
 

Improving Renewable Energy Operations in 
Smart Grids through Machine Learning 

Dr. P. Muralidharan
1
, Dr K Subramani

2
, Mohammed I. Habelalmateen

3
, Rajesh Pant

4
, 

Aishwarya Mishra
5
, and Sharayu Ikhar

6 

 
*Assistant Professor ,School of Business and Management ,Christ university yeshwanthpur campus 

Bangalore. 
†Assistant Professor ,School of Business and Management ,CHRIST(Deemed to be University ) 

Bangalore Yeshwantpur Campus 
‡The Islamic university, Najaf, Iraq 
§ Uttaranchal Institute of Management ,Uttaranchal University Uttarakhand, India  
**Department of Computer Science & Engineering, IES College of Technology,IES University,  

Bhopal, Madhya Pradesh 462044 India.  

6Researcher, Yashika Journal Publications Pvt Ltd, Wardha, Maharashtra, India Email: 

sharyu.ikhar@gmail.com 

Abstract.This paper reviews the work in the areas of machine learning's 

role in bolstering renewable energy within smart grids. As the global shift 

towards eco-friendly energy sources such as wind and solar gains 

momentum, the challenge lies in managing these unpredictable energy 

sources efficiently. Innovative learning techniques are emerging as 

potential solutions to these challenges, optimising the use and benefits of 

renewable energies. Furthermore, the landscape of energy distribution is 

evolving, with a growing emphasis on automated decision-making 

software. Central to this evolution is machine learning, with its 

applications spanning a range of sectors. These include enhancing energy 

efficiency, seamlessly integrating green energy sources, making sense of 

vast data sets within smart grids, forecasting energy consumption patterns, 

and fortifying the security of power systems. Through a comprehensive 

review of these areas, this paper highlights the potential of machine 

learning in paving the way for a greener, more efficient energy future.  
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1 Introduction 

The Growing Importance of Renewable Energy and Smart Grids 

The global shift towards renewable energy sources like solar and wind power is not only a 

response to environmental concerns but also a significant trend in modern energy systems. 

According to the International Renewable Energy Agency (IRENA), the global renewable 

generation capability reached 2351 GW by the end of 2018, with solar and wind energy 

accounting for approximately 89.1% of new energy capabilities. However, the integration 

of these renewable sources into energy systems is not without challenges. High penetrations 

of wind and solar energy have led to severe curtailment issues, reflecting the extent to 

which these renewable sources can be effectively utilized. The intrinsic uncertainty in 

renewable energy generation, due to factors like time-varying wind speed and sunlight 

intensity, further complicates the design of effective accommodation mechanisms. 

 

The Challenge of Accommodation and Dispatch 

One of the main reasons for the curtailment of wind and solar energy is the mismatch 

between the rapid growth of renewable energy capabilities and the limitations of existing 

dispatch systems. Traditional energy resources from plants continue to dominate system 

planning, while dispatch strategies for renewable energy often fall short in matching the 

load with generated power. This is especially true during operations when high curtailment 

occurs at lower loads due to the absence of fast and effective dispatch strategies. The need 

for more flexible dispatch strategies that can adapt to time-varying weather conditions is 

evident, and manual control is increasingly proving to be insufficient. 

 

Machine Learning as a Solution 

Machine Learning (ML) offers a promising avenue to address these challenges. Traditional 

methods for evaluating accommodation capability often rely on linear or quadratic 

programming, which are not designed to adapt to new, up-to-date data. In contrast, deep 

reinforcement learning can dynamically adapt to changes in the power system, providing 

more effective policies for energy and economic dispatch. Moreover, ML has the potential 

to revolutionize not just renewable energy distribution but the entire energy spectrum. Even 

in its nascent stages, ML is rapidly becoming an indispensable tool for data processing and 

interpretation, especially in the context of smart grids and energy digitalization. 

 

Objectives and Structure of This Study 

This review aims to explore the recent advances and fundamental ML techniques in energy 

distribution, focusing on the challenges that ML seeks to solve and its impact on the energy 

sector. We will delve into various aspects of ML in core energy technologies and its 

applications in energy distribution utilities. By synthesizing these diverse strands of 

research, this review seeks to provide a comprehensive understanding of how ML can 

improve renewable energy operations in smart grids. 

 

By tying together these various areas, this study aims to offer a holistic view of the 

challenges and solutions in improving renewable energy operations in smart grids through 

machine learning. 

