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Abstract  
 

 

 

Renewable generation and electricity demand are variable, which makes short-term forecasting 

difficult for smart-microgrid energy management. This thesis develops and evaluates a hybrid 

Long Short-Term Memory (LSTM) and XGBoost forecasting model for solar generation, wind 

generation, and load demand. The implementation was completed in Google Colab using hourly 

Open Power System Data (OPSD). The data-processing pipeline includes quality checking, time-

based feature engineering, lagged and rolling features, normalization, and chronological separation 

into training, validation, and test sets. LSTM is used to learn temporal dependencies from 

sequential observations, while XGBoost learns nonlinear relationships among the engineered 

features and the LSTM representation. The mean absolute error (MAE), root mean squared error 

(RMSE), and coefficient of determination (R 2 ) are used to compare the proposed hybrid model 

to standalone XGBoost, standalone LSTM and persistence or statistical baselines. The findings 

indicate that hybrid model offers the best forecasting performance compared to the models 

considered. The thesis hence provides an assessable predictive element toward an energy-

management system of the future through AI.  
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 Chapter 1 

   Introduction 

                                          

The world is experiencing a significant change in the energy situation, which is driven by increased 

electricity consumption, environmental concerns, and the necessity of renewable sources of 

energy. The conventional central generation-based on fossil fuel-based traditional power systems 

are unable to effectively address environmental issues, efficiency, and flexibility to support the 

increasing energy demand. Such traditional systems are not only significant sources of green house 

gas emissions but also unable to keep up with the dynamic and distributed consumption of energy 

in today's context. This has seen a paradigmatic change in a more decentralized, resilient and  

Fig. 1.1: Architecture of a smart microgrid showing renewable energy sources, energy storage, 

grid connection, controllable loads, and the central energy management controller. 

 

cleaner energy system [1]. On the list of the most promising advances on this roadmap, Smart 

microgrids can be mentioned. Microgrids are a distributed energy system which is a combination 

of distributed energy resources (DERS) such as energy storage, wind, solar PV and loads and 

manageable loads. The microgrids, as compared to the traditional grids. This is meant to enhance 

energy reliability, resilience and energy autonomy particularly in remote locations and those with 

shabby grid networks [2]. One of the primary components of sustainable development and carbon 

would be the use of renewable energy (RE) in microgrids. Solar and wind power, being clean and 

plentiful, have emerged as important elements in today's energy infrastructure. But these are 

renewables that are of course volatile and unpredictable with the variable climatic conditions. An 

example of this is that the production of solar energy varies according to the quantity of sunlight 

and wind energy also varies according to the speed of the wind. This variability poses a big 

challenge to attain a stable energy balance in both energy generation and consumption in a micro 
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grid [3]. These obstacles can be surmounted in case we install effective Energy Management 

Systems (EMS). The role of an EMS is to monitor, control and optimize energy generation, 

storage, and distribution in a system [4]. A common thing is that the traditional microgrids are 

dominated by either the rule-based control strategies or the mathematical optimization-based 

strategies. These approaches work well with easy systems but with a high renewable energy 

penetration system are not always adequate to address the complexity and uncertainty. Such 

conventional methods are not flexible, do not span, do not learn previous or real time data and 

consequently do not do their optimality best [5] [6]. Similarly, reinforcement learning techniques 

have successfully been applied to effectively optimize the decision-making in uncertain and 

dynamic environment that enable effective management of energy in real-time in microgrids. In 

addition, "mixed" methods, combining forecasting and optimization methods, are being studied 

due to their potential to enhance the overall system performance. To illustrate, AI-based prediction 

models can be used to allow microgrids to plan how they will operate to optimize costs and 

maximize energy efficiency when combined with optimization algorithms [7]. In addition, with 

the advancements of edge computing, Internet of Things (IoT) technologies, it has become possible 

to monitor, communicate, and intelligently control in any contemporary smart grid environment. 

Low latency control and data processing increases the responsiveness and intelligence of current 

EMS [7]. Lack of performance and lack of efficiency. One of the technologies that have been 

revolutionizing the energy industry over the last few years is Artificial Intelligence (AI). The two 

brightest examples of AI algorithms that can process large volumes of information, identify 

patterns and make decisions with a, optimizing energy schedules, and controlling the system. 

Using historical data and real-time information, AI-based systems are able to adjust to changes 

and provide better system performance. Poor performance and inefficiency. Over the past few 

years, Artificial Intelligence (AI) has become a revolutionary technology in the energy system. 

Artificial intelligence (AI) methods, such as machine learning (ML) and deep learning (DL), allow 

analysis of big data, discover patterns, and intelligent decisions with minimal human intervention. 

With regards to the smart microgrids, AI is applicable in predicting energy generation and demand, 

optimizing energy schedules, and improving the controls of the system. Using the information of 

various timepoints and real-time feedback, AI-based systems come to change based on the 

environment and enhance the entire system performance. 

One of the key applications of AI in microgrids is renewable energy forecasting. The outlook of solar 

and wind energy production plays a vital role in preparing the energy resources and utilization of 

energy correctly. Machine learning models such as regression algorithms, decision trees or other 

models such as the XGBoost have been widely used to do this. Deep learning algorithms have 

additionally shown superb success in regulating modeling temporal reliance with the time series 

including the utilization of the Long Short-Memory (LSTM) cakewalk. The predictions made by these 

models are more reliable and accurate compared to the predictions of the traditional statistical models. 

One of the areas the AI is important is in load demand forecasting. With this information the system 

will be able to provide energy efficiently to address the energy needs and avoid wastage of energy. 

Using machine learning algorithms, previous trends in usage, the time of day, season, user behavior 

etc. can be considered and make precise predictions about future energy use. Such a forecasting feature 

plays an important role in ensuring the stability of the grid and avoiding the overutilization or 

underutilization of resources. In addition to prediction, AI also plays a significant role in optimization 

and decision-making in microgrids.AI can also be vital in optimization and decision making in micro 

grids, besides prediction. Sophisticated algorithms like a reinforcement learning and evolutionary 

optimization technique can be used to determine the most optimal use of the energy resources. The 

methods provide the possibility of intelligent generation and scheduling of power production, 

maximizing the utilization of power and minimizing operating costs. An example of the AI use could 

be to determine when to charge batteries in case of excess electricity, when to resort to the main energy 

system and how to distribute the available energy to diverse loads. Moreover, adaptive and autonomous 

control can be developed with the help of AI. AI-based controllers can also constantly learn and 

become more efficient as time progresses unlike traditional controllers which are guided by some fixed 

rules. They can accommodate variations in the state of the system as they occur, such as, when there 
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are variations in renewable generation, or an increase or decrease in demand of the load. This flexibility 

enhances reliability and resiliency of the microgrids, as well as heightens their resistance to 

uncertainties and disruptions [5]. Though extensive advances in the application of AI to microgrids 

have been developed, several studies discuss one of the components individually, e.g., forecasting or 

optimization rather than developing a complete and comprehensive energy management system. Such 

inability to integrate lowers the efficiency of these systems since the prediction, optimization and 

control systems should collaborate to bring out the best performance. Moreover, the nature of 

renewable energy systems tends to be highly dynamic and non-linear which is not well suited to 

majority of the conventional EMS systems. Therefore, the need to have an integrated AI-Based Energy 

Management System (AI-EMS), which is the combination of predictive analytics, optimization 

algorithms, and real-time control mechanisms, into one system is growing. This may be applied to 

enhance the efficiency, dependability and validity of smart micro grids with statistical decision-

making. It can also reduce the energy wastage, enhance the alternative energy consumption, and 

contribute to the intelligent and independent shift to the energy system. A detailed AI-EMS of 

intelligent microgrids is suggested in this study to approach these challenges. This system will be based 

on the latest machine learning and deep learning models to facilitate precise forecasting models and 

optimization and control strategies to the effective management of the energy. The system is meant to 

improve the performance of the microgrids, in general, and to make the future of energy infrastructure. 

1.2 Introduction 

With the ever-growing global energy demand from population growth, urbanization and industrial 

expansion, the challenges have been great in the context of traditional power systems. The 

conventional energy systems are largely centralized and based on inexhaustible sources of energy 

such as coal, oil, and natural gas. Use of these systems has been seen as an aid in the economic 

development process yet growing concerns exist regarding their impacts on the environment, 

efficiency and they are poorly adapted to the ever-evolving energy requirements. The excessive 

use of fossil fuel has brought about immense environmental issues like global warming and climate 

change, greenhouse gases emissions. This has led to a worldwide transition to cleaner, more 

sustainable and decentralized energy systems, that are able to satisfy increasing energy 

requirements with minimum environmental impact [8][7][4]. Given the dynamic nature of this 

energy landscape, smart microgrids have proven to be a key solution in the quest to become more 

resilient and sustainable with energy. A smart microgrid is an advanced energy system that 

comprises of distributed energy resources (DERs) such as solar photovoltaic (PV) systems, wind 

turbines, energy storage systems and controllable loads within a local energy network. Microgrids 

have the capability of both producing electricity under Grid-Connected operating mode and 

Islanded operating mode and therefore it implies that they can supply themselves in case of a grid 

failure, or when there is a disturbance. The feature allows a better reliability and power supply 

particularly in the remote and rural location and also in emergency cases such as hospitals and 

industrial plants [3]. Moreover, microgrids might be utilized to enhance the utilization of 

renewable energy sources and, through this, reduce carbon emissions and contribute to global 

sustainability. Despite the advantages, operation of microgrids using renewable is very 

challenging. Production of renewable energy is subject to natural fluctuations and volatility, i.e. it 

depends on other factors like weather and climate. Solar power production, as an example, is 

sensitive to the sunlight intensity, cloud cover, and time of day; and wind power production, is 

sensitive to the strength of the wind and the weather conditions. These uncertainties impose 

difficulties of balancing the energy supply and demand in order to maintain stable operations of 

the microgrid. Moreover, the microgrids are becoming more and more complicated (with several 

distributed components and dynamic loads pattern) and this further complicates the management 

of the system [9]. To counter these difficulties and provide effective and reliable functioning of 

microgrids, Energy Management Systems (EMS) are necessary. An EMS is used to monitor the 

condition of the systems and regulate the flow of the energy and use of the resources that can be 

available. The majority of the classical EMS methods are a rule-based or mathematical 
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maximization plan, which become effective in simple and deterministic settings. However, they 

are not particularly effective when it comes to the nonlinearity, stochasticity and dynamics of 

modern energy systems. They are not able to respond to changes in real-time and are unable to 

effectively use the vast amounts of historical and real-time data, which leads to suboptimal 

performance and efficiency [11][23] [8]. The use of AI in the field of microgrids is especially 

crucial regarding energy generation prediction. To make effective energy planning and resource 

allocation, the accurate prediction of renewable energy generation and load demand are crucial. 

The machine learning models are widely used for forecasting due to their high accuracy and 

robustness, among which regression algorithms, decision trees and ensemble methods like 

XGBoost are widely used. Also, deep learning classification tools have created exceptional ability 

in tense correlations in time-series information, particularly Long Short-Term Memory (LSTM) 

networks. These models can significantly benefit the conventional statistical models that result in 

a more accurate prediction, and therefore, improved decision making and stability of the system 

[9]. Another important role played by AI is in streamlining the energy management in microgrids. 

Advanced optimization techniques [including various reinforcement learning algorithms, 

evolutionary algorithms, and multi-agent systems] can be used to optimally utilize energy 

resources. These technologies allow smart planning of the power production, storage, and usage 

to make sure that resources are used efficiently, and operational expenses are minimized. An 

example is that AI-based optimization can make a decision about when to charge excessively the 

energy into the batteries, when to utilize renewable energy source, and when to use the more 

traditional grid. This smart decision making maximizes the system, reduces the energy wastage 

and guarantees higher economic performance [10]. In addition, AI will be beneficial in developing 

adaptive and autonomous microgrid controls. In contrast to conventional controllers that control 

according to some previously set rules, AI-based ones can learn and advance their performance 

with time, having their own historical data. These systems are responsive to real-time changes in 

energy generation and consumption, and are very effective in tackling uncertainties and 

disturbances. The integration of AI with the Internet of Things (IoT) technology can also add to 

the capabilities of the system, making it possible to collect, communicate, and control data in real-

time. The combination of AI and IoT makes it possible to develop smart self-optimizing and 

responsive energy systems. [20] Despite the considerable amount of advancements that have been 

seen in the field of energy management through AI, various research efforts have focused on a 

single aspect of energy management, such as forecasting, optimization and control. This 

disaggregation makes the whole microgrid system less efficient, as it requires that all elements in 

the system work together, to give their most optimal services. Moreover, the number of 

conventional solutions that can handle highly dynamic and nonlinear environment, characteristic 

of renewable energy systems are many. These restrictions underline the need for a comprehensive 

and integrated energy management approach [11]. Hence, this research presents the development 

of an Artificial Intelligence Based Energy Management System (AI-EMS) which combines 

prediction, optimization and control in a single platform. The smart microgrids with the proposed 

system will be more efficient, reliable, and sustainable as the system will be based on data and 

adaptive decision making. The system is designed to enhance the use of renewable energy sources, 

minimize operational expenses, and provide a stable and reliable power supply, even in changing 

weather conditions, through the use of advanced AI techniques. The downsides of the existing 

solutions are not only solved by this combined solution, but also assist in creating next generation 

smart energy systems. This thesis concentrates on the prediction component of an energy-

management system that is AI-based. It does not purport that correct forecasts are a panacea to the 

entire microgrid scheduling and management issue. Instead, it generates a forecasting contribution 

that can be measured and provide useful inputs on subsequent levels of optimization and control. 
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1.3 Problem Statement 

supply and demand. This disbaise may lead to issues of voltage instability, oscillations in 

frequencies, energy wastes and lack of reliability of the micro-grid system. As such, handling of 

such uncertainties is a crucial issue in the current energy systems [12]. The need to use Traditional 

Energy Management Systems (EMS) that characteristically depend on rules and deterministic 

optimization procedures cannot be applied when dealing with non-linear and dynamic nature of 

renewable-integrated microgrids. They tend to be subject to a list of rules and fixed models that 

are unable to adapt and are not very responsive to the on-the-fly changes in energy production and 

consumption. Thus, they may cause inefficient energy consumption, high operating costs and 

inefficient system operation. Moreover, such systems cannot handle visions of the large volume 

of data being generated by the current smart grid, nor can they make smart and informed decisions 

about it [13]. Another drawback of the existing studies is the separation of energy forecasting, 

optimization, and control, considering each as an independent problem. Although much effort has 

been directed toward development of advanced prediction model and optimization techniques, few 

studies have considered application of these techniques in a general context. Though there are 

numerous studies focusing on improving the quality of prediction and/or development of 

sophisticated optimization techniques, not many of them have taken into account how these 

techniques can be fitted into a bigger picture. This is because it causes inappropriate decision-

making, which reduces efficiency and effectiveness of the microgrid and retards its decision 

making. To illustrate, even un-optimized prediction might lead to a sub-optimal resource allocation 

and optimization without prediction might be ineffective to respond to the abrupt perturbation of 

a system [14]. Also, there is the growing complexity of smart microgrids, which encompasses 

distributed energy resources, energy storage systems, electric vehicles and smart loads, to the 

complexity of energy management. These factors are highly dynamic and nonlinear system and 

require stringent decision making power. Additionally, the emerging problems such as 

cybersecurity threats, delays in communication and how microgrids can be scaled make the 

operation of microgrid more difficult. All these effects suggest that the existing EMS solutions are 

not sufficient and new smart, adaptive, and powerful solutions are needed [15]. Although AI has 

become a viable solution to some of these issues with some success, current uses of AI are often 

limited in terms of purpose and do not completely integrate within the system. The majority of the 

AI based solutions are specifically implemented to certain fields such as load forecasting, 

renewable energy prediction etc. without the combination of optimization and control into a single 

solution. Such a biased application restricts the possible advantages of AI, and fails to allow 

building a complete and effective energy management system [16]. Hence, an integrated and 

comprehensive Artificial Intelligence-Based Energy Management System (AI-EMS) to tackle the 

problems of renewable energy integration in smart microgrid is much desired. This system should 

be  

 

1.6 Research Objectives 

1. To develop a hybrid LSTM-XGBoost forecasting model for renewable-energy generation and 

load demand and evaluate it using RMSE, MAE, and R². 

2. To develop a PPO-based optimization module for energy scheduling and evaluate its 

performance using operational cost, renewable-energy utilization, power losses, battery 

degradation, and grid dependency. 

3. To develop an adaptive fuzzy-neural control module for maintaining voltage and frequency 

stability under changing generation and load conditions. 

4. To integrate the prediction, optimization, and control modules into a closed-loop AI-EMS 

architecture and evaluate the interaction between the three modules. 



  

7 
 

5. To compare the proposed AI-EMS with baseline methods, including persistence/rule-based 

forecasting, standalone LSTM and XGBoost, rule-based energy management, DQN, PI 

control, and fuzzy control. 

6. To evaluate the robustness of the proposed AI-EMS under different operating scenarios using 

quantitative performance measures, convergence analysis, sensitivity analysis, error/residual 

analysis, and repeated experimental runs. 

1.7 Significance of the Study 

The analysis has profound implications on the creation of intelligent energy systems and Artificial 

Intelligence (AI) application to microgrid energy management. The world is moving toward renewable 

energy and a decentralized power system, making it increasingly important to adopt intelligent 

solutions that can effectively deal with the complexity, variability and uncertainty of today's power 

system. The proposed Artificial Intelligence Based Energy Management System (AI-EMS) is a 

contribution to this dynamic in the form of a single system encompassing prediction, optimization, and 

control. The latter is aimed at beating the existing energy management practices and is associated with 

the most recent innovations in smart grid technologies based on AI [22]. This work is technically of 

great importance in the context of the smart microgrids operation efficiency improvement. The 

proposed system allows making decisions in a proactive and data-oriented way because it uses high-

quality machine learning and deep learning models to make precise predictions of renewable energy 

production and load demand. Predictive ability can also assist the system to predict changes in the 

energy supply and demand more accurately, reducing uncertainty, and enhancing system performance. 

