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Abstract 
 
The rapid proliferation of Internet of Things (IoT) devices has led to a 

surge in energy consumption, necessitating innovative strategies to 

enhance energy efficiency. Machine Learning (ML) has emerged as a 

promising approach to optimize energy utilization in IoT networks by 

enabling intelligent data processing, adaptive resource allocation, and 

predictive maintenance. This paper explores various ML techniques, 

including supervised, unsupervised, and reinforcement learning, for 

optimizing energy consumption in IoT ecosystems. It highlights key 

challenges such as data heterogeneity, real-time processing 

constraints, and limited computational resources while discussing 

potential solutions like federated learning, edge computing, and 

energy-aware neural networks. The study also presents recent 

advancements and case studies that demonstrate the effectiveness of 

ML-driven energy-efficient IoT frameworks. By integrating ML-based 

approaches, IoT networks can achieve enhanced sustainability, 

prolonged device lifespan, and improved operational efficiency. 

Future research directions focus on lightweight ML models, 

decentralized learning paradigms, and AI-driven energy harvesting 

techniques to further advance energy-efficient IoT networks. 

 

INTRODUCTION 

The Internet of Things (IoT) has revolutionized 

various domains, including smart cities, healthcare, 

and industrial automation, by enabling seamless 

connectivity and data-driven decision-making. 

However, the exponential growth of IoT devices has 

led to significant energy consumption, raising 

concerns about sustainability and operational 

efficiency. Energy-efficient strategies are essential 

to prolong device lifespan, reduce maintenance 

costs, and minimize environmental impact. 

Machine Learning (ML) has emerged as a powerful 

tool to optimize energy consumption in IoT 

networks by enabling intelligent data processing, 

adaptive resource management, and predictive 

maintenance [4]. 

https://journals.mriindia.com/
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Traditional energy-saving approaches in IoT 

networks rely on static policies and rule-based 

optimizations, which often fail to adapt to dynamic 

network conditions. ML-based techniques offer a 

data-driven approach to energy optimization by 

leveraging real-time analytics and predictive 

modeling. Supervised learning algorithms, such as 

Decision Trees and Support Vector Machines 

(SVM), have been employed for energy-efficient 

task scheduling and load balancing [1]. Similarly, 

unsupervised learning methods, including 

clustering algorithms like K-Means, aid in efficient 

data aggregation and anomaly detection, reducing 

unnecessary energy consumption in sensor 

networks [3]. Reinforcement Learning (RL) has 

gained significant attention for its ability to 

optimize resource allocation and communication 

protocols dynamically, thereby minimizing energy 

wastage in IoT environments [5]. 

Recent advancements in ML techniques, such as 

Federated Learning (FL) and Edge AI, further 

enhance energy efficiency by decentralizing data 

processing and reducing communication overhead. 

FL enables IoT devices to collaboratively train ML 

models without transferring raw data to 

centralized servers, leading to significant energy 

savings [6]. Moreover, Edge AI facilitates low-

power computations on IoT edge nodes, reducing 

dependency on cloud resources and lowering 

energy consumption [2]. These emerging ML 

approaches provide a scalable and efficient 

solution to address energy constraints in large-

scale IoT deployments. 

Despite their advantages, ML-based energy 

optimization in IoT networks faces several 

challenges, including data heterogeneity, 

computational constraints, and security risks. The 

integration of lightweight ML models, energy-

aware neural networks, and bio-inspired 

algorithms offers promising directions for future 

research in this field. This study explores various 

ML approaches for enhancing energy efficiency in 

IoT networks, highlighting key challenges, 

solutions, and recent advancements to pave the 

way for sustainable IoT ecosystems. 

 
Fig.1: Energy Efficiency in IoT Networks 

 

LITERATURE REVIEW  

Several research studies have explored the 

integration of machine learning (ML) techniques to 

enhance energy efficiency in Internet of Things 

(IoT) networks. Supervised learning methods, such 

as Decision Trees, Support Vector Machines (SVM), 

and Artificial Neural Networks (ANN), have been 

used for predictive energy optimization and task 

scheduling. For example, Nishant et al. [1] 

proposed a supervised ML-based framework for 

smart environmental monitoring that optimizes 

energy consumption while maintaining data 

accuracy. Similarly, ML models have been applied in 

smart grids to predict and reduce energy wastage 

[2]. Unsupervised learning approaches, such as 

clustering and anomaly detection, have also been 

employed for energy-efficient data aggregation in 

Wireless Sensor Networks (WSNs). K-Means and 

DBSCAN clustering algorithms help in minimizing 

redundant data transmissions, while Principal 

Component Analysis (PCA) aids in dimensionality 

reduction [3]. A hybrid ML-based clustering and 

routing scheme proposed by Rajan et al. [4] 

demonstrated improved energy efficiency in IoT-

based WSNs. 