2 Review and discussion 

In a study by Liu et al. (2020), the researchers explored the accommodation capability of 

renewable energy in the smart grid [1]. Given the increasing global emphasis on 

environment-friendly energy sources, such as solar and wind power.The study underscores 
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the importance of effectively integrating these renewable sources into the energy grid. The 

table below presents a meticulous breakdown of various simulations carried out by the 

researchers. These simulations were designed to assess the quality of generated data, the 

learning rates of different algorithms, and the overall effectiveness of the proposed deep 

reinforcement learning approach in accommodating renewable energy. The data used for 

simulations was sourced from NREL and OpenEI, providing a year's worth of hourly wind, 

photovoltaic power data, and user demand data. The study employs two primary simulation 

types: WGAN-AC and DDPG-AC. The WGAN-AC simulations focus on the quality of 

generated data, particularly assessing the learning rates of the generator and discriminator 

on real wind and photovoltaic data. The DDPG-AC simulations, on the other hand, evaluate 

the accommodation capability computed by AccCap-DRL. These simulations provide 

insights into the learning rates, replay buffer sizes, and training epochs, offering a 

comprehensive understanding of the accommodation capability of renewable energy in 

various scenarios. The study aimed to evaluate the quality of generated data using various 

parameters. The results, as tabulated, offer valuable insights into the potential of deep 

reinforcement learning in optimizing the utilization of renewable energy sources: 

Table 1.In-depth Simulation Analysis for Renewable Energy Accommodation [3-8] 

Simulation 

Type 
Data Source Parameter Setting Key Observations Implications 

WGAN-AC 

Real wind and 

photovoltaic 

data 

Learning rate 

of generator 
0.0001 

Loss of generator 

network decreases 

and then increases. 

Wind energy 

distribution is 

harder to learn. 

WGAN-AC 

Real wind and 

photovoltaic 

data 

Learning rate 

of 

discriminator 

0.01 

Discriminator is 

monotonically 

increasing to 

convergence values. 

Wind energy 

distribution is 

harder to learn. 

WGAN-AC 

Real wind and 

photovoltaic 

data 

Learning rates 

of generator 

Varying 

(e.g., 1e-

6, 1e-5) 

With low learning 

rates, renewable 

energy distributions 

are hard to learn. 

Indicates the 

sensitivity of the 

model to learning 

rates. 

WGAN-AC 

Wind and 

photovoltaic 

power 

Segments for 

learning 

distributions 

3 and 6 

Absolute loss of 

discriminator 

learning a segment 

is smaller. 

Wind power 

remains challenging 

to learn, even with 

segment 

partitioning. 

DDPG-AC 

Renewable 

energy data and 

users’ demand 

data 

Learning rate 

of actor 
0.0001 

Training DDPG-AC 

can be fast with the 

right learning rate. 

Demonstrates the 

efficiency of the 

DDPG-AC model. 

DDPG-AC 

Renewable 

energy data and 

users’ demand 

data 

Replay buffer 

size, Training 

epoch 

10000, 

200 

Different learning 

rates lead to 

different 

convergence values. 

Highlights the 

model's adaptability 

to various learning 

rates. 
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The study focuses on the challenges and solutions associated with the accommodation 

capability of renewable energy in smart grids, especially considering the uncertainties of 

renewable energy generation. 

 

The paper emphasizes the increasing global adoption of renewable energy sources, such as 

solar and wind power, due to their environmental benefits. However, the high penetration 

of these renewable sources has also led to significant curtailment issues. One of the primary 

challenges in maximizing the utilization of renewable energy is the inherent uncertainty 

associated with renewable energy generation, caused by factors like varying wind speeds 

and sunlight intensity. 

 

To address these challenges, the authors propose an algorithm named AccCap-DRL, which 

is based on deep reinforcement learning. This algorithm aims to evaluate the maximum 

admissible cumulative renewable power by considering various constraints. The AccCap-

DRL algorithm employs the WGAN (Wasserstein Generative Adversarial Network) to 

describe the distributions of renewable energy data and uses the DDPG (Deep 

Deterministic Policy Gradient) to derive approximate policies for renewable energy 

accommodation in different scenarios. 

 

The study's simulations, conducted on real-world data, demonstrate the effectiveness and 

efficiency of the proposed algorithm in evaluating the accommodation capability of 

renewable energy. 

 

The findings from Liu et al. (2020) provide valuable insights into the accommodation 

capability of renewable energy in the smart grid. The use of WGAN-AC and DDPG-AC 

simulations offers a comprehensive understanding of how different parameters influence 

the learning and effectiveness of renewable energy distributions. As we delve deeper into 

our review article, it becomes evident that leveraging such advanced simulations can pave 

the way for optimizing renewable energy utilization in real-world scenarios. The intricate 

balance between learning rates, segmentations, and data sampling plays a crucial role in 

determining the success of these models. 