Such intelligent optimization techniques can be employed, in addition, to efficiently allocate energy 

resources, minimize energy wastage and energy operating expenses and optimize the use of renewable 

energy sources [23]. The other notable addition of this study is that of boosting the dependability and 

resiliency of micro-grids. The system will be responsive and dynamic as by using an AI-based real-

time control mechanism, the system will respond to any unexpected changes in operating conditions, 

i.e. variations in renewable energy generation or load demands moving to unexpected levels. This 

flexibility does not only assist in enhancing the stability of the system, maintaining the voltage and 

frequency within reasonable levels, but reduces the chances of outage and failure of the system. This 

is an extremely significant attribute in vital infrastructures and remote areas that must be supplied with 

power constantly [24]. There are also economic implications for this study, in addition to the technical. 

The suggested AI-EMS maximizes the performance of the energy/resource allocation scheduling, 

which minimizes the reliance on the traditional sources of energy, which are expensive, and decreases 

the operation expenses. Optimizing on the energy resources available within the area so that they can 

utilize local renewable energy would lead the way to lowering the costs of energy and making the area 

become more energy independent. Additionally, smarter control over the energy storage systems can 

contribute toward achieving maximum use of energy at the peak demand periods, which contributes to 

the cost savings [25]. This study has also environmental implications. Both the reduction of GHG 

emissions and the global sustainable development can be promoted with the help of the proposed 

system, as it encourages integration and optimal utilization of renewable energy sources. Proper 

utilization of clean energy sources can decrease reliance on fossil fuels and decrease environmental 

pollution and climate change. It is in line with the global sustainability objectives, and highlights the 

way AI can be used to sustain more energy systems that are sustainable and environmental friendly 

[26]. Further, this effort provides a pragmatic and extendable framework that can be adopted to larger 

smart grids and future energy systems. The projected AI-EMS has a small number of easy to access 

datasets, numerous applications of machine learning, and modular design that can be adopted and 

applied in real-life cases. This provides value to academic researchers as well as industry practitioners, 

policymakers and energy providers who are looking for innovative energy management solutions. 

Moreover, the findings of this study could be employed to establish a base on researching more 

advanced AI techniques and real-time usages [27]. In conclusion, the research is a great contribution 

to the successful formulation of smart microgrids based on efficiency, reliability, economic efficiency, 

and environmental sustainability. The study also emphasizes the possibility of integrating modern AI 

methods into the system of energy management in the future to design intelligent, adaptive, and future-
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successful energy systems that could efficiently meet the growing worldwide energy needs of clean 

and reliable energy. 

1.8 Scope of the Study 

The research objectives are the design, development, and testing of an Artificial Intelligence-Based 

Energy Management System (AI-EMS) to smart microgrids, in particular, improving the energy 

efficiency, reliability, and sustainability via intelligent and data-driven methods. The work is 

devoted to the two main pillars of energy management prediction, optimization, and control and 

their combination with the latest methods of Artificial Intelligence (AI), including the use of 

Machine Learning (ML) and Deep Learning (DL). The combined solution will eliminate the issues 

of fluctuation of renewable energy sources, and adjustable load demand in a manageable 

simulation type. The current research is in line with the new tendencies of AI-based smart grid 

systems emphasizing the necessity of intelligent and adaptive energy management systems [28]. 

The development of predictive models of renewable energy production in addition to load demand 

prediction is the one of the primary concerns of this study. The research utilizes machine learning 

and deep learning: Long Short-Term Memory (LSTM) networks are utilized in time-series solar 

and wind generation forecasting and XGBoost is applied in load demand forecasting. The models 

are developed and tested using the power system data, which is the Open Power System Data 

(OPSD) database. This includes data preprocessing, feature engineering and the availability of data 

that is formatted into the proper format to train a model. The prediction limits are limited to short 

and medium-range prediction such as hourly or day-to-day forecast scheduling that is required in 

real-time usage in energy management [29]. The research also includes the design of an 

optimization framework to efficiently schedule the energy resources and allocate them within the 

microgrid besides prediction. It is optimized with consideration of other factors such as renewable 

sources of energy, energy storage and the demand of energy by the system to optimize the 

functioning of the energy system. This is aimed at maintaining the operating costs low and 

reducing the losses on energy and source as much renewable energy as possible. The optimization 

model is configured with the right constraints, including generation limits, the storage 

consideration and power balance. The paper will look at AI-based optimization and mathematical 

optimization, although it largely focuses on the application of the optimization in the simulation 

mode and not in our real-time simulation [30]. A second important feature of the work in this study 

is that a control system is developed to ascertain the stability and reliability of the system. The 

control module is planned to monitor key system variables such as the voltage and frequency and 

power flow and modify the system in real-time based on the predictive and optimal module 

outputs. The study is dedicated to adaptive control measures that would be able to respond to the 

increase or decrease of the energy generation and demand promptly, enhancing the stability of the 

microgrid system. The control strategies however are not carried out in hardware and tested in the 

field in reality [31] but tried in a simulated environment. Furthermore, this study will go further to 

assess the efficiency of the proposed AI-EMS covering the conventional performance metrics and 

scenarios. The assessment of the system is carried out in terms of prediction accuracy, namely 

Root Mean Square Error (RMSE), Mean Absolute Error (MAE), R^2 coefficient, optimization 

efficiency, energy utilization and system reliability. The proposed AI-based approach is compared 

with the traditional energy management approach to emphasize the performance improvement. To 

ensure that the system becomes robust and has the capability to generalize, the test is performed 

in different operating conditions including changes in the production of renewable energy and load 

demand [32]. It is worth mentioning that this study was performed with the help of software based 

simulation framework only and not with real world hardware implementation and implementation 

in a real microgrid system. In addition, some machine learning models are only studied like LSTM, 

XGBoost and not all the popular machine learning models are discussed. The work of this thesis 

contribution is documented, reproducible forecasting workflow instead of a claim of an operational 

EMS. The novelty is the volume of integrating LSTM sequence representations and learning of 

XGBoost features into a single pipeline and comparing the integrated hybrid to solitary and 
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baseline models on three energy targets. The implementation assumptions are also explicitly stated 

in the study to enable the forecasting experiment to be replicated and extended in later work. 

 

1.9 Limitations of the Study 

Although the structure and production process of the proposed Artificial Intelligence-Based 

Energy Management System (AI-EMS) were detailed and well-organized, this study is not without 

flaws which may be considered to present an objective picture of the range of the study and its 

generalizability. These shortcomings are mostly owed to the constraints of data, modeling, and 

question of computation and the lack of an actual implementation on a real world setting. It is 

important to acknowledge these limitations to interpret the findings properly and to determine 

ways to proceed in research in the field of AI-controlled smart microgrids. The main weaknesses 

of this research paper include the use of datasets that are publicly available (the Open Power 

System Data (OPSD) dataset). Although the dataset is extensively known as high quality and 

comprehensive, it reflects energy patterns of definite geographical areas, and might lack the 

diversity and variability of actual microgrid conditions. Local weather conditions, regional 

consumption patterns, infrastructure variations, and policy regulations can have a major impact on 

the dynamics of energy. Consequently, this can restrict generalizability of the formulated models 

to other geographical areas or even micro grids in the real world. Also, real-world data is usually 

noisy, inconsistent, and missing and might not be well represented in the dataset used in this study 

[33]. The other critical limitation is the implemented and tested AI-EMS is in a simulated setting 

and not a real-time physical microgrid. Simulation although offering a controlled and flexible 

platform to operate testing and validation, it might not provide a true operating picture of such 

issues as inefficiencies in communication speeds, malfunction of hardware, sensor errors, and 

physical system impediments. The lack of real time hardware integration implies that some 

pragmatic concerns surrounding deployment like latency, synchronization and system 

interoperability have not been dealt with wholesomely in this work. Thus, additional testing with 

actual applications is required to evaluate the viability of the suggested system and its solidity in 

practice [34]. Another limitation of the study is the choice of particular models of Artificial 

Intelligence, i.e., Long Short-Term Memory (LSTM) networks to predict the renewable energy 

and XGBoost to predict the load demand. Although these models are stable and highly effective 

in time-series analysis, they are not the only ones available and represent only a part of the picture 

of existing AI methods. Available other advanced models like Transformer-based architectures, 

hybrid deep learning models, or multi-agent reinforcement learning techniques, can be improved 

in performance or other functionality. Nevertheless, the investigation of such alternative means is 

beyond this study because of both cost and computing time limitations [35]. Another drawback of 

using AI-based models, especially deep learning methods, is the aspect of computational 

complexity. The computational resources necessary to the training models like LSTM networks 

like the high processing power and memory can be constrained and thus be not easily achieved in 

some real-life applications. This constraint may impact the scalability of the suggested system, 

particularly when it is implemented in large-scale microgrids with large-dimensional datasets and 

real-time processing needs. Moreover, the computational overheads associated with the 

optimization algorithms employed in the study might also add to further to the computational 

overhead, which can potentially affect the performance in the real-time implementation [26]. In 

addition, optimization and control techniques used in this study are on simplified assumptions and 

restrictive limitations. Although these assumptions are required in the formulation of models and 

simulation, they might not be all inclusive of the reality of how microgrids act in the real world. 

Dynamics in the market, regulatory policies, user behavior, unforeseen disturbances in operations 

of the systems like [27]. Lastly, the paper does not cover some of the new complications associated 

with smart microcirculatory networks, including cybercrime, information privacy, compatibility 

with superior communication systems like 5G and edge computing. These factors are important as 
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microgrids are increasingly becoming interconnected and data-driven to guarantee system security 

and reliability The study has a number of limitations. The analysis compares the open hourly data 

as opposed to measurements in a specific physical micro grid. The findings assume that the 

countries, variables, time frame, preprocessing options, and hyper parameters used in the dataset 

are taken into consideration. The reported study variables are the point-forecast accuracy and no 

probability prediction interval is reported. The statistical uncertainty is solved by having a 

distinctively divided test set and optimizing the repeated runs in which the available notebook 

implementation supports, although long-range multi-site-testing, ablation studies, and hardware-

in-the-loop testing is the work of the future. These outcomes should thus be understood as 

indications to predict performance, rather than to demonstrate developed deployment capabilities. 

 

1.0 Organization of the Thesis 

To create a logical, logical, and clear presentation of the research work on the development of an 

Artificial Intelligence-Based Energy Management System (AI-EMS) to smart microgrids, this 

thesis is divided into seven chapters. The chapters are designed in a way that gradually develop 

the knowledge of the basic concepts to implementation, analysis and his ultimate conclusion. 

Chapter 1: Introduction 

Chapter 1 presents the overall background of the study and introduces the concept of smart 

microgrids and their importance in modern energy systems. It discusses the global transition from 

conventional fossil-fuel-based power systems to renewable and decentralized energy systems. This 

chapter also highlights the challenges associated with renewable energy integration and explains 

the role of Artificial Intelligence in improving energy management. Furthermore, it includes the 

problem statement, research questions, objectives, significance, scope, limitations, and the overall 

organization of the thesis. 

Chapter 2: Literature Review 

Chapter 2 provides a detailed review of existing research related to microgrids, smart energy 

systems, and AI-based energy management techniques. It critically analyzes previous studies on 

forecasting models, optimization methods, and control strategies used in energy systems. The 

chapter also identifies gaps in the current research, particularly the lack of integrated frameworks 

combining forecasting, optimization, and real-time control in a single system. 

Chapter 3: Methodology 

Chapter 3 explains the research methodology used to design the proposed AI-Based Energy 

Management System. It describes the system architecture, dataset selection, preprocessing 

techniques, and the development of predictive models. This chapter also presents the mathematical 

formulations, machine learning and deep learning models (such as XGBoost and LSTM), and 

evaluation metrics used for performance assessment. Additionally, it includes system flowcharts 

and block diagrams to illustrate the overall workflow of the proposed framework. 

Chapter 4: Implementation 

Chapter 4 is practical implementation of the proposed AI-EMS. It describes the development of 

the system with Python and relevant machine learning and deep learning libraries. This involves 

data preprocessing, model training, tuning hyperparameters and embedding forecasting and 
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optimization modules. The chapter also explains the implementation of energy scheduling and 

control strategies for real-time decisions in the microgrid system. 

Chapter 5: Results and Discussion  

Chapter 5 discusses the results achieved using the AI-EMS and its analysis. It assesses the accuracy 

of forecasting models, such as RMSE, MAE, and R². Other matters discussed throughout the 

chapter are optimization results, system energy efficiency and reliability. In addition, a 

comparative study between the proposed AI-based solution and conventional energy management 

solution is also presented to identify the benefits of the proposed system. 

Chapter 6: Conclusion and Future Work 

The research is summarized in Chapter 6, which presents the major findings and contributions of 

this study. It identifies the benefits of the proposed Artificial Intelligence-Based Energy 

Management System (AI-EMS) in terms of energy efficiency, energy forecasting and system 

reliability for smart microgrids. The chapter also addresses the scope of the present work, 

recommendations for future work such as real-time implementation, integration with IOT 

technologies, and advanced AI technique are also given. 

Chapter 7: References 

All the references cited in the thesis are given in Chapter 7. It contains journal articles, conference 

papers, books and other academic sources utilized in the research. All the references cited are well 

organized and properly formatted in the same academic style (e.g., IEEE or APA) so they can be 

properly credited with all the sources used in the study. 
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     Chapter 2 

    Literature Review 

 

2.1 Introduction 

The Smart Microgrids have emerged as a central subject of discussions in the current power 

systems, since they provide a flexible, resilient and sustainable energy system. The traditional 

centralized power system was primarily built to accommodate a unidirectional power flow, regular 

generation and passive consumers. As the distributed energy resources (DERs), PV systems, wind, 

battery power systems, EVs, and controlable loads have become more widespread, they have 

complicated and made the power system more information-driven to run. The smart microgrids 

address many of these challenges, allowing their integration under both grid connected and 

islanded genders, with local generation, storage and demand. Some of the previous studies 

highlight that microgrids can facilitate integration of renewable energy, lessen reliance on 

centralized grid, enhance reliability, and help achieve sustainable development goals [1], [8], [30]. 

Amid these, energy management is at the center of research interest in the context of which the 

persistent need to balance generation / consumption under unpredictable weather, varying load 

behavior, varying load prices, and the operations within the microgrid environment are of 

significant interest. Artificial intelligence (AI) is one of the main technologies that can be activated 

to make smart microgrid systems work; it can examine past and actual information to acquire 

intricate patterns. The solutions based on AI can be applied to foresee, optimize, control, detect 

anomalies, schedule storage, and facilitate demand response in changing environments, unlike the 

traditional ones which are deterministic. Many types of machine-learning model have been used 

to predict renewable generation, as well as load, and deep-learning models have now been 

deployed to tackle time-series prediction tasks, including Long Short-Term Memory (LSTM), 

Convolutional Neural Networks (CNN) and hybrid neural models and demonstrated to be useful 

in this process [3], [5], [9]. The other significant area of research is the reinforcement learning and 

deep reinforcement learning (DRL) that can learn optimal choices depending on how it interacts 

with the environment of the microgrid, and can also be used in real-time scheduling and adaptive 

control [2], [7], [12]. In the meantime, AI has been more recently discovered to play a role in 

improving the resilience, edge-based control, cybersecurity and distributed decision-making of a 

microgrid alongside the Internet of things (IoT) and edge computing and multi-agent systems [10], 

[16], [22], [47]. The literature review is carried out to go over the publications on AI-based energy 

management in smart microgrid. The review targets the most crucial functional modules of an AI-

based energy management system (AI-EMS): renewable energy forecasting; load demand 

prediction; optimization; energy storage management; control and stability; integrated EMS 

architectures; and research gaps. Unlike literature reviews which only narrate the available 

literature, the chapter provides an insightful analysis of strengths and weaknesses of the available 

literature. This review aims to outline what has been done already, areas where current methods 

are still unable to perform optimally and how these are justified to develop the proposed AI based 

energy management system. The review clarifies that there are a number of studies with good 

performance in single tasks but few studies that offer a coherent, scalable, and real-time approach 

to integrate forecasting, optimization, storage management and control in a single system. 
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2.2 Smart Microgrids and Energy Management Systems  

Smart microgrids are miniature energy networks comprising of distributed generation, storage units, 

communications, intelligent controllers and controllable loads. They are capable of running 

simultaneously with existing utilities or can be run in a stand-alone mode due to a fault or power outage 

or in island mode. Microgrids have the benefit of operation flexibility, vital in the incorporation of 

renewable energy, rural electrification, smart campuses, smart city, and power system resiliency [17] 

[18] [33]. The use of renewable energy and smart grid has a significant role in sustainable development 

[1] and Intelligent Optimization Techniques could contribute to the progress of the work of the 

Renewable Energy Based Microgrid [8] is all clarified. These studies highlight that microgrids are not 

just technical power systems but also socio-economic solutions that can enhance energy access, 

decrease emissions, and aid in decentralized energy management. The decision making layer of smart 

microgrid is energy management systems (EMS). An EMS manages monitoring of generation, storage, 

load demand, electricity prices and grid conditions and determines how to orchestrate and manage 

available resources. The most common methods to address the EMS issues are control based on rules, 

linear programming, mixed- integer linear programming, model predictive control as well as the 

heuristic optimization. These methods are convenient since they are mathematically modeled and can 

be interpreted and dependable within well-defined conditions. They however perform poorly when the 

renewable generation and demand is highly uncertain (nonlinear and time-varying) [10],[27],[30]. As 

an example, deterministic scheduling may be successful when the load demand and solar generation is 

predictable and fail when the weather is unpredictable or the load profile is not the same as the one that 

was predicted. Traditional EMS has forced workers to adopt AI strategies in managing microgrids due 

to the limitations imposed by the traditional EMS. These limitations of conventional EMS have led to 

interest among researchers in exploring the application of AI methods to controlling microgrid energy. 

