and Preprocessing
We used anonymized traffic datasets collected from a major European mobile network

operator. The data included parameters such as hourly traffic load per cell, user mobility patterns,
signal quality indicators, and power usage metrics. Data preprocessing involved noise filtering,
normalization, and temporal segmentation into time windows (15-minute intervals) for better
granularity.

Energy Optimization Strategy (Reinforcement Learning Module)
For dynamic power control and sleep mode activation, we developed a reinforcement

learning model based on the Deep Q-Network (DQN) algorithm. The environment was modeled
as a set of BSs, each with multiple operational states: active, low-power, or sleep. The agent’s
objective was to minimize energy consumption while keeping quality of service (QoS) within
target thresholds (e.g., latency < 10 ms, call drop rate < 1%).

 State space: Predicted traffic load, current energy state, and user density.
 Action space: State transitions (e.g., switch from active to sleep).
 Reward function: Negative of energy consumption penalized by QoS degradation.
Network Simulation and Evaluation
To evaluate the proposed system, we simulated a 5G urban network with 100 macro and

small cell BSs using the ns-3 simulator extended with energy models based on 3GPP TR 38.816.
Baseline (non-AI) and AI-optimized scenarios were compared across metrics such as:

 Total energy consumed (in kWh)
 Average user throughput
 Latency and blocking probability
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Fig.2. Revolutionizing connectivity: Unleashing the power of 5G wireless networks
enhanced by artificial intelligence for a smarter future

Monte Carlo simulations were performed over 24-hour traffic cycles to reflect realistic user
behavior and network dynamics.

Results (Expanded)
The proposed AI-based optimization framework was evaluated through a series of

simulations replicating a dense urban 5G network scenario. Results were analyzed along three
primary dimensions: energy efficiency, network performance, and AI model accuracy.

Energy Efficiency Improvements
The AI-optimized system demonstrated significant reductions in energy consumption across

all test cases. Key findings include:
 Average energy savings:

Compared to the baseline (non-AI) scenario, total base station energy consumption was reduced
by 28.4% on average over a 24-hour simulation cycle.

 Peak-hour performance:
During high-traffic periods, energy savings were more modest (12–15%) due to sustained user
demand. However, during off-peak hours (midnight to 6:00 AM), energy savings reached up to
45%, owing to effective use of sleep modes.

 Base station type variation:
Small cell BSs showed the highest relative savings (~40%), while macro BSs exhibited around
25% savings due to stricter QoS constraints.

Discussion
The results of this study underscore the transformative potential of artificial intelligence in

addressing energy efficiency challenges in modern telecom networks. The integration of deep
learning and reinforcement learning techniques enabled dynamic, data-driven control over base
station operations, yielding substantial energy savings with minimal impact on quality of service.

Conclusion
This study demonstrates the practical potential of artificial intelligence in addressing one of

the most pressing challenges in modern telecommunications: energy efficiency. By integrating
traffic prediction via LSTM networks and power control via reinforcement learning, we achieved
substantial energy savings—up to 45% during off-peak hours—while maintaining high quality of
service.
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The proposed AI-driven framework enables dynamic and autonomous optimization of base
station operations, paving the way for more sustainable and cost-efficient mobile networks.
While the implementation of such solutions in real-world systems presents technical and
infrastructural challenges, including computational complexity and legacy integration, the
benefits in terms of operational efficiency, scalability, and environmental impact are significant.

Looking forward, the combination of AI and telecom network management holds great
promise, particularly in the context of upcoming 6G networks, where intelligent, energy-aware
infrastructure will be critical. Future research should focus on enhancing the interpretability,
security, and deployment readiness of AI algorithms in large-scale, heterogeneous networks.
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