 

Another study by Ahmad et al. (2022) offers a comprehensive exploration into the 

symbiotic relationship between machine learning (ML) and the evolving landscape of 

sustainable smart energy systems [2]. The research meticulously unpacks the transformative 

potential of cutting-edge ML technologies. These technologies are not just ancillary tools 

but are becoming the backbone in refining and optimizing decision-making processes 

within energy distribution networks and systems. The study's findings are both profound 

and timely, given the global urgency to transition towards more sustainable energy 

solutions. The key findings are as below [9-14]:  

 

 Role of ML in Fundamental Energy Technologies: 

o ML is instrumental in shaping core energy technologies, encompassing 

areas like advanced energy materials, energy systems, storage 

mechanisms, and energy efficiency. 

o Its integration within the smart grid framework facilitates strategic energy 

planning, seamless integration of renewable energy sources, and the 

harnessing of big data analytics. 

 Software Innovations in ML for Energy Distribution: 
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o The research accentuates the pivotal role of ML in energy distribution, 

particularly its contributions to energy consumption forecasting, 

determining the merit order of energy prices, and assessing the lifetime 

value of consumers. 

o It also touches upon the significance of cybersecurity, the evolution of 

grid edge systems, the rise of distributed energy resources, and the 

nuances of power transmission. 

 Navigating the Challenges in ML-Driven Energy Distribution: 

o ML, while revolutionary, is not without its challenges, especially when 

applied to energy distribution systems. 

o Addressing these challenges head-on is imperative for the holistic 

integration and optimization of ML in energy-centric operations. 

 Envisioning a ML-Infused Sustainable Future: 

o The paper underscores the boundless opportunities that ML presents in 

charting a course towards a smarter, sustainable future. 

o By leveraging ML, the energy sector could realize monumental savings, 

with projections ranging from $237 billion to a staggering $813 billion. 

 Recent Advancements in ML for Energy Distribution: 

o The study delves deep into the latest breakthroughs in ML properties and 

their discoveries, emphasizing their pivotal role and application in the 

realm of energy distribution. 

In conclusion, Ahmad et al.'s research serves as a testament to the transformative and 

disruptive potential of machine learning in the energy sector. As the global community 

stands at the crossroads of an energy revolution, the insights from this study illuminate the 

path forward. By harnessing the capabilities of ML, the energy industry is poised for a 

paradigm shift, one that promises operational excellence, financial savings, and a 

sustainable future for all. 

 

As the global push towards sustainable energy solutions intensifies, the integration of 

machine learning (ML) in renewable energy operations, especially within smart grids, has 

become a focal point of research. Two seminal studies, one by Liu et al. (2020) and the 

other by Ahmad et al. (2022), provide valuable insights into this integration. The following 

table offers a comparative analysis of these studies, highlighting their contributions and 

relevance to the overarching theme of improving renewable energy operations in smart 

grids through ML. 

Table 2. Comparative Analysis: Machine Learning in Renewable Energy 

Aspect Sub-Aspect Liu et al. (2020) 
Ahmad et al. 

(2022) 

Relevance to 

Improving 

Renewable Energy 

Operations 

Renewable 

Energy 

Challenges 

Predictability 

Focuses on the 

unpredictability of 

renewable energy 

sources. 

Emphasizes the 

role of ML in core 

energy 

technologies. 

Addressing 

unpredictability is 

crucial for efficient 

energy operations. 

Accommodation 

Capability 

Introduces an 

algorithm to evaluate 

accommodation 

Discusses 

integration of 

renewable energy 

Efficient 

accommodation 

improves energy 
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capability. into smart grids. utilization. 

Optimization Decision-making 

Uses ML for 

designing algorithms 

that optimize 

renewable energy 

utilization. 

Highlights ML's 

role in refining 

decision-making 

in energy 

distribution. 

Optimized decision-

making enhances 

grid efficiency. 

Technological 

Advancements 
ML Algorithms 

Introduces innovative 

ML algorithms for 

renewable energy 

scenarios. 

Overview of latest 

ML properties and 

applications in 

energy 

distribution. 

Technological 

advancements drive 

operational 

improvements. 

Future Outlook 
Integration into 

Smart Grids 

Proposes ML 

solutions for 

seamless renewable 

energy integration. 

Envisions a 

sustainable future 

powered by ML in 

energy operations. 

Seamless integration 

is key for a 

sustainable energy 

future. 

In essence, both studies collectively underscore the indispensable role of machine learning 

in revolutionizing renewable energy operations within smart grids. While Liu et al. offer a 

deep dive into specific ML algorithms and their applications in addressing renewable 

energy challenges, Ahmad et al. provide a broader perspective on the myriad ways ML is 

shaping the future of energy systems. Together, they offer a holistic understanding of how 

ML can be harnessed to improve renewable energy operations in smart grids, making them 

invaluable resources for anyone venturing into this domain. 