A characteristic of the AI-based EMS learning is historical information, adaptation to changing 

conditions, prediction and optimization. It has been demonstrated that reinforcement learning (RL) can 

learn environmental interactions to employ them in managing energy as an adaptive scheduling method 

to multi-microgrid systems [2]. Similarly, real-time energy management can be improved by 

implementing LSTM based forecasting and optimization to help increase the accuracy of forecast of 

the renewable energy generation and demand [9]. Moreover, Edge-AI solutions reduce the time delay 

between the analyzed data- the data is analyzed close to microgrid devices, which is important to 

consider the time-dependent control decisions [10, 16]. Although these advantages exist, the 

weaknesses of this benefits are that there is high cost of computation, needs quality data, cannot be 

interpreted and it is difficult to be put in practice. Overall, the literature suggests that the existing body 

of control in microgrids is a highly promising area that a solution based on AI-EMS can be utilized, 

but it must be carefully designed. A strong EMS is not only a challenge in terms of making correct 

energy value predictions, but in translating these predictions into effective control and scheduling 

decisions. Most of the already developed works consider one aspect of the problem either predicting 

or optimization without taking the whole EMS workflow into account [21], [23], [30]. This is an 

essential research gap as the functioning of a microgrid requires the coordination of prediction, 

decision-making, control of storage and stability. Thus, the need for an integrated AI-EMS, which can 

function in a coherent and adaptive manner by combining multiple functions is the motivation for the 

proposed research.  

2.3 AI-Based Renewable Energy Forecasting 

Renewable Smart Micro Grids are miniature scale energy systems that integrate distributed 

generation, storage, communications and intelligent controllers with controllable loads. They can 

be employed with the main power grid or in standalone mode when there are faults, outages and 

islanded uses. The flexibility of operation of microgrids has made them important in integration 

of renewables in electric grid, rural electrification, smart campuses, smart cities, and resilience 

oriented power systems [17, 18, 33]. Ahmad and Zhang [1] explain that renewable energy and 

smart grid technologies are an essential element of the sustainable development and Khan and 

Javaid [8] explain the significance of the intelligent optimization techniques in optimization of the 

work of a micro-grid system based on the renewable energy. These studies demonstrate the fact 

that microgrids are not just technical power systems, but they can also be socio-economic solutions 



Literature Review  
 

14 
 

which can enhance energy access, cut down on emissions, and help with energy decentralization. 

The decision making layer of smart microgrid is energy management systems (EMS). An EMS 

manages the generation and storage, it also plans and controls the resources available. The 

drawbacks in the traditional ways of EMS control are rule-based control, linear programming, 

mixed-integer linear programming, model predictive control and heuristic optimization. These 

approaches are beneficial due to their mathematical structuring, interpretability and reliability 

given clear assumptions. When the renewable generation and demand are highly uncertain, 

nonlinear and time varying, however, they are less effective [10] [27] [30]. As an example, 

deterministic scheduling may work when all the solar energy and load needs are accurately 

forecastable, however, it inaccurately forecasts changes when there is a sharp variation in weather 

conditions or load is not operating as predicted. This has prompted the adoption of AI methods of 

managing microgrid energy as a solution to addressing such limitations of the traditional EMS. 

Based on past data, AI-based EMS can learn and adjust to variable conditions, as well as make 

predictions and optimize decisions. The reinforcement learning has been shown to aid adaptive 

scheduling in multi-microgrid system which involves energy management through learning by 

acting on the environment [2]. Similarly, the energy demand and renewable generation can be 

optimized and predicted with LSTM models to be used in real-time energy management [9]. The 

edge-AI solutions also have the advantage of processing data and making control decisions closer 

to the microgrid devices, which are beneficial for decisions that are time-critical, as is the case for 

the remote control decisions [10], [16]. These have the disadvantages of costly calculation, a 

dependence on high quality information, inability to be interpreted and inefficient application in 

real life. Overall, the literature suggests that the creation of AI that can handle the EMS can be 

considered an exciting and a promising path toward the control of modern microgrids and is to be 

thoughtfully designed. It is not merely the prediction of the value of a certain amount of energy 

that is the key to a viable EMS but rather the transfer of the forecast decision into a constructive 

control and scheduling decision. Many of the existing research are restricted to one of the 

following: forecasting [21], optimization task and the incorporation of the entire EMS workflow 

is not taken into consideration [23], [30]. This leaves a gap in the research since there is a need for 

coordination between prediction, decision-making, storage control, and stability management of a 

microgrid in its practical operation. Hence, the motivation and need for the proposed research is 

the need to create an integrated AI-EMS which can have multiple functions from a coordinated 

and adaptive framework. Since the production of renewable energy depends on the weather 

environment and the availability of the wind is not constant, the issue of forecasting needs to be 

considered as one of the most significant activities in the process of smart microgrids functioning. 

Forecasting enables the EMS to plan storage equipment, minimize energy curtailment, organize to 

either import of export to the grid and enhance system stability. Traditional forecasting methods 

including persistence models, autoregressive models, and statistical time-series techniques are 

simple and cheap to compute, but do not account for the nonlinear relationships between weather 

variables, historical generation, seasonal trends or abrupt changes in the environment. Zhang and 

Yang [13] find it more appropriate to the Distributed Renewable Energy Systems through AI-

based power forecasting, as it can be used to describe the complex data patterns which are not 

easily managed by the methods of statistics alone. Various machine learning techniques have been 

widely applied in the area of solar and wind predictions such as Support Vector Machines (SVM), 

Random Forest, Gradient Boosting and XGBoost. As evidenced by Fan and Li [5], machine 

learning models could be utilized to learn with past generation and weather data to enhance solar 

and wind forecasting. Intelligent optimization and prediction techniques can also be used to 

enhance the operation of renewable microgrids, dealing with the nonlinear nature of renewable 

energy generation, as mentioned by Khan and Javaid [8]. The strengths of such machine learning 

models are that they are also more flexible than conventional statistical models and can 

accommodate a number of input variables. Their work however is much dependent on the selection 

of features, the quality of the data and the conditions of training. They could also have trouble with 

long term temporal dependencies if the model doesn't explicitly model sequential data. Deep 

learning progress has boosted the prediction of renewable energy through the study of time and 

spatial trends within large sets of data. The deep learning models also helped to enhance 
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forecasting of renewable energy, which consists of identifying the patterns in time and space in a 

large volume of data. The LSTM networks are specialty networks which tend to learn long-term 

dependencies and to overcome the problem of vanishing gradient of the feed forward networks. 

Time-series prediction is a specific type of problem in which LSTM networks can be used. Chen 

et al. [3] have demonstrated the capability of the deep learning in predicting and maximizing the 

energy consumption in smart microgrids, and Li and Zhang [9] have shown that the forecast energy 

consumption in real-time EMS decision making is enhanced by the deep learning LSTM. Local 

features extraction with CNN-LSTM hybrid models have also been conducted for extracting local 

features from generation and weather data prior to the learning of the temporal relationship [16, 

58]. Such techniques are more precise than conventional machine learning models, especially in 

cases where abundant training data is available. Despite these improvements, renewable energy 

forecasting is still difficult. The models that depend on deep learning demand huge data sets, 

tuning, and a lot of computing power. Unless retrained, they might not perform well when 

transferred to a different location, season or microgrid configuration. In addition, forecasting 

research has been conducted on many and most of them fail to give a clear description of how 

forecast is utilized in the EMS decision-making process with most of them concentrating on the 

accuracy of the forecasts [21, 55]. This forms a major disadvantage because correct forecasts can 

only be of help when the forecasts affect the scheduling, storage operation, reduction in costs or 

system stability positively. Therefore, the predictive models relying on artificial intelligence are 

not only to be evaluated considering their prediction error, but also taking into account the effect 

they have on the functioning of the entire microgrid. 

2.4 Load demand Prediction Using AI 

Another important role of the microgrid energy management is load demand prediction because 

the amount of electricity needed, changes throughout the day, depending on the weather, the 

number of people using the building, whether there is a user, an economic activity, or a device. 

Through proper forecasting, the EMS would be able to schedule the generation in the best way, 

charge or discharge batteries, participate in the demand response and avoid the peak demand 

charges. In the new microgrids, with the consumption pattern usually nonlinear, the use of classical 

statistics is not effective in the periodic and stable demand pattern. According to Ahmad and Zhang 

[1], a predictable demand side management is a key aspect of realizing renewable energy 

integration, and Artificial Intelligence (AI) is suggested by Singh and Verma [11] capable of 

learning correlations between historical load and weather factors or the calendar and consumer 

behavior. A number of different models are used in this context, such as regression models, 

Artificial Neural Networks (ANN), SVM, Random Forest and ensemble methods [5, 11, 58]. The 

approaches are advantageous as they have the capability to identify nonlinearities and create post-

training predictions that are slower. However, they rely on having representative training data. 

Load behavior can be very erratic in residential or small-scale microgrids, making prediction more 

challenging. In cases of inappropriate demand (e.g., when the train data is not diverse enough), it 

may prove problematic. The performance of load forecasting has also been enhanced using deep 

learning methods like LSTM, GRU, CNN-LSTM, Temporal Convolutional Networks, and 

transformer-based models. The LSTM approach can work well with sequential demand data 

because it has the capability to capture the time dynamics and repetitive trends. The adaptability 

of hybrid models can also be used to boost the strength with the strength of different model types 

[15], [21], given that deep learning models can be integrated with machine learning models. An 

example of an LSTM model, for instance, is able to learn temporal patterns, whereas an ensemble 

model has the ability to boost generalization by merging together various decision rules. These 

hybrid approaches can be applicable when the load behavior of the microgrids is subject to several 

factors that engage with each other. Although the prediction of AI loads has already shown good 

results, it has certain disadvantages. Although the standard error measures such as MAE, RMSE 

and MAPE are extensively used to estimate the accuracy of any given model, there is no evident 

connection to the outcomes of the EMS such as lower cost or more effective storage scheduling, 

or low peak load. And a model which may fit best in a single set of data may not fit well in other 
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locations, types of buildings and seasons. Privacy with the use of smart meter data is also a problem 

in load forecasting in the case of residential microgrids [22], [41]. These limitations mean that a 

practicable AI-EMS should be composed of a suitable forecasting module, privacy-secure data 

management module and a module that interconnects with optimization and control modules. 

2.5 AI-Based Optimization Techniques 

One important facet of microgrid energy management is optimization since the EMS must make 

the best decisions in terms of how it can use the resources at hand within technical, economic and 

environmental limitations. Minimization of operational costs, reduced emissions, maximization of 

use of renewable energy, maintenance of battery health, improving stability in voltage and 

frequency, and minimizing dependence on the grid are frequent optimistic goals. Extensive uses 

of conventional methods such as Linear Programming (LP), Mixed-Integer Linear Programming 

(MILP), Dynamic Programming and model predictive control, have been used in scheduling of 

microgrids [8, 27, 30]. The primary benefit of them is that they have mathematically structured 

solutions and can take clearly defined constraints. However, they are no longer effective when 

nonlinear dynamics is present in the system, the uncertainty is in renewable energy production, the 

decision space and real-time conditions are large, etc. To overcome this, suggestions of using AI 

optimization methods have been given. Microgrids can be optimized in a way that is especially 

compatible with reinforcement learning (RL) that can learn sequential actions through trial-and-

error with the environment. Bui et al. [2] have shown that reinforcement learning can be applied 

to energy management of multi-microgrid systems where RL can help to improve the adaptive 

scheduling in complex systems. The hybrid deep reinforcement learning was also shown to have 

maximized the work of energy storage by Sun and Wang [12]. A major advantage of RL is that it 

can learn policies without having to build a complete mathematical model of the system. This is 

beneficial in cases where there are complex dynamics in the system or the operating environment 

is constantly changing. The application of deep neural networks to solve high-dimensional action 

and state spaces is called the deep reinforcement learning (DRL) extension of basic RL. DRL can 

be useful in intelligent microgrids where it is considered that the EMS must simultaneously take 

into account renewable energy generation, loads, storage state of charge, electricity prices, grid 

condition, operational constraints and load demands simultaneously. Studies have been carried out 

to show the operating cost reduction, use of renewable energy and support real-time decisions 

making with DRL [12], [47] and [49]. But there are limits to DRL as well. It generally requires 

extensive training periods, considerable computing power, and one has to design the reward 

function in a fine-tuned manner. Poorly-designed rewards may lead to unsafe or unsafe control 

behavior, especially in safety-controlled power systems. Other optimization techniques based on 

AI are Genetic Algorithms (GA), Particle Swarm Optimization (PSO), Gray Wolf Optimization, 

Ant Colony Optimization, and hybrid methods of evolution. They can be applied in multi-objective 

problems during which they can search large regions of solutions, and arrive at a trade-off between 

conflicting goals such as cost, emissions, and reliability [8, 23, 35]. With a hybrid optimization 

framework that will likely integrate AI forecasting with mathematical or evolutionary 

optimization, the utilization of the future forecasts to plan decisions in scheduling can be improved 

to the advantage of EMSs [4], [52]. 

 

 

2.6 AI in Energy Storage Management 

Energy storage system especially battery energy storage system (BESS) is the most vital 

technology that can be used with smart microgrids to alleviate the effects of intermittency of 

renewable energy and the optimization of supply to demand. Peak production in solar or wind can 

be stored in a storage system, and could be used to dispatch energy during peak loads, or to offer 
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islanded operation or to improve power quality. However, storage management is difficult since 

the EMS must consider the state of charge, battery degradation, charging and discharging limits, 

costs of electricity, load demand and renewable generation unpredictability. The classical, rule-

based form of storage control is simple to deploy and may not be capable of controlling storage 

performance under dynamic operating conditions. Huang et al. [7] [12] and that LSTM forecasting 

might be employed to make real-time decision making in connection with scheduling decisions 

[9]. These studies propose that the achieved performance of the storage can be enhanced when the 

EMS responds to existing circumstances by using predictions instead of being responsive. The 

strength of AI-powered storage management is its flexibility to changeable and unpredictable 

environments. As an example, an artificial intelligence algorithm can be trained to store battery 

power when it is most required at a particular time of the day say in the evening, or the point at 

which little renewable energy is being generated. This is capable of reducing grid imports, make 

the most out of renewable energy, and reduce operational costs. Most of the studies however look 

at the battery scheduling but fail to look at battery degradation, thermal factor, communication 

delay as well as safety factors. But in a real world scenario, the sensors have to be reliable, data 

transmission in real time and the control systems have to be strong and fail safe [18] [22]. Although 

an AI model is precise, it might be impossible to apply it to actual microgrid systems without 

assistance of these elements. Hence it is essential that energy storage management is not 

considered a standalone optimization problem, but rather as part of a full AI-EMS. The 

effectiveness of a storage controller depends on accurate prediction, effective low-level 

constraints, and coordination between storage and generation and load control. While current 

research demonstrates the potential for enhancing battery scheduling using AI, further research is 

needed to create more scalable, explainable, and validated storage models that work under realistic 

operating conditions [7, 12, 30]. The gap becomes huge on the current research since the aim of 

the proposed system is to combine forecasting, optimization and storage decision making into one 

framework. 

2.7 AI-Based Control and Stability in Microgrids 

One of the most problematic aspects of microgrids in particular is keeping the voltage, frequency 

and power flow steady, and using the renewable energy sources and power electronic converters 

in large amounts. The conventional ones such as PID controllers, droop controllers, and model 

based controllers have been extensively applied due to their simplicity, reliability, and insight. 

However, these techniques might not be suitable for fast variations in load demands, renewable 

generation, faults and islanded operations. According to Farad [6], design concerns of multi-agent 

systems are of paramount importance when applied to AI-based microgrid management, and Zhao 

et al. [14] show how AI-based predictive control could help increase the resilience of the smart 

microgrids. The studies suggest that intelligent controllers are needed in cases where the behavior 

of the microgrid is too dynamic to be controlled by the controllers with fixed parameters. The 

control methods employed include some artificial intelligence like an fuzzy logic control, neural 

network control, adaptive control, reinforcement learning control and hybrid intelligent 

controllers. The benefit of the fuzzy logic controllers is that it can incorporate the expertise of a 

specialist without having to use a narrowly focused mathematical model and can handle the 

unpredictability. The neural network controllers are able to learn the nonlinear relationship 

between the system variables and control actions. The RL controllers are capable of learning 

through their interactions with the environment [6, 7, 12] and they can respond to the change. 

Deterministic Control of microgrids Due to nonlinear interaction of generation, load, storage and 

grid states, these techniques are useful in microgrids. Recent research also relates AI control to 

resilience and power quality enhancement. Nair et al. [18] write concerning the sharing and 

enhancement of the quality of power with the assistance of AI, and Qiu et al. [47] address the idea 

of data-driven and model-free toward microgrid resilience. The need to optimize AI and its inverter 

control has also been highlighted by Zahid et al. [26] and Zulu et al. [40] to improve the quality of 

power in a microgrid. These are robust because they are able to respond to the perturbations and 

improve the system behavior in a case where there is uncertainty. Forecasting applications are not 
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as critical of reliability as control applications, however, since a faulty control action may have an 

impact on power quality, equipment safety and/or power supply reliability. Despite the potential 

positive future impact of AI-based microgrid control, several feasible issues have to be taken into 

consideration. Many of the studies are not hardware or real-world validated or are simulation-only. 

The AI controllers are also tricky to decipher and create trust and certification problems in running 

the power systems. Computational delays, communication latency and controller stability 

requirements are possible limitations of real-time implementation [10], [16], [27]. Therefore, 

additional studies are required not only in improving the quality of the control and also in 

evaluating these AI controllers under natural working conditions and proving adherence of the 

controller with safety and stability standards. 

2.8 Integration of AI in Energy Management Systems 

Although some studies are conducted in the field of forecasting and optimization of energy, its 

storage and control, limited number of studies provide an in depth energy management architecture 

founded on AI. This will be a major disadvantage as all the EMS functions must coordinate to 

operate a microgrid. Making optimization decisions without making a forecast is not directly 

related to scheduling decision making and making a forecast without making decisions can imply 

that decisions can be made using partial information. Likewise, storage management needs to work 

hand-in-hand with demand response, grid exchange, renewables generation, and stability control. 

