IJII\VfSERH

International Journal of Multidisciplinary
and Scientific Emerging ResearcH (IJMSERH)

Volume 14, Issue 2, April-June 2026

Impact Factor: 9.274

RaAD m..:::c:. d ; Crossref

> editor@ijmserh.com www.ijmserh.com



mailto:ijmserh@gmail.com
http://www.ijmserh.com/

International Journal of Multidisciplinary and Scientific Emerging ResearcH (IJMSERH)

| ISSN: 2349-6037 | www.ijmserh.com |[Impact Factor: 9.274||Quarterly, Peer Reviewed & Refereed Journal|

2
IJMSERH || Volume 14, Issue 2, April-June 2026 ||

DOI: 10.15662/IJMSERH.2026.1402027

Al-Based Intelligent Thermal Management
System for SG Base Stations

Mr. G.Sasi Kumar, Mrs. A.Mary Joycy
PG Scholar, Department of Master of Computer Applications, R.V.S College of Engineering, Dindigul,
Tamil Nadu, India
Assistant Professor, Department of Master of Computer Applications, R.V.S College of Engineering, Dindigul,
Tamil Nadu, India

ABSTRACT: The proposed Online Learning for Intelligent Thermal Management of Interference-Coupled and
Passively Cooled Base Stations uses the Soft Actor-Critic (SAC) reinforcement learning algorithm to optimize
throughput while maintaining safe operating temperatures. The system continuously monitors network conditions such
as traffic load, interference, temperature, and environmental factors to make intelligent real-time decisions. By learning
from interactions with the network environment, the model improves energy efficiency, reduces overheating, and
enhances overall system performance without requiring additional cooling infrastructure. Experimental results
demonstrate that the proposed approach provides reliable thermal management, efficient resource utilization, and stable
operation, making it a practical and scalable solution for next-generation wireless communication networks.

I. INTRODUCTION

With the rapid growth of wireless communication technologies and the increasing demand for high-speed mobile data
services, modern cellular networks require efficient and energy-conscious infrastructure. Passively cooled base stations
(PCBSs) have emerged as a promising solution due to their lower energy consumption and reduced maintenance costs
compared to actively cooled systems. However, the absence of active cooling mechanisms makes thermal management
a critical challenge, especially in outdoor environments where heat dissipation conditions are uncertain and vary over
time.

In multi-cell wireless networks, base stations are interconnected through interference coupling. When one base station
increases its transmission throughput, it generates higher interference to neighbouring base stations. Consequently,
these neighbouring stations require additional resources to satisfy their own throughput requirements, leading to
increased power consumption and heat generation. This complex relationship between throughput, interference, and
temperature makes traditional optimisation methods less effective, particularly under dynamic operating conditions.

Conventional thermal management approaches generally depend on predefined models or accurate predictions of future
environmental conditions. However, such information is often unavailable in real-world scenarios. Therefore,
intelligent and adaptive methods are required to manage network resources efficiently while ensuring safe operating
temperatures.

This project utilises Reinforcement Learning (RL), specifically the Soft Actor-Critic (SAC) algorithm, to perform
online throughput optimisation for interference-coupled passively cooled base stations. The RL agent continuously
interacts with the environment, learns from system feedback, and dynamically adjusts throughput based on changing
heat dissipation conditions. In addition, a denial and reward mechanism is incorporated to minimise the risk of
overheating during the exploration phase of learning.

By combining reinforcement learning with intelligent thermal control, the proposed system achieves efficient
throughput maximisation while maintaining temperature constraints. The approach improves network performance,
enhances energy efficiency, reduces operational costs, and provides a reliable solution for future 5G and beyond
wireless communication systems operating under uncertain environmental conditions.
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II. EXISTING SYSTEM

Existing thermal management systems for base stations mainly rely on active cooling mechanisms such as air
conditioning units, fans, and predefined thermal control policies to maintain safe operating temperatures. Traditional
approaches generally use static optimization techniques, threshold-based temperature monitoring, or rule-based traffic
allocation methods to manage heat generation and network performance. In multi-cell wireless environments, these
systems often fail to efficiently handle interference coupling among neighbouring base stations, where increased
throughput in one station raises interference and resource consumption in others. Moreover, conventional systems
assume fixed or predictable heat dissipation conditions, making them unsuitable for outdoor passively cooled base
stations (PCBSs) where environmental conditions dynamically change over time. As a result, existing approaches
struggle to maintain optimal throughput while preventing overheating under uncertain thermal conditions.