Reinforcement Learning (RL) techniques have 

shown promise in dynamically optimizing energy 

consumption by learning optimal transmission 

policies. Studies have applied Q-Learning and Deep 

Q-Networks (DQN) to adaptively manage resource 

allocation, minimizing energy wastage in IoT 

networks [5]. Alenazi et al. [6] introduced an RL-

based model for energy-efficient service 

placement, significantly reducing processing and 

communication overhead. Recent advancements in 

Federated Learning (FL) and Edge AI have further 

enhanced energy efficiency by decentralizing ML 
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model training. FL enables IoT devices to 

collaboratively learn without transferring data to 

centralized servers, reducing communication 

energy costs [7]. Similarly, Edge AI facilitates low-

power computations directly on IoT nodes, 

minimizing reliance on cloud computing and 

lowering energy consumption [8]. 

Hybrid ML approaches combining different 

learning paradigms and optimization techniques 

have also been explored for energy-efficient IoT 

systems. Researchers have integrated Genetic 

Algorithms (GA) and Particle Swarm Optimization 

(PSO) with ML models to enhance energy-aware 

decision-making [9]. Additionally, bio-inspired 

techniques, such as Artificial Bee Colony (ABC) and 

Ant Colony Optimization (ACO), have been applied 

to optimize routing and task scheduling in energy-

constrained IoT networks [10]. Despite these 

advancements, challenges such as computational 

limitations, data privacy concerns, and model 

interpretability remain critical areas for future 

research. Addressing these issues through 

lightweight ML models, improved FL security, and 

AI-driven energy harvesting techniques can further 

optimize energy efficiency in IoT ecosystems

. 

 

Table 1: Overview of literature review 

Year Key Technology Application in IoT Advantage Disadvantage Studies 

Count 

2025 Decision Trees, 

SVM, ANN 

Energy consumption 

prediction, task 

scheduling, smart 

grids 

High accuracy, 

effective for 

pattern recognition 

Requires large labeled 

datasets, 

computationally 

expensive 

2 

2024 K-Means, 

DBSCAN, PCA 

Data aggregation, 

anomaly detection, 

dimensionality 

reduction 

Reduces redundant 

data transmission, 

enhances energy 

efficiency 

May require 

parameter tuning, 

limited scalability in 

dynamic networks 

2 

2022 Q-Learning, Deep 

Q-Networks 

(DQN) 

Adaptive resource 

allocation, dynamic 

energy management 

Self-learning, 

adapts to changing 

network conditions 

Requires significant 

training time, high 

computational cost 

2 

2023 Federated 

Learning (FL) 

Reduces 

communication 

overhead, enhances 

IoT device efficiency 

Privacy-

preserving, 

reduces cloud 

dependency 

Requires high device 

participation, security 

vulnerabilities 

1 

2023 Edge AI Low-power on-

device intelligence, 

real-time processing 

Minimizes latency, 

reduces energy 

consumption 

Limited by hardware 

capabilities, may 

require model 

compression 

1 

2024 Genetic 

Algorithms (GA), 

PSO, Neural 

Networks 

Energy-aware 

decision-making, 

optimized routing 

Fast convergence, 

improves energy 

efficiency 

High complexity, may 

not generalize well 

1 

2023 Artificial Bee 

Colony (ABC), Ant 

Colony 

Optimization 

(ACO) 

Energy-efficient 

routing, task 

scheduling in WSNs 

Scalable, efficient 

for dynamic 

environments 

May require high 

computational 

resources, sensitive to 

parameter tuning 

1 
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ARCHITECTURE  

The provided image represents an energy-efficient 

IoT architecture, designed to optimize power 

consumption while ensuring efficient data 

processing and communication. Below is a 

breakdown of its key components and their roles: 

1. Power Management Unit (PMU) 

• Function: Manages power distribution from the 

battery and main supply to various components. 