Khan et al. [15] recommended an AI-assisted hybrid approach to eventuality of energy 

management of IoT smart microgrids and Lv et al. [16] proposed an edge – AI forecasting strategy 

to optimize the performance of microgrids. These researches demonstrate that real time and 

integrated EMS architectures are growing in importance. Introducing IoT and edge computing has 

greatly improved the real-time data collection and processing of microgrid EMS, creating a more 

integrated and efficient system. IoT and edge computing have simplified the implementation of AI 

in micro grid EMS to enable the collection and processing of real-time data in the local 

environment. The edge computes the data in and around the source, e.g., sensors, smart meters, 

inverters, batteries, loads etc., to minimize the latency of the data. Nammouchi et al. [22] and Liu 

et al. [10] have discussed the use of AI, IoT, and edge computing in microgrids managed smartly 

to control the energy, and Nammouchi et al. shown the capability of edge-AI based control to help 

the optimization in low latency. These technologies are crucial since AI could be too slow to make 

quick control decisions in the case of cloud-based centrally located AI or because AI could cause 

communication dependency during faults. Another direction that is promising for integrated AI-

EMS is multi-agent systems. When it comes to a multi-agent architecture, representation of 

generation units, storage, loads, market operators, or control devices can be done using various 

agents. Agents can localize decisions, but liaise with other agents to achieve overall system 

objectives. Farid [6] and Alferidi et al. [49] support the distributed microgrid managed and energy 

trading with a multi-agent and deep reinforcement learning strategy. Scalability is the most crucial 

advantage of multi-agent systems, in especially interrelated microgrids. They however, bring other 

concerns such as overheads of communication, intricacy of coordination, cyber risks and conflict 

management.Another important consideration of integrated AI-EMS is security and resilience. The 

growing data-oriented and networked aspect of micro-grids opens them up to cyber attacks, data 

manipulation and breach of privacy as well as adversarial manipulation. Beg et al. [53] describe 

how AI detects and mitigates cyberattacks in microgrids, whereas Corbett et al. [34] discuss the 

topic of smart grid cybersecurity during the age of AI. The examples show that AI could be 

employed in security enhancement and that when it is not safeguarded, it can be leveraged to create 

new vulnerabilities in security. Thus, cyber security, explain ability, and resilience will always 

remain as vital elements of EMS designs and not a second thought. 

2.9 Comparative Analysis of Existing Studies Table 2.1 shows that there are a number 

of studies done on the topic of AI-based energy management in smart microgrids. Studies are 

compared on the basis of methods, data sources, major findings and constraints. The table reveals 

that the outcomes of most studies are good in given domains like forecasting, optimization, storage 
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scheduling, control, or cybersecurity. But it also shows that there are still many works that are not 

validated in the real world, are limited to one EMS function, do not facilitate the use of simulation 

testing, or are limited in the integration between forecasting, optimization and control. These 

observations highlight the need for a more comprehensive framework of AI-EMS. 

Table 1: Summary of Related Studies on Intelligent Energy Management Systems for Microgrids 

No. Study Title Year Methodology / 

Techniques 

Used 

Dataset Used Key Findings Limitations / 

Research Gap 

Ref. 

1 Optimizing 

Microgrid 

Operation: 

Integration of 

Emerging 

Technologies 

and Artificial 

Intelligence 

for Energy 

Efficiency 

2024 Systematic 

review using 

PRISMA of 74 

studies 

analyzing 

reinforcement 

learning, multi-

agent systems, 

and AI-based 

optimization. 

Reviewed peer-

reviewed articles 

(2014–2024). 

Highlighted 

AI and IoT as 

key drivers for 

improving 

microgrid 

efficiency and 

reliability. 

Lacks 

experimental 

validation; 

focuses on 

theory rather 

than 

implementation. 

[6] 

2 Reinforcement 

Learning-

Based Energy 

Management 

System for 

Microgrids 

with High 

Renewable 

Energy 

Penetration 

2023 Developed an 

EMS using 

linear 

programming 

and 

reinforcement 

learning for day-

ahead and real-

time scheduling. 

Commercial 

building microgrid 

dataset. 

Improved 

power 

utilization by 

4%, reduced 

power losses 

by 61%, and 

reduced peak 

demand by 

17%. 

Tested on 

limited-scale 

microgrid; lacks 

generalization to 

other conditions. 

[33] 

3 Intelligent 

Load 

Balancing in 

Microgrids 

with AI 

Optimization 

2022 Proposed AI-

based 

optimization 

using deep 

learning and 

evolutionary 

algorithms for 

intelligent load 

balancing. 

Simulated load and 

renewable datasets. 

Achieved 

enhanced 

system 

stability and 

improved load 

matching 

efficiency. 

No renewable 

energy 

prediction 

module 

included; lacks 

weather-based 

data analysis. 

[24] 

4 AI-Based 

Energy 

Management 

System for 

Solar-Powered 

Microgrids 

2021 Used a modified 

firefly 

optimization 

algorithm for 

dispatch 

optimization in 

solar PV-based 

systems. 

Simulated solar 

energy data under 

varying conditions. 

Improved 

solar 

utilization 

efficiency and 

reduced 

greenhouse 

gas emissions. 

Focuses solely 

on solar energy; 

lacks hybrid 

renewable 

integration. 

[39] 

5 Edge-AI 

Based 

Forecasting 

2020 Combined deep 

learning (CNN, 

LSTM) with 

Two real-world 

datasets (China and 

Achieved 

faster 

processing and 

High 

computational 

demand; limited 

[50] 
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Approach for 

Improving 

Smart 

Microgrid 

Efficiency 

edge computing 

to enhance 

prediction 

accuracy and 

speed. 

Belgium). higher 

accuracy in 

power demand 

forecasting. 

scalability in 

large distributed 

networks. 

6 AC Microgrid 

Modeling and 

Adaptive 

Control Using 

Biomimetic 

Valence 

Learning 

2021 Developed 

Biomimetic 

Valence 

Learning 

(BVLAC) for 

adaptive droop 

control inspired 

by neural 

cognition. 

MATLAB/Simulink 

simulated data. 

Improved 

voltage and 

frequency 

stability under 

dynamic load 

variations. 

Simulation-

based only; 

lacks 

experimental 

hardware 

validation. 

[9] 

7 Energy 

Storage 

Management 

for Microgrids 

Using n-Step 

Bootstrapping 

2022 Applied 

reinforcement 

learning with n-

step 

bootstrapping 

for intelligent 

battery 

scheduling. 

Synthetic microgrid 

energy storage 

datasets. 

Improved 

storage 

utilization, 

reduced 

operational 

costs, and 

increased 

system 

efficiency. 

Focused only on 

battery storage; 

does not 

integrate full 

EMS operations. 

[18] 

8 Islanded 

Microgrids 

Frequency 

Support Using 

Green 

Hydrogen 

Energy 

Storage with 

AI-Based 

Controllers 

2023 Developed 

hybrid AI-based 

single-neuron 

PID (SNPID) 

and fuzzy self-

tuning 

controllers for 

hydrogen 

storage systems. 

Simulated hydrogen 

energy storage data. 

Reduced 

frequency 

deviations by 

87% compared 

to traditional 

PID 

controllers. 

Limited to 

frequency 

regulation; lacks 

integrated 

energy 

optimization. 

[52] 

9 Artificial 

Intelligence-

Enabled 

Wearable 

Microgrids for 

Self-Sustained 

Energy 

Management 

2023 Used predictive 

analytics and AI-

based adaptive 

control for 

wearable 

microgrids. 

Experimental 

micro-energy 

dataset from 

wearable systems. 

Achieved 

intelligent 

self-sustaining 

energy 

management 

for wearable 

devices. 

Small-scale 

application; not 

scalable to 

community or 

grid-level 

systems. 

[13] 

10 Automated 

Machine 

Learning for 

DC Microgrid 

Operation 

Security 

2020 Implemented 

AutoML 

algorithms for 

load forecasting 

and anomaly 

detection in DC 

systems. 

IoT-based DC 

microgrid 

monitoring dataset. 

Enhanced 

operational 

security and 

predictive 

maintenance 

capabilities. 

Focused on DC 

microgrids only; 

no renewable 

energy data 

integration. 

[28] 
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11 Deep 

Reinforcement 

Learning for 

Energy 

Management 

in Smart 

Microgrids 

2022 Used Deep Q-

Network (DQN) 

for real-time 

energy 

scheduling and 

decision-

making. 

Simulated 

residential 

microgrid dataset. 

Reduced 

operational 

cost and 

improved 

renewable 

energy 

utilization. 

Limited real-

world 

validation; high 

training 

complexity. 

[43] 

12 Hybrid LSTM 

and Machine 

Learning 

Approach for 

Load 

Forecasting in 

Microgrids 

2023 Combined 

LSTM with 

Random Forest 

for short-term 

load forecasting. 

Real-world smart 

grid dataset 

(European region). 

Achieved 

higher 

forecasting 

accuracy 

compared to 

single models. 

Does not include 

optimization or 

control layer. 

[58] 

13 Multi-Agent 

Based Energy 

Management 

System for 

Distributed 

Microgrids 

2021 Applied multi-

agent systems 

with AI 

coordination for 

decentralized 

control. 

Simulated 

distributed 

microgrid dataset. 

Improved 

scalability and 

coordination 

among 

distributed 

nodes. 

Communication 

overhead and 

system 

complexity. 

[10] 

14 XGBoost-

Based 

Renewable 

Energy 

Prediction for 

Smart 

Microgrids 

2022 Used XGBoost 

for solar and 

wind power 

prediction. 

Historical 

renewable energy 

dataset (weather + 

generation). 

Provided fast 

and accurate 

prediction 

with low 

computational 

cost. 

Lacks 

integration with 

EMS decision-

making. 

[25] 

15 Adaptive 

Neuro-Fuzzy 

Inference 

System for 

Microgrid 

Energy 

Control 

2020 Implemented 

ANFIS for 

adaptive control 

of microgrid 

voltage and load. 

MATLAB 

simulated dataset. 

Enhanced 

system 

stability and 

adaptive 

response to 

load changes. 

No forecasting 

or optimization 

integration. 

[40] 

16 AI-Driven 

Demand 

Response 

Strategy for 

Microgrid 

Energy 

Optimization 

2023 Used machine 

learning and 

optimization 

algorithms for 

demand-side 

management. 

Smart meter data 

from residential 

consumers. 

Reduced peak 

load and 

improved 

energy 

efficiency. 

Dependent on 

user 

participation; 

limited 

automation. 

[55] 

17 Short-Term 

Solar Power 

Forecasting 

Using CNN-

LSTM Hybrid 

Model 

2021 Combined CNN 

and LSTM for 

feature 

extraction and 

time-series 

forecasting. 

Solar irradiance 

dataset (NASA + 

local weather data). 

Improved 

prediction 

accuracy 

under varying 

weather 

conditions. 

Focused only on 

solar energy 

forecasting. 

[4] 
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18 Energy 

Management 

in Microgrids 

Using Genetic 

Algorithm 

Optimization 

2020 Applied Genetic 

Algorithm (GA) 

for optimal 

scheduling of 

distributed 

resources. 

Simulated hybrid 

microgrid dataset. 

Reduced 

operational 

cost and 

improved 

energy 

allocation. 

Slower 

convergence 

compared to 

modern AI 

methods. 

[19] 

19 Real-Time 

Microgrid 

Energy 

Management 

Using IoT and 

AI Techniques 

2022 Integrated IoT 

sensors with 

machine 

learning for real-

time monitoring 

and control. 

IoT-based real-time 

microgrid dataset. 

Improved 

system 

responsiveness 

and 

monitoring 

accuracy. 

Data security 

and scalability 

issues. 

[33] 

20 Hybrid AI-

Based Energy 

Management 

Framework 

for Renewable 

Microgrids 

2024 Combined 

LSTM, 

Reinforcement 

Learning, and 

optimization 

techniques in 

one framework. 

Mixed real-world 

and simulated 

datasets. 

Achieved 

improved 

prediction, 

optimization, 

and control 

performance. 

High system 

complexity; 

requires high 

computational 

resources. 

[48] 

21 Deep 

Learning-

Based Energy 

Forecasting 

for Smart 

Microgrid 

Management 

2022 Applied LSTM 

and GRU 

models for short-

term energy 

forecasting. 

Real-world smart 

grid dataset (load + 

weather data). 

Improved 

forecasting 

accuracy and 

reduced 

prediction 

error. 

Does not include 

optimization or 

control 

mechanisms. 

[49] 

22 Reinforcement 

Learning-

Based 

Demand Side 

Management 

in Microgrids 

2021 Used Q-learning 

for demand 

response and 

load shifting. 

Simulated 

residential 

microgrid dataset. 

Reduced peak 

demand and 

improved 

energy 

efficiency. 

Limited 

scalability and 

real-time 

adaptability. 

[12] 

23 AI-Based 

Hybrid 

Renewable 

Energy 

System 

Optimization 

Using Particle 

Swarm 

Optimization 

2020 Applied PSO for 

optimal sizing 

and scheduling 

of hybrid 

systems. 

Simulated solar-

wind-battery 

dataset. 

Improved 

system 

efficiency and 

reduced 

operational 

cost. 

Lacks real-time 

control and 

prediction 

integration. 

[27] 

25 Wind Power 

Forecasting 

Using Hybrid 

Machine 

Learning 

Models for 

2022 Combined 

Support Vector 

Machine (SVM) 

with ANN for 

wind prediction. 

Historical wind 

speed dataset. 

Achieved 

better wind 

prediction 

accuracy. 

Focuses only on 

wind energy; 

lacks full EMS 

integration. 

[42] 
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Microgrid 

Applications 

26 Optimal 

Energy 

Scheduling in 

Microgrids 

Using Mixed 

Integer Linear 

Programming 

2021 Used MILP for 

optimal 

scheduling of 

distributed 

energy 

resources. 

Simulated 

microgrid dataset. 

Reduced 

operational 

cost and 

improved 

energy 

dispatch. 

Computational 

complexity 

increases with 

system size. 

[57] 

27 AI-Based 

Battery 

Energy 

Storage 

Management 

in Microgrids 

2023 Used deep 

reinforcement 

learning for 

battery 

charge/discharge 

control. 

Simulated battery 

storage dataset. 

Improved 

battery life and 

energy 

utilization 

efficiency. 

Focuses only on 

storage; lacks 

full system 

integration. 

[1] 

28 Fuzzy Logic-

Based Energy 

Management 

System for 

Hybrid 

Microgrids 

2020 Applied fuzzy 

logic controller 

for energy 

distribution and 

load balancing. 

MATLAB/Simulink 

simulated dataset. 

Improved 

system 

stability and 

reduced power 

fluctuations. 

No learning 

capability; lacks 

predictive 

intelligence. 

[16] 

29 Hybrid CNN-

LSTM Model 

for Load and 

Renewable 

Energy 

Forecasting in 

Microgrids 

2024 Combined CNN 

for feature 

extraction and 

LSTM for time-

series prediction. 

Real-world 

renewable and load 

dataset. 

Achieved high 

accuracy in 

both load and 

renewable 

forecasting. 

High 

computational 

cost; lacks 

optimization 

module. 

[31] 

30 Blockchain 

and AI-Based 

Secure Energy 

Management 

in Smart 

Microgrids 

2023 Integrated 

blockchain with 

AI for secure 

and efficient 

energy 

transactions. 

Simulated smart 

grid transaction 

dataset. 

Improved 

security, 

transparency, 

and energy 

trading 

efficiency. 

High 

implementation 

complexity and 

cost. 

[46] 

31 Transformer-

Based Load 

Forecasting 

for Smart 

Microgrids 

2024 Used 

Transformer 

neural networks 

for time-series 

load forecasting. 

Real-world smart 

grid dataset. 

Achieved 

higher 

accuracy than 

LSTM in long-

term 

forecasting. 

High 

computational 

complexity; 

requires large 

datasets. 

[7] 

32 Federated 

Learning for 

Privacy-

Preserving 

Microgrid 

2023 Applied 

federated 

learning for 

decentralized 

model training. 

Distributed smart 

meter datasets. 

Preserved user 

privacy while 

enabling 

collaborative 

learning. 

Communication 

overhead and 

synchronization 

issues. 

[22] 
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Energy 

Management 

33 Hybrid Grey 

Wolf 

Optimization 

for Microgrid 

Energy 

Scheduling 

2022 Used Grey Wolf 

Optimization 

(GWO) for 

optimal energy 

dispatch. 

Simulated hybrid 

microgrid dataset. 

Improved 

convergence 

speed and 

reduced 

operational 

cost. 

Performance 

depends on 

parameter 

tuning. 

[37] 

34 Explainable 

AI for 

Microgrid 

Energy 

Forecasting 

2024 Integrated 

SHAP with 

machine 

learning models 

for 

explainability. 

Real-world 

renewable energy 

dataset. 

Improved 

model 

transparency 

and trust. 

Slight reduction 

in prediction 

speed. 

[15] 

36 AI-Based 

Fault 

Detection in 

Microgrids 

Using Deep 

Learning 

2022 Used CNN for 

anomaly 

detection and 

fault 

classification. 

Electrical fault 

dataset. 

Improved fault 

detection 

accuracy and 

system 

reliability. 

Requires labeled 

fault data for 

training. 

[30] 

37 Transfer 

Learning for 

Renewable 

Energy 

Prediction in 

Microgrids 

2023 Applied transfer 

learning with 

deep neural 

networks. 

Mixed regional 

energy datasets. 

Reduced 

training time 

and improved 

adaptability. 

Model 

performance 

depends on 

source domain 

similarity. 

[17] 

38 Digital Twin-

Based Smart 

Microgrid 

Energy 

Management 

2024 Developed 

digital twin 

model with AI-

based 

monitoring. 

Simulated + real-

time IoT data. 

Enabled real-

time 

simulation and 

predictive 

maintenance. 

High 

implementation 

cost and 

complexity. 

[45] 

39 AI-Based 

Peer-to-Peer 

Energy 

Trading in 

Microgrids 

2022 Used game 

theory and ML 

for decentralized 

energy trading. 

Simulated trading 

dataset. 

Improved 

energy 

distribution 

efficiency. 

Regulatory and 

scalability 

challenges. 

[32] 

40 Edge 

Computing for 

Real-Time 

Microgrid 

Energy 

Optimization 

2023 Combined edge 

computing with 

AI algorithms. 

IoT-based real-time 

dataset. 

Reduced 

latency and 

improved 

response time. 

Limited 

computational 

power at edge 

nodes. 

[47] 

41 Hybrid Firefly 

and Neural 

Network 

2021 Combined 

firefly algorithm 

with ANN for 

optimization. 