Disadvantages

1. Traditional thermal management methods depend on fixed rules and cannot adapt to dynamic environmental and
traffic conditions.

2. Existing systems often require active cooling hardware, increasing operational cost and energy consumption.

3. Conventional optimisation techniques are ineffective in handling interference-coupled multi-cell base station
environments.

III. PROPOSED SYSTEM

The proposed system introduces an intelligent online thermal management framework for interference-coupled and
passively cooled base stations using Reinforcement Learning (RL). Specifically, the Soft Actor-Critic (SAC) algorithm
is employed to dynamically optimize downlink throughput while ensuring that the operating temperature of each PCBS
remains within safe limits. The proposed RL-based framework continuously learns from the environment and adapts
traffic management decisions according to varying heat dissipation conditions without requiring prior knowledge of
future thermal behaviour. In addition, a denial and reward mechanism is designed to reduce overheating risks during the
exploration phase of reinforcement learning. The system effectively balances throughput maximisation, thermal safety,
and interference management in multi-cell scenarios, providing a scalable and energy-efficient solution for next-
generation wireless communication networks.

ADVANTAGES

1. The RL-based SAC approach dynamically adapts throughput allocation according to changing thermal and
environmental conditions.

2. The proposed system reduces dependency on costly active cooling systems, improving energy efficiency and
lowering operational costs.

3. The denial and reward mechanism minimises overheating risks during the learning and exploration process.

IV. SYSTEM ARCHITECTURE

The architecture diagram illustrates the overall workflow of the proposed Online Learning for Intelligent Thermal
Management of Interference-Coupled and Passively Cooled Base Stations system. Initially, the System/Environment
Layer collects real-time information such as traffic load, temperature measurements, interference levels, and
environmental conditions from multiple passively cooled base stations. This data is processed through an automated
pipeline consisting of Data Collection, Data Preprocessing, Interference and Thermal Modeling, Reinforcement
Learning-Based Throughput Optimization, and Result Analysis & Monitoring modules.The processed information is
stored in databases and used by the Soft Actor-Critic (SAC) reinforcement learning model to determine optimal
throughput allocation. The network environment executes these decisions and provides rewards and feedback based on
throughput performance and temperature constraints. Finally, the Admin Monitoring Interface displays real-time
system status, alerts, reports, logs, and performance metrics, enabling efficient monitoring and intelligent thermal
management while maximizing network throughput and preventing overheating
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V.MODULES DESCRIPTION
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Reinforcement Learning-Based Throughput Optimization Module
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1. Data Collection Module

The Data Collection Module is the initial stage of the intelligent thermal management system, responsible for gathering
information related to network traffic, channel conditions, operating temperatures, and environmental heat dissipation
factors from multiple passively cooled base stations (PCBSs). The collected data represents the current state of the
wireless network and is essential for training and evaluating the reinforcement learning model.

The data may include throughput demand, interference levels, resource utilization, and temperature measurements
under varying environmental conditions. These parameters are stored in structured formats and validated to eliminate
missing or inconsistent values. This module ensures the availability of reliable and high-quality data, which is essential
for efficient throughput optimization and thermal control.

2. Data Preprocessing Module

The Data Preprocessing Module prepares the collected network and thermal data for analysis. Since raw measurements
may contain noise, outliers, and inconsistencies, preprocessing is necessary to improve the accuracy and stability of the
learning process.

This module includes operations such as data normalization, feature scaling, noise filtering, and handling missing
values. The throughput, temperature, interference, and channel condition parameters are transformed into a standardized
format suitable for reinforcement learning. Data preprocessing improves the quality of the input information and ensures
efficient model training and convergence.

By converting raw measurements into clean and structured data, this module provides reliable inputs for the subsequent
optimization process.

3. Interference and Thermal Modeling Module

The Interference and Thermal Modeling Module is responsible for analyzing the interaction among multiple passively
cooled base stations and predicting their thermal behavior. Since the throughput of one base station affects neighboring
stations through interference, this module models the relationship between throughput, resource consumption, and
temperature.
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Advanced mathematical and communication models are used to estimate signal interference, heat generation, and heat
dissipation efficiency under varying environmental conditions. These models help identify the impact of network traffic
on thermal performance and provide important state information to the reinforcement learning agent.