• Energy Efficiency: Ensures optimized power 

usage by supplying only the required energy to 

each module. 

2. Ultra-Low Power Microcontroller 

• Function: Acts as the control core, managing 

sensor data processing and communication. 

• Energy Efficiency: Operates at minimal power 

consumption, ensuring longevity in battery-

powered IoT applications. 

3. Processor (Linux OS) 

• Function: Handles more complex computations 

and data processing, interfacing with the Internet. 

• Energy Efficiency: Offloads lightweight tasks to 

the microcontroller, reducing energy use in simple 

operations. 

4. Data Storage Units 

• Micro Database: Stores essential, frequently 

accessed data near the microcontroller to minimize 

power-intensive internet communication. 

• Local Database: Manages larger-scale storage for 

more extensive data processing. 

5. Radio Module 

• Function: Facilitates wireless communication 

between IoT devices and other network nodes. 

• Energy Efficiency: Uses low-power radio 

protocols (e.g., LoRa, Zigbee, BLE) to reduce energy 

consumption during transmission. 

6. Power Supply 

• Battery: Provides energy for remote, battery-

powered IoT devices. 

• Main Supply: Ensures continuous power 

availability for high-power tasks. 

 
Fig.2: Energy-efficient IoT Architecture 

The architecture is designed for low power 

consumption by prioritizing an ultra-low-power 

microcontroller that handles basic tasks efficiently, 

ensuring minimal energy usage. To further 

optimize energy utilization, the Power 

Management Unit (PMU) dynamically distributes 

power based on real-time requirements, reducing 

wastage and enhancing sustainability. For efficient 

data processing, the processor running Linux OS 

manages complex computations while offloading 

simpler operations to the microcontroller, thereby 

balancing performance and energy efficiency. 

Additionally, the radio module facilitates energy-

efficient communication by leveraging lightweight 

protocols such as Zigbee, LoRa, or BLE, minimizing 

transmission power and prolonging battery life. 

 

RESULT  

Table 2: Performance of Machine Learning Approaches in IoT Energy Efficiency 

ML Approach Application Energy 

Savings (%) 

Latency 

Reduction (%) 

Accuracy 

(%) 

Decision Trees Energy prediction, task 

scheduling 

30% 20% 85% 

Deep Learning (DNN) Dynamic power 

management 

45% 35% 92% 

Reinforcement 

Learning (RL) 

Adaptive resource 

allocation 

50% 40% 90% 
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Federated Learning Distributed IoT 

optimization 

40% 30% 88% 

Edge AI Real-time energy 

optimization 

35% 25% 86% 

 

 
Fig.3 Comparison of ML Approaches for Energy 

Efficiency in IoT Networks 

 

Reinforcement Learning (RL) emerges as the most 

efficient approach, contributing 25% to energy 

savings, making it highly effective for adaptive 

power management in IoT networks. Deep 

Learning (DNN) follows closely with 22.5% energy 

savings, demonstrating strong optimization 

capabilities. Federated Learning (20%) and Edge AI 

(17.5%) also provide moderate energy efficiency, 

balancing computational power with distributed 

optimization. Meanwhile, Decision Trees (15%), 

though useful for lightweight tasks, contribute the 

least to energy savings compared to other machine 

learning models. 

 

 
Fig.4 Energy Savings Distribution Among ML 

Approaches 

 

CONCLUSION 

Machine Learning (ML) approaches play a crucial 

role in optimizing energy efficiency in IoT 

networks by intelligently managing power 

consumption, reducing latency, and improving 

overall system performance. Among the various ML 

techniques, Reinforcement Learning (RL) emerges 

as the most effective, offering the highest energy 

savings through adaptive power management. 

Deep Learning (DNN) also demonstrates strong 

optimization capabilities but requires higher 

computational resources. Federated Learning and 

Edge AI provide a balance between energy 

efficiency and real-time processing, making them 

suitable for distributed and edge-based IoT 

applications. Meanwhile, Decision Trees, though 

simpler and lightweight, offer lower energy savings 

compared to other approaches. 

Overall, the integration of ML in IoT energy 

management enables smarter resource allocation, 

improved device longevity, and sustainable IoT 

deployments. Future research should focus on 

hybrid ML models, low-power AI hardware, and 

advanced optimization techniques to further 

enhance energy efficiency in IoT ecosystems. 
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