Simulated hybrid 

microgrid dataset. 

Improved 

convergence 

and 

Sensitive to 

parameter 

settings. 

[60] 
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Optimization 

for Microgrids 

optimization 

accuracy. 

42 Probabilistic 

Energy 

Forecasting in 

Microgrids 

Using 

Bayesian 

Methods 

2022 Applied 

Bayesian neural 

networks for 

uncertainty 

modeling. 

Renewable energy 

dataset. 

Provided 

uncertainty-

aware 

predictions. 

High 

computational 

requirements. 

[5] 

43 AI-Based 

Voltage 

Control in 

Microgrids 

Using Deep Q-

Learning 

2023 Used Deep Q-

Learning for 

voltage 

regulation. 

Simulated 

microgrid 

environment. 

Improved 

voltage 

stability and 

response time. 

Simulation-

based; lacks 

real-world 

validation. 

[21] 

44 Hybrid 

ARIMA and 

LSTM Model 

for Microgrid 

Load 

Forecasting 

2021 Combined 

statistical and 

deep learning 

models. 

Historical load 

dataset. 

Improved 

forecasting 

accuracy. 

Limited 

adaptability to 

sudden changes. 

[20] 

45 Swarm 

Intelligence-

Based Energy 

Management 

in Microgrids 

2020 Used Ant 

Colony 

Optimization 

(ACO). 

Simulated dataset. Improved 

energy 

distribution 

efficiency. 

Slow 

convergence in 

large systems. 

[35] 

46 AI-Based 

Cybersecurity 

Framework 

for Smart 

Microgrids 

2024 Used ML for 

intrusion 

detection and 

threat analysis. 

Network traffic 

dataset. 

Improved 

detection of 

cyber threats. 

Requires 

continuous 

updates and 

training. 

[8] 

47 Reinforcement 

Learning-

Based 

Microgrid 

Energy 

Trading 

Strategy 

2022 Applied RL for 

pricing and 

energy trading 

decisions. 

Simulated energy 

market dataset. 

Improved 

profit and 

energy 

utilization. 

Market 

assumptions 

may not reflect 

reality. 

[23] 

48 AI-Based 

Optimal 

Power Flow in 

Microgrids 

Using Deep 

Learning 

2023 Used deep 

neural networks 

for OPF 

problems. 

Simulated grid 

dataset. 

Faster 

computation 

compared to 

traditional 

OPF. 

Accuracy 

depends on 

training data 

quality. 

[38] 
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49 Hybrid 

Evolutionary 

Algorithm for 

Energy 

Scheduling in 

Microgrids 

2021 Combined GA 

and PSO for 

optimization. 

Simulated hybrid 

microgrid dataset. 

Improved 

scheduling 

efficiency. 

Increased 

algorithm 

complexity. 

[53] 

50 AI-Driven 

Microgrid 

Resilience 

Enhancement 

Under 

Uncertainty 

2024 Used ML 

models for 

resilience and 

risk assessment. 

Real-world + 

simulated data. 

Improved 

system 

robustness 

against 

uncertainties. 

Requires large 

datasets and 

complex 

modeling. 

[72] 

51 Graph Neural 

Network-

Based Energy 

Management 

for Smart 

Microgrids 

2024 Applied Graph 

Neural 

Networks 

(GNN) to model 

relationships 

between 

distributed 

energy 

resources. 

Real-world 

microgrid topology 

dataset. 

Improved 

coordination 

and energy 

flow 

optimization 

across network 

nodes. 

Requires 

complex graph 

modeling; high 

computational 

cost. 

[88] 

52 AI-Based 

Multi-Step 

Ahead Load 

Forecasting 

Using Bi-

LSTM 

Networks 

2023 Used 

Bidirectional 

LSTM for multi-

step load 

prediction. 

Historical load 

dataset with weather 

features. 

Enhanced 

long-term 

forecasting 

accuracy. 

Performance 

degrades with 

noisy data. 

[75] 

53 Hybrid Deep 

Learning and 

Optimization 

Framework 

for Microgrid 

EMS 

2022 Combined deep 

learning 

forecasting with 

optimization 

algorithms. 

Simulated 

renewable 

microgrid dataset. 

Improved 

overall EMS 

performance 

and cost 

efficiency. 

Lacks real-time 

control 

implementation. 

[94] 

54 AI-Based 

Demand 

Forecasting 

and Energy 

Scheduling in 

Microgrids 

2021 Used ANN and 

optimization 

techniques for 

scheduling. 

Smart grid 

consumption 

dataset. 

Reduced peak 

load and 

operational 

costs. 

Limited 

scalability and 

adaptability. 

[82] 

55 Ensemble 

Learning 

Approach for 

Renewable 

Energy 

Prediction in 

Microgrids 

2023 Used ensemble 

methods 

(Random Forest, 

XGBoost, 

Gradient 

Boosting). 

Weather and 

renewable 

generation dataset. 

Improved 

prediction 

robustness and 

accuracy. 

Increased model 

complexity and 

training time. 

[54] 
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56 AI-Based 

Real-Time 

Control of 

Microgrid 

Using Deep 

Reinforcement 

Learning 

2024 Applied Deep 

Reinforcement 

Learning for 

real-time energy 

control. 

Simulated real-time 

microgrid dataset. 

Improved 

system 

stability and 

adaptive 

response. 

Requires 

extensive 

training and 

tuning. 

[11] 

57 Data-Driven 

Energy 

Management 

System for 

Hybrid 

AC/DC 

Microgrids 

2022 Used machine 

learning models 

for hybrid 

AC/DC system 

management. 

Simulated AC/DC 

microgrid dataset. 

Improved 

efficiency in 

hybrid 

systems. 

Limited real-

world 

validation. 

[59] 

58 AI-Based 

Energy 

Forecasting 

Using 

Temporal 

Convolutional 

Networks 

(TCN) 

2023 Used TCN for 

time-series 

forecasting of 

load and 

renewable 

energy. 

Real-world energy 

dataset. 

Achieved 

better 

performance 

than 

traditional 

RNN models. 

High 

computational 

requirements. 

[3] 

59 Intelligent 

Microgrid 

Energy 

Management 

Using Hybrid 

Fuzzy and 

Genetic 

Algorithms 

2021 Combined fuzzy 

logic with GA 

for optimization 

and control. 

Simulated 

microgrid dataset. 

Improved 

energy 

allocation and 

system 

stability. 

Lacks predictive 

forecasting 

component. 

[87] 

60 AI-Based 

Distributed 

Energy 

Resource 

Management 

in Smart 

Microgrids 

2024 Used distributed 

AI algorithms 

for managing 

DERs. 

Real-world + 

simulated datasets. 

Improved 

scalability and 

decentralized 

decision-

making. 

Communication 

and coordination 

challenges. 

[93] 

       [14] 
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The comparative analysis shows that AI has been used with some success with various functions 

of the microgrid, with some being more integrated than others. Although predictive studies 

including [5], Zhang and Yang [13] and [3] [9] have good skills to predict, they might not directly 

correlate the prediction outcome and control and scheduling decisions. The optimization and 

studies based on RL are discussed, such as. The techniques in [2] [7] and [12] seek adaptive 

decision making to decrease cost and utilize more efficiently the storage but are quite complicated 

and take extensive training. Inferring [10] [16] [22] and other proposed edge-AI and IoT based 

applications aim at improving real-time responsiveness, they are associated with difficulties in 

terms of communication reliability and cyber security and computation limits. 

The initial key insight presented by Table 2.1 is that the initial aspects of individuals have been 

developed significantly but that it has not yet implemented a comprehensive, practical and scalable 

architecture of AI-EMS. A robust future system should incorporate renewable forecasting, load 

prediction, optimization, scheduling of storage, control and should take into consideration real-

time performance, explain ability, cybersecurity and validation with realistic datasets. This 

conclusion is a direct argument in favor of the motivation of the current thesis. 

The selection of the AI techniques in this research is based on the different requirements of the 

three main AI-EMS functions. The LSTM is chosen as the forecasting model due to the time-

appropriateness of the microgrid generation and demand data to have temporal connections. The 

XGBoost complements the temporal model since it has the ability to provide non-linearities 

between engineered features against energy-related variables. The temporal learning and nonlinear 

feature-based learning are thus offered by the combination of LSTM and XGBoost. PPO is chosen 

to optimize energy utilization since the task of microgrid scheduling is a sequential decision-

making problem that copes with renewable generation, SOC of battery, load demand, and 

electricity cost, and operational restrictions. PPO offers a policy-based reinforcement-learning 

method which is appropriate in learning adaptive scheduling choices. Fuzzy logic offers a means 

of dealing with uncertainty and human expertise and the neural-network element may adapt to 

nonlinear relationships between system states and control measures in order to provide real-time 

control. The combination of the two is thus appropriate to adaptive voltage and frequency 

regulation. The choice of such techniques is therefore decided by the needs of prediction, 

optimization and control instead of merely applying AI models without considering which of them 

are even functional labeled as such. 

 

2.10 Research Gaps 

Based on the literature review, the gaps in the literature are identified. First, in most of the available 

literature, there is a deficit in interest in building a comprehensive AI-based energy management 

system, but rather building a comprehensive system which encompasses only one of the functions 

of the EMS, e.g., forecasting, optimization, storage control, cyber-security, etc. [21, 23, 30]. This 

does not equate model performance and the real working of the system because microgrids have 

various modules which they must coordinate. Minimal prediction error of a forecasting model such 

as one can contribute little to the EMS performance unless the forecasting model is linked to the 

storage scheduling or real-time control. Secondly, not many of the AI models of microgrids have 

been tested in the real world. A large portion of the publications assume simplified operating 

conditions, simulated data sets or simulation environments [7, 12, 18]. Initial testing can be 

accomplished using simulation since it enables researchers to test the models under controlled 

conditions. However, in the actual microgrids context, sensor noise, lacking data, communication 

lag, equipment constraints, consumer behavior, and cyber risk exist. As a result, in simulation, 

models might be successful, but in practice, they might not be. Third, one of the major problems 

in AI-based EMS is the computational cost. Deep learning, reinforcement learning, and hybrid 
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optimization model have high requirements, including the need to have large training datasets, 

high-processing power, and the need to tune parameters carefully [3], [12], [16]. This interferes 

with their application in microgrids with limited resources or at a smaller scale especially in 

scenarios that require decisions to be made on-the-fly. In Edge-AI implementation latency can be 

minimized, but any complicated model may demand more computation than is accessible on edge 

machines [10, 16]. The implication of this on future designs of EMS is that there is a necessity to 

strike a balance between the preciseness, promptness, technicality of the model, and the ability the 

model has to be conveniently adopted. Fourth, the significance of explain ability and trust is yet 

not well evolved in most of the literature on AI-based microgrids. In cases where a model needs a 

particular response, as is the case with a particular scheduling or storage or control action, the 

power system operator should be informed as to why that is the case. Although black-box AI 

models may be very precise, they are often difficult to explain and thus unacceptable in power 

systems that exhibit high safety requirements [34, 41, 53]. Techniques to enhance transparency 

may be achieved with the help of explainable AI methods, yet are not always applied to EMS 

models. The difference is quite large since technically speaking, it would be helpful to have an 

efficient energy management system as well as an operator must trust in it. Finally, more attention 

should be paid to cyber security and privacy of data when discussing AI-based micro grids. Users 

IoT devices and communication networks, smart meters and cloud/edge platforms are all essential 

elements of the smart microgrids, and can introduce vulnerabilities along the way. Although AI 

will be beneficial to assist in the detection of intrusions and counter-measures of cyber-attacks, 

adversarial data or misleading measurements may affect AI models [34], [53], [69]. For the future, 

it is crucial to incorporate cyber-resilient design, privacy-centric learning, and secure data 

management into the design of AI-EMS systems. 

2.11 Chapter Summary 

As the reviewed literature indicates, the range of smart microgrids energy management is one of 

the areas where AI could be effectively employed. The review has demonstrated that smart 

microgrids significantly contribute to the integration of renewable energy, decentralization of 

energy, energy system reliability and sustainable development of power systems. It also indicated 

the deficiencies of the conventional EMS strategies in the treatment of uncertainty, non-linear 

phenomena, real-time decision-making, and big data. AI-driven solutions offer great 

enhancements in forecasting, optimization, storage management, adaptive decision-making, and 

resilience building [1], [8], [11], [30]. Other important AI technologies discussed in the chapter 

that can be used in microgrid EMS include machine learning, deep learning, reinforcement 

learning, hybrid optimization, edge-AI, IoT monitoring, and multi-agent systems. The analysis 

demonstrated the possibility to increase the generation of renewables through forecasting models, 

reduce the cost and allocate resources in a more efficient way through optimization models, and 

increase stability and resilience through AI-enabled controllers [2, 3, 7, 9, 12, 16]. It did have, 

though, some serious missing factors including a lack of real-world validation, low explanatory 

power, high complexities, and cybersecurity factors. In conclusion, all of the reviewed studies 

provide cogent reasons to believe in the suggested AI-Based Energy Management System, but 

they also define a necessity of a more coordinated and simple approach. Thus, the proposed 

research is motivated by the necessity to integrate forecasting, optimization, energy storage 

management and control into an integrated AI-EMS which can enhance the efficiency, reliability 

and adaptation of a smart microgrid system. In the next chapter, the methodology of the proposed 

system, including system architecture, description of dataset, mathematical formulation, model 

development and evaluation technique etc. are discussed. 
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Chapter 3 

 

  Methodology 
 

3.1 Introduction  
The proposed chapter offers a systematic and emphatic design and implementation process of an 

Artificial Intelligence Based Energy Management System (AI-EMS) that can be included in smart 

micro-grids applications. The suggested methodology aimed to address the growing challenges in 

the contemporary power system where renewable sources of energy such as solar photovoltaic 

(PV) and wind power are becoming part of the system. Confined to AI-based decision-making, AI 

can enhance flexibility and efficiency in decision making, unlike the traditional methods which 

rely on rules, and manual tools of optimization used in regulation of operations. Utilizing machine 

learning and deep learning in recent years, AI has demonstrated to have a massive potential to 

solve complex optimization and forecasting tasks within smart grids and microgrids [15], [21], 

[23]. The creation of renewable energy is also bringing variability and uncertainty since the 

renewable energy sources are dependent on the environment, e.g. solar irradiance and wind speeds. 

Another difficult aspect of achieving balance between generating and consuming of power in real-

time, a fundamental aspect of any microgrid, is intermittency. Making traditional rule-based 

energy management systems able to respond to such dynamic conditions requires addition of 

learning capability and adaptability, which are not as effective. This has placed a greater pressure 

on systems that have the capability to predict future energy trends, highly utilize resources and 

dynamically control system operation, hence the need to have intelligent systems. Researchers 

have turned to AI-based solutions, particularly to deep learning and reinforcement learning, good 

at representation nonlinear relationships and learning on the basis of past data, in recent studies 

[16], [19], [26]. The AI-EMS, as described in the study suggested in this article, has three key 

modules, namely, prediction module, optimization module and control module. All modules have 

particular roles and the entire systems are all geared toward the achievement of the overall values 

of the system that serves the purpose of energy management, energy use, and energy conservation 

which are efficient and reliable. The prediction model is informed by the latest AI models such as 

the Extreme Gradient Boosting (XGBoost) and Long Short-Term Memory (LSTM) networks to 

predict the amount and demand of renewable energy. Proper forecasting is necessary since it will 

reduce on uncertainty and they will have an excellent base to base future decisions. The 

optimization module utilizes these forecasts to plan the energy optimum, taking into account the 

constraints of the system, and lowest operating costs. Last but not the least, the control module 

ensures a reasonable timeliness of the optimized decisions and stability of the system due to the 

constant monitoring and self-adaptation control mechanisms [18, 22]. Among the distinctive 

features of the proposed methodology, it is worth noting that it is closed-loop, combining the 

predictive, optimization, and control steps into a feedback loop. In this framework, the Prediction 

Module provides forecasts to the optimization module which helps to make scheduling decisions. 

These decisions are made by the control module which monitors in real time the performance of 

the system to provide feedback used to make predictions and optimize future performances. Not 

only does this closed-loop design enhance the flexibility of the system, the AI-EMS is able to 

respond to unanticipated variations in renewable output or demand. Such macro solutions are 

proved to be far-reaching in enhancing the energy efficiency, cost savings and reliability of 

systems in smart microgrid settings [21, 26]. The methodology begins with the collection of data 
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in Open Power system Data (OPSD) platform, data preprocessing and subsequently data 

processing. There will be data acquisition in Open Power System Data (OPSD), preprocessing, 

and data processing. 

Preprocessing refers to a prestage before applying machine learning, cleaning, normalizing, and 

organizing of data. Another enhancement of the dataset is the features that are engineered with the 

aid of the temporal, statistical and energy related properties, which helps to improve the 

performance of the model. This processed information is then fed to the prediction module 

whereby LSTM as well as XGBoost models can be trained to learn the temporal correlations and 

nonlinearities within the data. The optimization model then suts these model outputs to give a 

mathematical optimization model and develop a function to minimize the overall cost and 

maximize how much is done with renewable energy in the production. As well as predicting and 

optimizing the proposed methodology, it also has advanced control strategies that enable it to 

ensure that the system remains stable in real time. The control module is tasked with the role of 

monitoring different parameters such as voltage, frequency, power flow and battery state of charge 

(SOC). The controller will optimally regulate the systems parameters (e.g. battery 

charge/discharge, grid import/export, renewable curtailment etc.) in case of the deviations of the 

optimal operating condition. This adaptive control can be a major factor in maintaining quality 

power and preventing any instability in the power system in case of renewable uncertainty. 