This module captures the complex relationship between throughput and temperature, enabling efficient and interference-
aware thermal management.

4. Reinforcement Learning-Based Throughput Optimization Module

The Reinforcement Learning-Based Throughput Optimization Module is the core component of the proposed system,
where intelligent decision-making is performed. This module employs the Soft Actor-Critic (SAC) algorithm to
determine the optimal throughput allocation for each passively cooled base station while maintaining safe operating
temperatures.

The reinforcement learning agent interacts continuously with the network environment and learns from rewards and
penalties generated based on throughput performance and thermal constraints. The reward mechanism encourages high
throughput, while the denial mechanism prevents actions that may lead to overheating.

The model adapts dynamically to uncertain and time-varying heat dissipation conditions without requiring prior
knowledge of future environmental states. This module provides efficient throughput maximization and ensures reliable
operation of the wireless communication network.

5. Result Analysis & Monitoring Module

The Result Analysis & Monitoring Module is responsible for displaying and managing the output generated by the
intelligent thermal management system. Once the reinforcement learning model determines the optimal throughput
allocation, the corresponding throughput performance, temperature variations, and interference levels are analyzed and
presented through graphs or monitoring dashboards.

This module provides detailed insights into network performance, thermal conditions, and learning convergence.
Performance metrics such as total downlink throughput, temperature stability, energy efficiency, and reward values are
evaluated to measure system effectiveness. Alerts can be generated whenever the temperature approaches critical limits,
enabling timely preventive actions.

Additionally, this module supports continuous monitoring and performance evaluation, allowing the reinforcement
learning model to improve over time. It enhances the reliability, efficiency, and adaptability of the intelligent thermal
management system for next-generation wireless communication networks.

V.RESULTS

1. Reinforcement Learning Training Performance and Network Analysis
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2. System Performance Metrics During Reinforcement Learning Execution
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3. Performance Comparison of Thermal Management Strategies

Fig No:6.3

4. Performance Evaluation and Comparative Analysis Results

Fig No: 6.4
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5. Soft Actor-Critic (SAC) Model Training Process and Execution Log
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VI. CONCLUSION

The proposed Online Learning for Intelligent Thermal Management of Interference-Coupled and Passively Cooled
Base Stations provides an efficient and adaptive solution for managing thermal conditions in modern wireless
communication networks. By integrating the Soft Actor-Critic (SAC) reinforcement learning algorithm with thermal and
interference models, the system dynamically optimises throughput while maintaining safe operating temperatures. The
online learning framework continuously adapts to changing traffic loads and environmental conditions, improving
network performance and energy efficiency. The proposed approach effectively reduces the risk of overheating without
requiring additional cooling infrastructure. Experimental results demonstrate reliable operation, improved resource
utilisation, and enhanced system stability. Overall, the developed intelligent thermal management system offers a
practical, scalable, and energy-efficient solution for next-generation wireless communication networks.

VII. FUTURE ENHANCEMENT

The proposed Online Learning for Intelligent Thermal Management of Interference-Coupled and Passively Cooled
Base Stations can be further enhanced by incorporating advanced technologies and optimisation techniques to improve
efficiency and adaptability. In the future, the system can be extended to support 6G wireless networks and ultra-dense
communication environments. Advanced reinforcement learning techniques such as Proximal Policy Optimisation
(PPO) and Multi-Agent Reinforcement Learning (MARL) can be integrated for cooperative thermal management. The
framework can also be combined with IoT sensors, edge computing, and renewable energy sources to enable real-time
monitoring and improve energy efficiency. Additionally, cloud-based analytics and predictive maintenance can enhance
system reliability and reduce operational costs. These enhancements will contribute to building more efficient, scalable,
and sustainable next-generation wireless communication systems. Furthermore, the proposed model can be expanded to
support autonomous self-healing networks and intelligent network slicing for future smart cities and Industry 4.0
applications. These enhancements will contribute to building more efficient, reliable, scalable, and environmentally
sustainable next-generation wireless communication systems.
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