 

3 Future Scope of Research 

As the realm of renewable energy operations in smart grids continues to evolve, the 

integration of machine learning offers a myriad of opportunities yet to be fully explored. 

The current research landscape, while extensive, hints at several promising avenues that 

could shape the future trajectory of this interdisciplinary domain. 

 Advanced ML Algorithms: Delve deeper into the development of sophisticated 

machine learning algorithms tailored specifically for renewable energy forecasting 

and optimisation in diverse environmental conditions. 

 Real-time Adaptability: Research on ML models that can adapt in real-time to 

fluctuating renewable energy outputs, ensuring seamless energy distribution even 

during unforeseen circumstances. 

 Integration with IoT: Investigate the synergy between ML, smart grids, and the 

Internet of Things (IoT) to create interconnected energy systems that can 

communicate, adapt, and optimise autonomously. 

 Cybersecurity in Smart Grids: With the increasing reliance on digital solutions, 

there's a pressing need to research robust cybersecurity measures to protect smart 

grids from potential threats. 

 Sustainable ML: As ML models often require significant computational power, 

exploring energy-efficient ML algorithms that align with the ethos of renewable 

energy is paramount. 
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 Consumer Behaviour Analysis: Utilising ML to predict and understand 

consumer energy consumption patterns, aiding in demand-side management and 

energy conservation strategies. 

 

4 Knowledge Gaps 

While the integration of machine learning in renewable energy operations within smart 

grids has seen significant advancements, there remain certain knowledge gaps that need 

addressing. Identifying these gaps is crucial to guiding future research efforts and ensuring 

a holistic understanding of the field. 

 Granular Data Analysis: Current ML models often operate on broader datasets. 

There's a gap in understanding and predicting micro-level fluctuations in 

renewable energy sources. 

 Interdisciplinary Training: A lack of professionals trained both in renewable 

energy systems and advanced machine learning techniques can hinder the full 

realisation of ML's potential in this domain. 

 Scalability Challenges: While many ML solutions have been tested in controlled 

environments, there's limited knowledge on their scalability and performance in 

larger, real-world smart grids. 

 Economic Implications: The economic aspects of integrating ML into renewable 

energy operations, including cost-benefit analyses and long-term financial 

sustainability, are not thoroughly explored. 

 Ethical and Societal Impacts: As with all technological advancements, there's a 

need to understand the ethical implications of ML-driven smart grids, especially 

concerning data privacy and potential job displacements. 

 Geographical Variations: Most studies focus on specific regions, leaving a gap 

in understanding how ML integration in renewable energy operations would 

function in diverse geographical and climatic conditions. 

5 Conclusion 

The integration of machine learning in enhancing renewable energy operations within smart 

grids has emerged as a pivotal area of research. Drawing insights from the comprehensive 

reviews of the studies by Liu et al. (2020) and Ahmad et al. (2022), we can distil several 

key findings that underscore the significance and potential of this interdisciplinary domain. 

 

Key Findings: 

 Enhanced Renewable Energy Utilisation: Machine learning algorithms, 

particularly deep reinforcement learning, have shown promise in optimising the 

accommodation capability of renewable energy, ensuring maximum utilisation and 

economic benefits. 

 Operational Efficiency: The application of ML in energy distribution networks 

has been identified as a game-changer, offering solutions to challenges like energy 

curtailment, demand-supply mismatches, and real-time adaptability. 

 Holistic Energy Management: By integrating ML in core energy technologies, 

there's a potential to revolutionise energy materials, storage devices, energy 

efficiency, and the overall strategic energy planning in the smart grid paradigm. 
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 Software and Tools: The emergence of dedicated ML software for energy 

distribution highlights the growing recognition of ML's role in streamlining and 

enhancing energy distribution processes. 

 Challenges and Opportunities: While ML presents vast opportunities, it's 

imperative to address existing challenges, especially in terms of data accuracy, 

real-time adaptability, and cybersecurity. Overcoming these challenges can pave 

the way for a smarter and more sustainable energy future. 

 Future Research Potential: Both studies underscore the vast untapped potential 

of ML in renewable energy operations, pointing towards areas like real-time ML 

adaptability, IoT integration, and cybersecurity as promising avenues for future 

research. 

In alignment with our initial abstract, these findings reiterate the transformative role of 

machine learning in revolutionising renewable energy operations within smart grids. As the 

energy landscape continues to evolve, the synergy between renewable energy and machine 

learning stands as a beacon of innovation, driving us towards a more sustainable and 

efficient future. 
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