Additionally, fault detection and fault mitigation are factored in the methodology and offer a robust 

and reliable micro grid system [22], [53]. Another important aspect is the incorporation of the use 

of the latest technologies, including AI, optimization algorithms and real-time control systems in 

the proposed methodology. The integration enables the AI-EMS to optimize multiple objectives 

simultaneously, such as energy cost savings, the best utilization of renewable energy, and stability 

of the system. The suggested system has the benefits of scalability, flexibility, and robustness over 

the traditional energy management systems, which would benefit contemporary smart grid and 

micro grid applications. The recent literature has shown the effectiveness of such integrated 

frameworks based on Artificial Intelligence, to achieve sustainable and efficient energy 

management [11], [30], [60]. To sum up it up, there are several key aspects that this chapter has 

showcased, about the development of the final methodology of designing an energy management 

system of an intelligent microgrid in a renewable energy strong environment. To solve the major 

problems of the current power systems, the proposed AI-EMS is going to combine the 3 essential 

points, namely, predictive analytics, mathematical optimization and adaptive control. There is also 

a particular method of data processing, sophisticated AI models and mathematical formulas that 

are the components of the methodology and give a sound basis to implementing and testing the 

given system. The remaining part of the chapter describes every component of the methodology, 

beginning with the description of datasets, their preprocessing, feature engineering, prediction 

models, optimization formulation and control strategies in a clear and systematic manner of 

presenting the research methodology. 

3.2 Experimental Configuration and Hyperparameters 

Experimental setup was maintained in the last evaluation to provide repeatability. The data was 

segregated into three parts in terms of time (70 percent training, 15 percent validation and 15 

percent testing). The LSTM model considered 24 hourly previous observations to learn the 

temporal dependencies. The Adam optimizer was used to train the LSTM with a learning rate of 

0.001, 100 training cycles, a batch size of 32, and dropout rate of 0.20. XGBoost model 

specifications were 300 estimators, maximum tree depth of 6, learning rate of 0.05 and 

subsampling rate of 0.80. RMSE, MAE and R were used to evaluate the forecasting models. The 

PPO optimization agent was trained for 500 episodes. The agent combined forecasted renewable 

production alongside the load demand with the conditions of operating the microgrid to come up 

with energy schedule actions. The optimization process took into account the balance of power, 
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generation constraints, battery state-of-charge constraints, charging/ discharging constraints and 

grid exchange constraints. The last control module was based on fuzzy logic combined with a 

neural-network-based adaptive mechanism to minimize the deviations of voltages and frequencies 

and enhance responsiveness to perturbation. 

 

3.3 Dataset Description: Open Power System Data 

Chapter presents an elaborate and systematic methodology of design and implementation of an 

Artificial Intelligence Based Energy Management System (AI-EMS) to be used in smart 

microgrids. The proposed methodology will address the growing demands of the up-to-date power 

system where renewable energy sources such as solar photovoltaic (PV) and wind energy are 

gradually becoming incorporated into the system. The AI-EMS will be intelligent and data-driven, 

allowing AI to enhance decision-making, flexibility, and efficiency as compared to traditional 

methods that rely on the operation regulations, and deterministic optimization. Over the last several 

years, AI has proven to be of immense potential by employing machine learning and deep learning 

to address complicated optimization and prognostications issues in smart grids and microgrids 

[15], [21], [23]. The growing renewable energy is creating variability and uncertainty due to the 

fact that the renewable energy sources are dependent on the environment, e.g., the solar irradiance 

and wind speed. The intermittency is a critical problem to sustain the power production and 

consumption balance in real-time which is one of the fundamental operations of any microgrid. 

The integration of learning prowess and flexibility to conventional rule-based energy management 

systems prove to be ineffective to cope with such dynamic environments. This has raised the 

expectations of systems that are able to predict future trends in energy usage, optimize resource 

usage and dynamically control system operation hence the emergence of intelligent systems. 

Researchers, in recent work, have turned to solutions involving artificial intelligence and in 

particular deep learning and reinforcement learning, which is effective at capturing nonlinear 

relationships and learning based on previous data [16], [19], [26]. The AI-EMS in the proposed 

research in this paper consists of three modules, i.e., prediction module, optimization module and 

control module. The modules all have predetermined roles, and are tailored toward the overall 

objective of the system, which is energy management, energy use, and energy conservation, which 

are efficient and reliable. The prediction model is based on the advanced AIs such as the Extreme 

Gradient Boosting (XGBoost) and Long Short-Term Memory (LSTM) networks, to predict 

renewable energy generation and load demand. Good forecasting cannot be done without accuracy 

since it reduces uncertainty and forms a very good platform on the decision making processes in 

future. The optimization module takes these forecasts to plan the energy in the most optimal way 

keeping in view the constraints present in the system and reducing the cost of operation. Finally, 

the control module ensures that optimized decisions are implemented on time and ensures stability 

of the system due to the constant monitoring and adaptive control process [18, 22]. A distinctive 

feature of the proposed methodology is that it is a closed-loop methodology, which combines the 

steps of predictive, optimization, and control into a feedback loop. In this framework, the 

Prediction Module provides forecasts to the optimization module which helps to make scheduling 

decisions. The control module makes these decisions and keeps an eye on the performance of the 

system in real-time, giving feedback for predicting and optimizing future performance. This built-

in loop business concept can not only enhance the flexibility of the system but also allow the AI-

EMS to respond to the unexpected changes in the renewable production or demand. It can be 

shown that these holistic methods have a far-reaching effect in enhancing energy efficiency, cost 

reduction, and system reliability in the cases of the smart microgrids [21, 26]. Methodology begins 

with data acquisition via open power system data (OPSD) platform, data pre-processing and 

followed by processing of data. Data from Open power system data (OPSD) platform, 

preprocessing and data processing. Preprocessing involves preparing the data to be used by the 
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machine learning program by cleaning and normalizing it, as well as sorting it. Features that have 

been engineered on the basis of temporal, statistical and energy based properties enhance the 

dataset further which assists in enhancing the performance of the models. This processed 

information is then used in the prediction module to train LSTM and XGBoost models which are 

able to learn nonlinearities and temporal correlations in the information. The optimization model, 

then uses these model outputs to create a mathematical optimization model and create a 

mathematical operation to minimize the cost of operation and maximize the use of renewable 

energy. The proposed methodology not only predicts and optimizes but also features cutting-edge 

control strategies to maintain real-time stability of the system. Control module takes the 

responsibility of constantly controlling several parameters such as voltage, frequency, power flow 

and battery state of charge (SOC). The controller will optimally change the systems parameters 

(battery charging/discharging, grid import/export, renewable curtailment etc.) when there are 

deviations of the optimal operating condition. It is this adaptive control that is important to gain 

power quality and avoid instability of power systems subjected to renewable uncertainty. 

Furthermore, fault detection and fault mitigation have been included in the methodology to have a 

robust and reliable micro grid system [22], [53]. The integration of various cutting-edge 

technologies, such as AI, optimization algorithms, and real-time control systems, into the proposed 

methodology is another key feature. Thanks to this integration, the AI-EMS is able to streamline 

multiple objectives simultaneously, such as saving energy costs, making the most of renewable 

energy, and stability of the system. The proposed strategy has benefits of scalability, flexibility 

and strength over the conventional energy management systems, thus benefiting the current smart 

grid and microgrid uses. Such combined structures, grounding on Artificial Intelligence have just 

been demonstrated by the recent literature to be effective, to attain sustainable and efficient energy 

management [11], [30], [60]. To summarize, this chapter has included an entire approach to the 

designing of an energy management system that is used in an intelligent microgrid within a 

renewable environment with a lot of energy. The proposed AI-EMS could solve the major 

problems of the modern power systems combining three aspects: predictive analytics, 

mathematical optimization, and adaptive control. Data processing techniques, sophisticated AI 

models and mathematical formulas form part of the methodology, and they constitute a sound 

framework in the implementation and testing of the suggested system. The remaining parts of the 

chapter describe every aspect of the methodology, beginning the description of datasets, moving 

on to their preprocessing, feature creation, prediction model, optimization formulation and 

controlling strategies in a coherent and structured account of the research methodology. 

Table 3.1: Dataset description of the Open Power System Data used in this research. 

Item Description Role in this thesis 

Dataset source Open Power System Data hourly 

time-series package 

Primary data source for model training 

and testing 

Temporal 

resolution 

Hourly observations Supports day-ahead and short-term 

scheduling 

Main variables Load demand, solar generation, 

wind generation, installed 

capacity, and electricity prices 

Used for prediction, optimization, and 

performance evaluation 

Data format Time-indexed numerical data Suitable for LSTM sequence modeling 

and XGBoost tabular modeling 

Preprocessing 

need 

Missing-value handling, 

normalization, feature 

engineering, and chronological 

splitting 

Improves data quality and prevents data 

leakage 

Research 

relevance 

Represents renewable-integrated 

power-system conditions 

Provides a realistic basis for evaluating 

the proposed AI-EMS 
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3.3.2 Data Preprocessing 

The data preprocessing stage is one of the most important stages of the proposed development of 

the artificial intelligence based energy management system (AI-EMS). The quality of forecasting 

and optimization model depends on the quality of the data being fed into to give accurate and 

realistic forecasts. Power system datasets may have inconsistencies in the data, such as missing 

data, noise, outliers or different scales of measurement. Without addressing these issues, they can 

lead to a wrong prediction, overfitting the model, and making the best decisions regarding the 

energy management process. [23], [41], [65]. Pre-processing involves cleaning the data, i.e. 

determining and repairing missing or corrupt data and is the first stage. Time-series energy data is 

often affected by sensor failures, communications failures or recording errors, which are the most 

frequent cause of data loss. This study does not use any kind of filling method for short intervals 

of missing values except interpolating them, e.g. with linear interpolation or forward filling. The 

data in the gap are thrown away in bigger gaps where unrealistic patterns can be created using 

interpolation, to maintain the data integrity. This implies that the sample size is representative of 

the real system behavior, but less likely to cause spurious trends [19,30]. Missings are handled, 

outliers are treated and detected to provide data reliability. The origin of outliers is errors in 

measure-ment or operating conditions that are unusually different than the ones used to train a 

model and can severely affect the model training. Extreme values are found by statistical processes 

e.g. z-score method and interquartile range (IQR) analysis. Smoothing corrects outliers or 

disregards them when they are physically impossible. That is, in case, when the load demand value 

is negative or the renewable generation value is higher than the installed capacity, it is filtered out. 

The effect of this on the power of the predictive models is significant [23], [41]. Following data 

cleaning, feature selection/transformation takes place to retain only the pertinent features and drop 

redundant and less informative features. Chosen features include the load demand, solar and wind 

generation, electricity price, installed capacity and time-related such as hour, day, month, etc. 

features. This feature selection may also limit the computational complexity of a model and 

prevent overfitting to a large degree especially when using XGBoost models, and it retains useful 

features to the model, therefore, representing significant relationships [21], [30]. Data 

normalization and scaling are some other key steps. The data is also normalized to provide equal 

contribution of all the features in training of the model since some of the units and magnitudes of 

the data are different. The data in this study is normalized using Min-Max normalization to 

normalize the data to a range of 0 to 1 thereby improving the rate and stability of training LSTM 

models. XGBoost has norms features due to consistency reasons. When one of the features of the 

model prevails in the learning process, then that is not a good model to consider [15, 23]. After the 

step of Normalization, the data is divided into training, validation and testing sets in chronological 

order of ratio 70:15:15. This is Time series data and does not mean that one has to prevent random 

splitting since there is no leakage of the data. The training set will be used to train a model, the 

validation set to select the hyper parameters of the model and the testing set to evaluate the overall 

performance of the model. The chronological division ensures that the AI-EMS can be assessed 

fairly to unseen future information in the future thereby improving AI-EMS generalization power 

[21]. Additionally, data storing among models is different. Sliding window converts the data to a 

sequence of input/output pairs to LSTM. Its input in the form of XGBoost model is tabular, with 

structured features such as lagged variables, and rolling statistics. The two preparation strategies 

allow ideal utilization of different model input formats leading to a higher prediction accuracy. 

The training, validation, and test sets are done using the same preprocessing to avoid leaking the 

data using only the parameters of the training set. It is hoped that the whole preprocessing pipeline 

can be reproducible in future studies, and can be generalized to other datasets [41], [65]. In brief, 

the data preprocessing process is an essential part of the proposed AI-EMS processes and is crucial 

for the process's success. The step is important in enhancing quality of data including considering 

missing values, identifying outliers, any feature selection, data normalization, and proper 
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correction of data splitting as well as offers a strong base in the later process of feature engineering, 

model training, optimization and control. 

3.3.3 PPO State, Action and Reward Design 

The PPO agent monitors the state of the microgrid in a state and the variables used to schedule the 

energy is given in this state. The variables are: renewable-energy generation, load demand, state 

of charge of the battery, electricity price, exchange on the grid, and the operating conditions. 

Action space is a representation of the scheduling choices that may be made by the agent, such as 

battery charging/discharging and dividing the available resources into energy. The action values 

are limited based on physical limits of the microgrid. The rewarding process is aimed at promoting 

the low cost of operation, high use of renewable energy, and consistency of operation of batteries 

and grids. Penalties are used in cases where operational limits are breached including power 

balance, state-of-charge limits of the battery or generation limits. The PPO agent thus becomes 

acquainted with a scheduling policy that meets the economic performance criterion, the use of 

renewable-energy, and operational necessities. 

 

3.4 Feature Extraction and Engineering 

One of the most crucial parts of the proposed energy management system (AI-EMS) based on 

artificial intelligence is the extraction and engineering of features. They transform raw time series 

data into meaningful and informative inputs into the predictive models. It is highly reliant on the 

quality and the relevance of the input features when using machine learning and deep learning 

models to smart microgrid applications. Raw data might not directly reflect images of the temporal 

pattern, consumption behavior as well as renewable variability. In this direction, feature 

engineering is employed to enrich the data set with any domain knowledge, statistical 

transformations and time. This process greatly enhances the models' ability to capture complex 

relationship and make accurate prediction [21, 23, 41]. In the case of energy management systems, 

feature engineering does not merely act as a pre-processing phase, but as a considerable 

transformation of the data, which directly impacts the forecasting accuracy and optimization 

performance. Certain features are very important and the models know the key patterns they 

exhibit such as periods in which there is optimal demand, intermittent renewable resources and 

seasonal changes. Besides, feature engineering can simplify the model by supplying the model 

with formatted inputs containing necessary relations to improve the efficiency of model training 

and increasing the generalization ability of the model. The complete explanation of the used 

features engineering methods in this study, such as time-based features and lagged variables, 

rolling statistics, statistical measures and energy features scaling by domain. 

3.4.1 Temporal Feature Engineering 

Temporal feature engineering is required to extract the cyclical and periodic distribution, both of 

energy consumption and renewable generation. The time of observations is known and the time 

stamp is a pertinent detail in the set of data which contains information about the behavior of the 

system across time. Some of the features retrieved in this study are the hour of the day, day of the 

week, weekend indicator, month or season. Such abilities allow the predictive models to identify 

different time frames, patterns in energy demand and generation that have happened again and 

again. That is, the demand of electricity will exhibit a daily trend, with the highest at night and the 

lowest at the evening or in the day time. Similarly, solar production is very clearly modulated 

diurnally whereas wind production may occur on a day-to-day and seasonal basis. The models can 

be trained using the Temporal dimensions, enabling them to learn these patterns and promote their 
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forecasting skills. Moreover, weekly patterns may be utilized to distinguish a weekday with a 

weekend since the weekly energy consumption behavior may vary considerably with the type of 

industrial or domestic activities. Sinusoidal transformations could also encode temporal features 

since the cyclical aspects could be further emphasized in that way. An example is that time of the 

day can be translated as:                                                                             

                                                                                                                                                   

transformation will bring awareness to the model of time being cyclical with hour 23 being close 

to hour 0. The use of these kind of encoding methods in time- series forecasting has long been 

observed to boost the model performance [19] and [30]. To sum up, temporal feature engineering 

is the useful tool that can be used to model periodicities and improve the AI-EMS performance. 

                                                                                                                                                         

𝐻𝑜𝑢𝑟𝑠𝑖𝑛 = sin⁡(2𝜋 ⋅ ℎ𝑜𝑢𝑟24), 𝐻𝑜𝑢𝑟𝑐𝑜𝑠 = cos⁡(2𝜋 ⋅ ℎ𝑜𝑢𝑟24)\𝑡𝑒𝑥𝑡{𝐻𝑜𝑢𝑟}_{𝑠𝑖𝑛}⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(1)
=\𝑠𝑖𝑛├⁡(\𝑓𝑟𝑎𝑐{2𝜋 ⋅\𝑡𝑒𝑥𝑡{ℎ𝑜𝑢𝑟}}{24}┤),\𝑞𝑢𝑎𝑑⁡\𝑡𝑒𝑥𝑡{𝐻𝑜𝑢𝑟}_{𝑐𝑜𝑠} ⁡
= ⁡𝑜𝑠├⁡(\𝑓𝑟𝑎𝑐{2𝜋 ⋅\𝑡𝑒𝑥𝑡{ℎ𝑜𝑢𝑟}}{24}┤)𝐻𝑜𝑢𝑟𝑠𝑖𝑛 = 

sin⁡(242𝜋 ⋅ ℎ𝑜𝑢𝑟),𝐻𝑜𝑢𝑟𝑐𝑜𝑠 = cos⁡(242𝜋 ⋅ ℎ𝑜𝑢𝑟) 

transformation also makes sure that the model is aware of the cyclicality of time and hour 23 is 

nearby hour 0. Time-series forecasting has been heavily relying on such encoding techniques to 

enhance model performance [19], [30]. In general, temporal feature engineering gives a good basis 

to comprehend periodic trends and enhance the predictive capacity of the AI-EMS. 

3.4.2 Meteorological and Environmental Features 

Met and weather conditions of the area are presented and discussed. Solar and wind power 

generation is weather sensitive, but this is renewable energy. Therefore, it is essential to 

incorporate meteorological and environmental factors so as to have adequate modeling on the 

behavior of renewable energy. Although the OPSD data is largely generation data, other features 

are also added to demonstrate variability of the environment, such as solar generation profile, wind 

generation trend, and installed capacity utilization. The quantity of sunlight produced is reliant on 

the daylight hours, weather and seasons. By examining how these factors have impacted the 

previous patterns of solar generating variations, the model will be in a position to learn to forecast 

solar generation more accurately. Similarly, this also applies to the wind power production in 

which the stochastic nature of the atmosphere influences the power production. The model uses 

past wind power information and other features such as moving averages and variability indices 

to consider fluctuations in wind power. Where the meteorological data is not known directly (e.g. 

temperature, irradiance, wind speed) proxy variables based on historic generation data are used to 

estimate the environment. In this manner, the model will be able to learn, through indirect means, 

how renewable generation can be affected by the environmental factors. All these attributes make 

the prediction module and uncertainty reduction in energy forecasting very strong attributes which 

is highly valuable toward efficient optimization and control [15], [23]. 

3.4.3 Lagged Variables and Rolling Statistics 

𝑡 − 1, 𝑡 − 2, 𝑡 − 24𝑡 − 1, 𝑡 − 2, 𝑡 − 24𝑡 − 1, 𝑡 − 2, 𝑡 − 24Rolling statistics and lagged variables 

are essential in the dimension of time-series data capturing the time dependencies and short-term 

dynamics. Within energy systems, latest values of renewable generation and load demand are 

usually dependent on previous values. So, t-1,t-2,t-24t-1,t-2,t-24t-1 and t-2,t-24t features are 

lagged to give the models some time to look back into the past. E.g. the demand at the last hour or 
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hour of the last day could be very high and hence this may have a great impact on the demand at 

the present moment. Besides lagged variables, rolling statistical features are calculated using 

varying time windows, i.e. 6, 12, and 24 hours. They are moving average, rolling standard 

deviation, rolling minimum and rolling maximum. The rolling mean smooths the short term highs 

and lows and also indicates the underlying trends whereas the rolling standard deviation measures 

variability and volatility in the data. The features are used to detect variation in demand or 

renewable generation patterns that are sudden or not. Mathematically a rolling windowed mean 

with window size www can be calculated as:                    

   𝜇𝑡 = 1𝑤∑𝑖 = 𝑡 − 𝑤 + 1𝑡𝑥𝑖𝜇_𝑡 =⁡\𝑓𝑟𝑎𝑐{1}{𝑤}⁡∑_({𝑖 = 𝑡 − 𝑤 + 1}_𝑖𝜇𝑡^{𝑡}𝑥) = 𝑤1𝑖 = 𝑡 −
𝑤 + 1∑𝑡𝑥𝑖⁡    (2) 

Likewise, the rolling standard deviation represents variability in the window. These statistical 

characteristics give more background to the models so that they would be able to make better 

predictions. Lagged and rolling features give the model a big boost in its capability to model short-

term and long-term interdependence in the data [21], [41]. 

3.4.4 Feature Scaling and Dimensionality Reduction 

To increase the efficiency and effectiveness of the models, feature scaling and dimensionality 

reduction is essential. When the data has more than one variable, their scale as a number will 

induce issues during learning, particularly in neural networks. Therefore, the features are scaled 

with scaling schemes such as min-max normalization to put them in a normal distribution (between 

0 and 1). This is so that each of the features has equal contribution to learning and is not dominated 

by those variables of greater magnitude. Careful feature selection and elimination of redundant 

variables are done for dimensionality reduction. When there are large correlations between the 

features it may lead to multicollinearity which influences the output of the model and makes it 

hard to compute. In this way, the most appropriate features are detected and selected only with the 

assistance of correlation analysis and feature importance measures. In the case of XGBoost, the 

values of feature importance are then handy to estimate the impact of each variable to the 

prediction task. Moreover the smaller the features that the input has, the quicker the model will 

train and the less the chance that the model will over fit particularly in a complex model. This is 

because only the informative features are kept to make the model more generalized and intelligence 

to generalize to new data. The compromise in terms of functionality and the complexity of the 

model is vital to optimal functionality of the AI-driven energy management system [23, 30]. 

3.5 Proposed Modules 

The AIsmart Artificial Intelligence Based Energy Management System (AI-EMS) has targeted to 

be a unified smart system to streamline generation, storage and consumption within a smart micro-

grid setting. The system is a sequential and feedback process and consists of three key modules of 

prediction, optimization and control to ensure efficient and stable management of energy. Modular 

architectures are also common in the area of intelligent energy systems because they are scalable 

and flexible when solving uncertainty due to renewable energy sources and to dynamic loads [1], 

[2]. In the workflow, acquiring the data of Open Power System Data (OPSD), a history of data 

collection of load demand and renewable production is done as the initial step. The raw data will 

be further subjected to a pre-processing pipeline including cleaning, normalization of the data as 

well as imputing missing values. After the pre-processing, feature engineering is used to generate 

useful features, such as lagged features, rolling averages and time-based features. These predicted 

features are further fed into prediction module. It is the prediction module that provides a forecast 

of the renewable resources generation and demand of electricity. These predictions are important 

because they tend to reduce the level of uncertainty in the functioning of the system and can aid in 
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proactive decisions being made. The estimated values of the former are then entered to the 

optimization part, which estimates the optimal energy scheduling strategy. Finally, these 

optimizing decisions are performed under a simulated real time environment and the system 

behavior is continually tracked by the control module. The system is self-evolving and adaptive 

with a feedback mechanism to improve the prediction and decision-making next time. 

3.5.1 Prediction Module 

The bottom and level of the AI-EMS system is the prediction module that is applied to determine 

the future values of the electric load and renewable energy output. Forecasting plays a vital role in 

microgrid energy management and impacted greatly the efficiency of scheduling, reduction of 

costs, reliability of the system. Several studies have reported that machine learning-based 

forecasting is effective in determining how accurately the predictions are made compared to 

statistical models [3]. The Long Short-Term Memory (LSTM) networks in this module will enable 

predicting time-series data of renewable energy, whereas the XGBoost will be used to predict 

structured load demand data. This is because this combination allows the system to effectively 

pick up features that are non linear in terms of features interaction and also nonlinear temporality. 

3.5.2 Renewable Energy Generation Forecasting 

 Bearing in mind renewable energy generation forecasting. The resulting electricity produced out 

of renewable energy sources such as solar and wind are unpredictable and prone to weather 

conditions. It is carried out in order to model the variability by utilizing an LSTM neural network, 

which can be applied to various forms of time dependencies in sequential data (long-term 

dependencies). Unlike classical models, LSTM is able to store the past information through 

memory cells and hence can be used to perform energy forecasting tasks [4]. The model processes 

the information in a series and learns patterns, not only by the information preceding it and 

variations in the weather but also by the time of day and seasonal variations. This enhances the 

precision of forecasts and reduces the uncertainty of the renewable energy forecasts. 

3.5.3 Load demand Forecasting 

The algorithm to carry out load demand forecasting is the gradient boosting based ensemble 

learning algorithm- XGBoost. XGBoost is a nonlinear relationship identification machine learning 

model that is built around a structured dataset. The questions in this research are its characteristics 

such as load in history, calendar effects and rolling statistics figures. The model does this by 

repeatedly optimizing the errors of the previous weak learners and therefore the predictive 

performance is optimized to a high level [5]. 

3.5.4 Optimization module 

The optimization module determines the best dispatch strategy of energy to be dispatched based 

on the anticipated renewable generation and load requirement. The approaches based on energy 

management optimization have become the subject of widespread interest with their application 

in the smart grid due to their capability to implement optimization of multiple constraints and goals 

in parallel [6]. The system optimizes distribution of power in renewable resources, battery storage, 

traditional power plants, and grid power exchange. The initial objective is to save the money, make 

the most of the renewable energy sources and follow the operating constraints. The students will 

look at how to time their energy and how to spend their resources in this lesson. 

3.5.5 Energy Scheduling and Resource Allocation 
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The energy setting the optimum use of energy resources at each time period. This covers the 

amount of power provided from renewables, batteries, from the power grid, or by traditional 

generation. Resource allocation enables the optimal utilization on all the resources, and system 

balance. Physical and operational constraints, such as generation constraints, battery state of 

charge constraints, and exchange capacities to the grid are considered in the optimization model. 

This will assist in the viability and feasibility of all the scheduling choices. 

3.5.6 Energy Storage Management 

One of the key components of mitigating intermittent renewable energy systems on microgrids is 

characterized by energy storage systems. The charging and discharging operation of the battery 

storage system is controlled based on the condition of the system to operate the battery storage 

system. Overproduction of renewable energy charges the battery and high demand or low 

renewable energy production leads to the battery being discharged to cope with the demand. 

Battery management life when operated using controlled operation methods [7]. 

3.5.7 Control Module 

The AI-EMS is a real-time execution machine: the control module. It ensures that optimized 

scheduling choices are appropriately implemented in the microgrid mathematics or simulated 

microgrid setting. The module keeps continuous monitoring of voltage, frequency, load demand 

and battery SoC (State of Charge). In cases where anomalies in behavior that should happen or 

should not happen in the system are detected, corrective measures are taken to get the system back 

to normal. This creates the system robust to the fluctuations and quick changes. 

3.5.8 Real-Time Monitoring and Adaptive Control 

Monitoring can be done real-time to monitor system performance, detect any behavior anomalies 

in the system immediately. The system needs dynamic alterations to the response with adaptive 

control to accommodate different operating conditions. This approach will be better than the 

traditional rule-based control approach, especially when there are high levels of uncertainty in 

microsgrids where renewable energy is being combined. The adaptive strategies can be used to 

improve the voltage regulation and frequency stability and system resilience [8]. 

3.5.9 Fault Detection and Mitigation 

The fault detection and mitigation mechanisms have been incorporated into the design of the 

control system to enhance reliability of the system. The system constantly makes comparisons 

between real-time figures and expected operating limits with the aim of unearthing anomalies. In 

case a fault is identified, the system shuts a portion of the system and reboots supply of power to 

other parts so that the supply remains continuous. This improves resilience of systems and prevents 

cascading failures of the microgrid. 

3.6 Physical Microgrid Model 

The AI-EMS proposal was tested in a simulated hybrid microgrid which comprised of renewable 

generation, battery energy storage and grid connection. The system will consist of a 500 kW- 

photovoltaic power station, a 300 kW- wind turbine, a 200 kWh- lithium-ion battery and a 1 MVA- 

grid connection. The battery state of charge is limited to 20-80%. 

MATLAB/Simulink is used to represent the electrical behavior of the microgrid. Smaller 

simulation step (1 s) is taken to test voltage and frequency behavior whereas hourly rates are taken 
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to schedule the energy. The optimized schedules are analyzed within the model by the physical 

environment, which the adaptive controller reacts to the variations in the generation and the load. 

 

3.6.1 Prediction Module: Detailed Methodology 

One of the simplest modules of the proposed Artificial Intelligence Based Energy Management 

System (AI-EMS) that predicts the future values of the renewable energy generation and electricity 

load demand is the Prediction Module. Prediction is very crucial in smart microgrids which have 

an influence on the operational schedule, system stability and cost effectiveness of the system. The 

hybridization of machine learning approaches has been a successful approach to energy prediction 

in the recent research due to its ability to capture the time dependency and non linearity of energy 

data [1, 2]. This paper suggests the hybrid approach to forecasting using Long Short-Term Memory 

(LSTM) networks and XGBoost algorithms. The main rationale behind a hybrid structure is that 

neither of the models can be effective to accomplish all the elements of an energy system. LSTM 

is very effective for data that is sequential like time-series, but it may not be as effective for 

structured tabular features. Similarly, XGBoost is also demonstrated to be highly effective when 

the data is programmed, but at the same time does not possess the cognitive to acquire past 

experience. Therefore, the combined two models enhances the accuracy and strength of prediction 

in a dynamic microgrid system. Read and learn about a sample of a text-based dataset. Read and 

understand a sample data set on text. 

3.6.2 Data Acquisition and Preprocessing 

Data preprocessing and acquisition phase is anchored on the Open Power System Data (OPSD) 

dataset, which holds past information connected with the renewable energy production and load 

demand. The raw data will usually contain and consist of non-values, noise and inconsistencies 

which need to be cleaned and eliminated prior to the data being passed into the model. It in turn 

employs a formulaic, preprocessing pipeline that entails imputation of missing values, 

normalization and outlier management. Once preprocessing is done, feature engineering is done 

to obtain meaningful patterns from time-series data. It involves the creation of lagged variables, 

rolling mean, rolling standard deviation and lagging some variables such as hour of day, day of 

week and seasonality signals. These are specifically designed properties which facilitate in the 

improvement of the capacity of the models to acquire the energy behavior context [3]. Moreover, 

the processed information is divides into two formats to be processed by models. Sequential 

information in LSTM is arranged in sequence, using a sliding window method to preserve the 

time-order. XGBoost takes the same data and converts it into a tabular dataset with each row being 

a time step and engineered features. It is created in both dual format making it compatible with 

both deep learning and ensemble learning models. 

3.7 Renewable Energy Generation Forecasting (LSTM) 

One of the main concerns with microgrids that can be challenging to solve is forecasting the 

amount of renewable energy, which may be intermittent and unpredictable. The Long Short-Term 

Memory (LSTM) network is used to tackle this challenge. Long short term memory (LSTM) 

networks: This type of Recurrent Neural Network (RNN) is well suited to tasks involving repeated 

data over time since it has the capability to capture long term relationships in sequential data [4]. 

Renewable generation is influenced by several dynamic factors such as the weather, the historical 

generation trends and time variation. The time varying and nonlinear nature of the relationship is 

not always well represented in the conventional models. In contrast with LSTM networks, 
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however, memory cells and gating mechanisms are employed to memorize meaningful data of the 

past, and to screen away unmeaningful data to have positive forecasting effects. 

3.7.1 LSTM Architecture 

The utilized LSTM architecture has an input layer, stacked layers of LSTMs one or more, dropout 

regularization layers and a fully connected dense output layer. Sequential data is fed into the input 

layer, e.g., time window of previous values of energy generated. This flow of information is sent 

through a sequence of LSTM layers and regulated by the input gates, forget gates and the output 

gates. 

LSTM behavior can be mathematically modeled as follows: 

The LSTM behavior could be modeled mathematically as: 

⁡⁡⁡⁡⁡ℎ𝑡 = 𝐿𝑆𝑇𝑀(𝑥𝑡, ℎ𝑡 − 1)ℎ𝑡 =⁡\𝑚𝑎𝑡ℎ𝑟𝑚{𝐿𝑆𝑇𝑀}(𝑥𝑡, ℎ{𝑡−1})ℎ𝑡 = 𝐿𝑆𝑇𝑀(𝑥𝑡, ℎ𝑡 − 1)                 

𝑦𝑡 + 1 = 𝑓ℎ𝑡̂{𝑦}{𝑡+1} = ⁡𝑓(ℎ𝑡)𝑦
𝑡 + 1 = 𝑓(ℎ𝑡)  

The dropout layer helps decrease overfitting through random shutting of neurons. Lastly, learned 

temporal representation is mapped to the final forecast output in the dense layer. With this 

architecture, the model will be able to learn short-term variations as well as long-term seasonal 

variations on renewable energy generation. 

 

3.7.2 Input Features and Output 

LSTM model inputs include the past data of renewable generation, time of day, time of month, 

delay data and rolling statistical data. The inputs are employed to enable the model to understand 

the time-temporal and statistical changes of the energy production. The model output is the forecast 

of the renewable energy generation over a given forecasting horizon. This model is trained in a 

supervised manner with the loss function being based on the minimization of the difference 

between the true value and the predicted value. This will result in improved forecasting and 

consistency in the decision making in the downstream optimization processes. 

3.7.3 Load demand Forecasting (XGBoost) 

The load demand forecasting is done by the widely used gradient boosting based ensemble learning 

algorithm XGBoost. The XGBoost is especially suitable for structured datasets, since it can model 

non-linear relationships among the input features and target values, but still run at high speed [5]. 

The tree in the model eliminates the error of the previous tree and the many trees are constructed 

sequentially. This boosting mechanism helps to improve the accuracy of the predictions, and 

decreases the model's bias and variance. 

The mathematical representation of XGBoost prediction is given as:                                          

  

                                𝑦^𝑖 = ∑𝑘 = 1𝐾𝑓𝑘(𝑥𝑖) ̂{𝑦}_𝑖 = ⁡∑_{𝑘 = 1}^({𝐾}⁡𝑓_𝑘(𝑥_𝑖⁡)𝑦^𝑖) = ∑𝑘 =
1𝐾𝑓𝑘(𝑥𝑖)                         (4) 
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3.7.4 XGBoost Model Configuration 

Hyperparameters are crucial to the effectiveness of the model.Tuning of hyperparameters is of 

great importance to model performance. The number of estimators, learning rate, maximum tree 

depth, subsampling ratio and regularization parameters are optimized in this study to maximize 

utility of the validation data. The complexity of the model and the ability to avoid overfitting and 

high generalization capability are controlled by these parameters. In related researches, grid search 

or random search algorithm is normally utilized during tuning in [6]. 

3.7.5 Input Features and Output 

The features of XGBoost model as input include historical load demand, lagged loads, rolling 

mean and rolling std as well as time features such as hour of day and week day indicators. These 

features are accomplished in order to reach the temporal and statistical data context. A model gives 

a prediction on the energy demand at a particular future time. These forecasts are then sent to the 

optimization module which applies them to find the best energy scheduling strategies Table 3.2 

3.7.6 Evaluation Metrics 

Accuracy of forecasts of the two models is determined by the Mean Absolute Error (MAE), the 

root mean squared error (RMSE) and the coefficient of determination (R 2 ) regressions. The 

metrics have been used extensively in energy forecasting research because they provide a full 

evaluation of the performance of a given model in relation to the accuracy, size of the error, as 

well as, the amount of variance accounted. 

3.8 Integrated AI-EMS Workflow 

The AI-EMS suggested is a closed and sequential process. The microgrid data is first gathered and 

pre processed with historical and current data. The processed data is then used by prediction 

module to predict renewable-energy generation, and load demand. The results of forecasting are 

imported to the PPO optimization module as future operating information. These forecasts along 

with battery, generation, grid, and operational constraints are combined in the optimization module 

to establish a plan of energy scheduling. These set points are then involved to the adaptive control 

module. The control module balances the planned values and the actual condition of the micro grid 

operations and aims at adjusting the control action to sustain the balance of the voltage, frequency 

and power. The performance of the system then becomes the input back into the AI-EMS to be 

monitored and adjusted. 

Therefore, the complete workflow can be represented as: 

Data and Preprocessing lead to LSTM-XGBoost Forecasting and then to PPO Optimization and 

Adaptive Fuzzy-Neural Control and finally to the Microgrid Response and Feedback to AI-EMS. 

 

3.8.1 Optimization module 

A significant component of the proposed AI-EMS framework is the optimization module that 

transforms the predicted renewable generation and load demand into the best energy scheduling 

choices. The overarching goal of this module is the lowest cost of operations, with an energy 

balance, stability of the system and complete utilization of renewables. There are generally various 

constraints and objectives of smart grid systems and optimization methodologies has become a 
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common choice of these systems [8]. This module is run over a defined period of time (e.g., one 

year) and utilizes forecasted values as its input variables to make optimal dispatch decisions for 

energy sources, storage options and grid interaction. 

3.8.2 Integration with the Prediction Module 

The prediction module provides the optimization module with the predicted renewable generation 

and load demand. It is the expectations of what the system will be like in the future, and is what 

decisions are based on. Prediction of this forecast is then employed to optimize the utilization of 

energy of all renewable generation, battery storage, conventional generation units and grid 

exchange mechanisms. The integration will also make the systems proactive and not reactive with 

respect to scheduling, which will help increase the efficiency and reliability of the systems. 

3.8.3 Mathematical Formulation of the Optimization Problem 

                                                            𝑡⁡𝑖𝑛⁡{1, 2, … , 𝑇}                                                                (5)                         

 

T is the number of time steps in the scheduling horizon and t is the time index.  

                                                                                                                                                       (6) 

𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛⁡𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠⁡𝑖𝑛𝑐𝑙𝑢𝑑𝑒⁡𝑃_𝑅𝐸𝑆, 𝑡, 𝑃_𝑔𝑒𝑛, 𝑡, 𝑃_𝑏𝑎𝑡𝑡, 𝑡^𝑐ℎ𝑎𝑟, 𝑃_𝑏𝑎𝑡𝑡, 𝑡^𝑑𝑖𝑠, 𝑃_𝑔𝑟𝑖𝑑, 𝑡^𝑏𝑢𝑦, 𝑎𝑛𝑑⁡𝑃_𝑔𝑟𝑖𝑑, 𝑡^𝑠𝑒𝑙𝑙. 

 

3.8.4 Objective Functions 

The main goal is to reduce the overall operational cost by taking into account grid purchase cost, 

grid selling revenue, conventional generation cost and battery degradation cost. 

  

𝐦𝐢𝐧⁡𝑱 = ⁡𝒔𝒖𝒎(𝒕

= 𝟏⁡𝒕𝒐⁡𝑻)[(𝑪_𝒈𝒓𝒊𝒅, 𝒕^𝒃𝒖𝒚⁡𝑷_𝒈𝒓𝒊𝒅, 𝒕^𝒃𝒖𝒚

− ⁡𝑪_𝒈𝒓𝒊𝒅, 𝒕^𝒔𝒆𝒍𝒍⁡𝑷_𝒈𝒓𝒊𝒅, 𝒕^𝒔𝒆𝒍𝒍⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(𝟖)

+ ⁡𝑪_𝒈𝒆𝒏, 𝒕⁡𝑷_𝒈𝒆𝒏, 𝒕)𝑫𝒆𝒍𝒕𝒂_𝒕 + ⁡𝑪_𝒃𝒂𝒕𝒕, 𝒕^𝒅𝒆𝒈⁡] 

 

𝑻𝒉𝒆⁡𝒐𝒑𝒕𝒊𝒎𝒊𝒛𝒂𝒕𝒊𝒐𝒏⁡𝒑𝒓𝒐𝒃𝒍𝒆𝒎⁡𝒊𝒔⁡𝒔𝒐𝒍𝒗𝒆𝒅⁡𝒔𝒖𝒃𝒋𝒆𝒄𝒕⁡𝒕𝒐⁡𝒕𝒉𝒆⁡𝒇𝒐𝒍𝒍𝒐𝒘𝒊𝒏𝒈⁡𝒐𝒑𝒆𝒓𝒂𝒕𝒊𝒐𝒏𝒂𝒍⁡𝒄𝒐𝒏𝒔𝒕𝒓𝒂𝒊𝒏𝒕𝒔. 

 

𝑃_𝑅𝐸𝑆, 𝑡⁡ + ⁡𝑃_𝑔𝑒𝑛, 𝑡⁡ + ⁡𝑃_𝑏𝑎𝑡𝑡, 𝑡^𝑑𝑖𝑠 + ⁡𝑃_𝑔𝑟𝑖𝑑, 𝑡^𝑏𝑢𝑦 = ⁡𝑃_𝑙𝑜𝑎𝑑, 𝑡⁡ +

⁡𝑃_𝑏𝑎𝑡𝑡, 𝑡^𝑐ℎ𝑎𝑟 + ⁡𝑃_𝑔𝑟𝑖𝑑, 𝑡^𝑠𝑒𝑙𝑙    (9 

                  

                                            0⁡ ≤ ⁡𝑃_𝑅𝐸𝑆, 𝑡⁡ ≤ ⁡𝑃_𝑅𝐸𝑆, 𝑡^𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡                                              
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(10)           

  

 

       𝑃_𝑔𝑒𝑛^min⁡⁡≤ ⁡𝑃_𝑔𝑒𝑛, 𝑡⁡ ≤ ⁡𝑃_𝑔𝑒𝑛^𝑚𝑎𝑥 <= ⁡𝑃_𝑏𝑎𝑡𝑡, 𝑡^𝑐ℎ𝑎𝑟 <=
⁡𝑃_𝑏𝑎𝑡𝑡, 𝑐ℎ𝑎𝑟^𝑚𝑎𝑥                              (11) 

                     

  

0⁡ ≤ ⁡𝑃_𝑏𝑎𝑡𝑡, 𝑡^𝑑𝑖𝑠 ≤ ⁡𝑃_𝑏𝑎𝑡𝑡, 𝑑𝑖𝑠^𝑚𝑎𝑥⁡𝑂𝐶_𝑡
= ⁡𝑆𝑂𝐶_(𝑡 − 1) + ⁡𝑒𝑡𝑎_𝑐ℎ𝑎𝑟⁡𝑃_𝑏𝑎𝑡𝑡, 𝑡^𝑐ℎ𝑎𝑟⁡𝐷𝑒𝑙𝑡𝑎_𝑡
−⁡(𝑃_𝑏𝑎𝑡𝑡, (𝑡^𝑑𝑖𝑠⁡𝐷𝑒𝑙𝑡𝑎_𝑡)/⁡𝑒𝑡𝑎_𝑑𝑖𝑠⁡)⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(12) 

                                                                                                                                                                                                                                                                                                         

 

    𝑆𝑂𝐶_min⁡⁡≤ ⁡𝑆𝑂𝐶_𝑡 ≤ ⁡𝑆𝑂𝐶_𝑚𝑎𝑥 <= ⁡𝑃_𝑔𝑟𝑖𝑑, 𝑡^𝑏𝑢𝑦 <= ⁡𝑃_𝑔𝑟𝑖𝑑, 𝑏𝑢𝑦^𝑚𝑎𝑥          
(13) 

𝟎⁡ ≤ ⁡𝑷_𝒈𝒓𝒊𝒅, 𝒕^𝒔𝒆𝒍𝒍 ≤ ⁡𝑷_𝒈𝒓𝒊𝒅, 𝒔𝒆𝒍𝒍^𝒎𝒂𝒙 

𝑻𝒂𝒃𝒍𝒆 3.2: Variable definitions used in the mathematical formulation. 

Symbol Definition Unit 

P_RES,t Renewable generation from solar and wind at time t MW 

P_gen,t Conventional generation at time t MW 

P_batt,t^char Battery charging power at time t MW 

P_batt,t^dis Battery discharging power at time t MW 

P_grid,t^buy Power purchased from the utility grid MW 

P_grid,t^sell Power sold to the utility grid MW 

P_load,t Load demand at time t MW 

C_grid,t^buy Grid purchase price $/MWh 

C_grid,t^sell Grid selling price $/MWh 

C_gen,t Conventional generation cost $/MWh 

C_batt,t^deg Battery degradation cost USD 

SOC_t Battery state of charge at time t % or per unit 

eta_char Battery charging efficiency per unit 

eta_dis Battery discharging efficiency per unit 

Delta_t Time step duration hours 

3.8.5 Optimization Algorithms 

The optimization issue that a proposed AI-EMS solves could be formulated and solved using 

different methods of calculations, which is dependent on the complexity of the system and real-

time demands. Typical approaches to mathematical programming, such as Mixed Integer Linear 

Programming (MILP) can be effectively used with energy management systems since they can 

provide an accurate mathematical modeling of constrained optimization problems [21]. All 

operational constraints such as power balance, generation limits and storage boundaries can be 

strictly followed with the use of MILP and it can be applied in the deterministic scheduling 
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environment. The large portion of uncertainty and stochastic behavior, however, predominant in 

the modern smart microgrids, exists because of high renewable penetrations. In such cases, 

decision making approaches based on artificial intelligence, namely Reinforcement Learning (RL) 

have been in the limelight. One efficient and stable RL algorithm that facilitates the learning of 

optimal control policies in dynamic and uncertain environments is Proximal Policy Optimization 

(PPO) [22]. These two methods are put forward in this thesis. MILP provides a strong 

mathematical framework of constrained optimization and PPO-based reinforcement learning (RL) 

provides the capability of learning to adaptation to evolving renewable generation and load 

demand. This combination of perspectives will not only result in a mathematically sound system, 

but one that is easy to work with in the uncertainties of the real world. 

3.8.6 Output of the Optimization module 

The output of the 3.8 module is part of this module. This module is composed of the output from 

the 3.8 module. The output of the optimization module is a time indexed and organized energy 

scheduling plan which decides how all energy resources in the microgrid should be optimally used 

in terms of energy consumption usage. This includes the use of renewable energy, the 

export/import, the storing and the dispatch of electricity (charging/discharging pattern), and 

conventional generation. The module not only time schedules the generation but also provides 

recommendations on the adjustment of the load in case of necessity to guarantee stability and 

economic convenience of the system. The schedule created is for each time period of the 

optimization period and takes into account economic and operational constraints of the system. 

All these optimized decisions can then be transferred to the Control Module that carries out the 

operation and tracks it in real time. This change of planning to execution ensures that the microgrid 

can operate in a coordinated and optimized manner, yet still flexible in the changes that it is 

making. 

3.8.7 Strengthen quantitative/statistical analysis 

  Solar R² = 0.948  

  Load R² = 0.941  

  PPO cost = $39,820  

  Renewable utilization = 79.2%  

  Grid dependency = 14.3%  

  Change of Adaptive Control Voltage = +/-2.1%  

  Frequency deviation = ±0.18 Hz  

 Response time = 4.2 s 

 

3.9 Control Module 

The last layer of the proposed AI-EMS system is the control module. It has to carry out the 

optimum frequency of scheduling choices on the fly and see to it that the material microgrid stays 

within risky and stable ranges. Control module is not identical to optimization module as it is 

related to the real world implementation and reaction to system variations. In an actual smart grid 

system, uncertainties are present in the renewable generation, loads and communications and 

therefore these differences between forecast and actual are unavoidable. Thus the control module 

is an integral part of the link between the theoretical optimization and real-operation. 
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3.9.1 Role and Integration with the Optimization module 

The optimal set points provided by the optimization module to the control modulerexist power 

dispatch values of batteries, renewables, conventional generators and grid exchange systems. 

These set points are the optimum operating point for the microgrid. The actual conditions however, 

may not match the expected conditions, hence the control system is continuously comparing and 

measuring the actual condition against the optimized reference condition. In case of observation 

deviations of the values desired, corrective control measures are given to minimize the deviation 

and stabilize the system again. Making such an integration possible means that one can do so in a 

closed-loop manner, as prediction, optimization and control are now integrated. 

3.9.2 Real-time System Monitoring and Data Acquisition 

checking of the system and prototracking of data. Real-time monitoring is one of the basic 

conditions in order to maintain the stable work of microgrid. The control m is continually 

accumulating information on all the sensors and measurement devices that are installed within the 

system. These monitored variables are voltage, frequency, active power, active current, reactive 

power, reactive current, battery state of charge (SOC), load demand, renewable generation output 

and switch/breaker status. These play a crucial role in detecting system disruptions, monitoring 

system performance and maintaining safety of the microgrid. The real time data produced will also 

make the system make quick decisions in case of sudden changes or issues due to the high-

resolution of the data. 

3.9.3 Adaptive Control Strategies 

Due to nonlinear and time-varying nature of renewable energy based microgrids, adaptive control 

strategies are employed. Adaptive controllers in contrast to fixed-parameter controllers vary in 

operation as a result of system parameter variations. This is particularly important with systems 

where the renewable is highly penetrated and therefore the supply of energy is at any rate erratic. 

The system can be dynamically controlled to improve its robustness to disturbances, its response 

time, and its stability, as the control parameters are adjusted [23]. 

3.9.4 Frequency and Voltage Regulation 

Basic frequencies and voltages stability is a critical operation condition of a power system. When 

any of these parameters is not within these they may result into issues of power quality and 

instability of the system. Control modulerates frequency and voltage by adjusting rates of battery 

discharge, by turning power exchange with the grid, controlling renewable curtailment and 

controlling controllable loads. This is done to ensure that the power supply and demand are always 

maintained at equilibrium at all times hence stabilizing and guaranteeing power system stability 

and reliability. 

3.9.5 Power Flow Management and Congestion Mitigation 

The flow of power can be managed to allow electrical equipment such as feeders, transformers 

and inverters to operate within their operational range. They can make the system inefficient and 

failure prone in case of overloading. The control module's real-time monitoring and optimized 

scheduling data ensure that the network doesn't get congested. The system maintains the power 

flowing efficiently and safely even when the power is demanded high by reallocating the power 

flows as well as alternating the sources of the generation.  
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3.9.6 Feedback Loop and Actuation 

Students will explore how a feedback loop works and how this is related to actuation. The closed 

loop feedback control system is one of the key elements of the proposed AI-EMS. It is the 

configuration in which real time measurements are matched up with the values of prediction and 

optimization and such that the system is able to dynamically correct its behavior. The various 

components such as inverters, battery energy storage system, distributed generators, load 

controllers and circuit breakers in the micro grid are actuated by these commands. This allows the 

system to react in a timely manner to fluctuations in operating conditions, and to maintain the 

desired performance level. Fault Detection, Isolation, and Restoration (FDIR) principle. 

3.9.7 Fault Detection, Isolation, and Restoration (FDIR) 

The control framework consists of Fault Detection, Isolation, and Restoration (FDIR) processes to 

enhance the reliability and resiliency of the system. It pays a very close attention to the parameters 

of electricity and notifies about anomalous circumstances such as a change in voltage, the 

frequency, or an abnormal power flow. In case the fault is identified, the system will isolate the 

part of the network way of preventing cascading faults. Isolation is followed by the restoration 

processes to bring back power in areas unaffected by the initial impact so that power can be 

restored. This will greatly improve the fault performance of the microgrid. 

3.9.8 Cybersecurity Considerations 

With the increased occurrence of AI-driven energy management systems, these systems are being 

exposed to heavy dependence on communications among the sensors, controllers and actuators; 

hence, cybersecurity has emerged as a very sensitive issue in such systems. Each of the 

vulnerabilities in the communication system can lead to the manipulation of the data, malfunction 

of measurements or control activities. That is why it is important to introduce protection 

communication procedures, authentication services and data validation to combat such risks. 

Maintaining data integrity and privacy is crucial for the proper functioning of AI-EMS and for 

avoiding any malicious manipulation of the data affecting the functionality of the system [24]. 

3.10 Evaluation Metrics 

The effectiveness of the proposed AI-based energy management system is measured with a set of 

metrics that address all the aspects of forecasting, optimization efficiency, and control stability. In 

this multi-level evaluation approach the elements in a system are tested individually and also as a 

system-unit. The consistency of forecasting can be evaluated using the Mean Absolute Error 

(MAE), the root mean squared error (RMSE) and Coefficient of Determination (R 2 ) that represent 

the precision of the forecasts as well as the stability of the model. The criteria applied in optimizing 

performance is; operational cost minimization, renewable energy use, dependency on the grid 

reduction, as well as power loss reduction. The control performance is evaluated by the voltage 

deviation, frequency deviation, the response time and index of stability of the system. All these 

metrics came up are a complete validation system of the effectiveness of the proposed AI-EMS to 

enhance the energy efficiency as shown in Table. Operations sustainability, reliability and smart 

microgrids, 3.3. 

 

 

 



 

48 
 

3.10.1 Mean Absolute Error (MAE)   

  Mean Absolute Error (MAE) measures the average absolute difference between the actual values 

and the predicted values. It provides a direct indication of the average forecasting error without 

considering the direction of the error. A lower MAE indicates that the predicted values are closer 

to the actual observations and therefore represent better forecasting accuracy. In this study, MAE 

is used to evaluate the accuracy of the LSTM-XGBoost forecasting model for renewable-energy 

generation and load demand.                                                                                                                        

                               𝑀𝐴𝐸⁡ = ⁡ (1/𝑛)𝑠𝑢𝑚(𝑖 = 1⁡𝑡𝑜⁡𝑛)|𝑦_𝑖 − ⁡𝑦_(ℎ𝑎𝑡_𝑖⁡)⁡|                                       
(8) 

 

3.10.2 Root Mean Squared Error (RMSE)   

Root Mean Squared Error (RMSE) measures the square root of the average squared differences 

between the actual and predicted values. Unlike MAE, RMSE gives greater importance to larger 

forecasting errors because the errors are squared before averaging. Therefore, it is useful for 

identifying whether the forecasting model produces relatively large prediction errors. A lower 

RMSE indicates better forecasting performance.                                                                              

                                                                                                                                                           

                             𝑅𝑀𝑆𝐸⁡ = ⁡𝑠𝑞𝑟𝑡[(1/𝑛)𝑠𝑢𝑚(𝑖 = 1⁡𝑡𝑜⁡𝑛)⁡(𝑦_𝑖 − ⁡𝑦_(ℎ𝑎𝑡_𝑖⁡)⁡)^2⁡]                          
(9) 

 

3.10.3 Coefficient of Determination (R-squared, R^2) 

The Coefficient of Determination, represented by (R^2), measures how well the predicted values 

explain the variation in the actual observations. It provides an indication of the overall goodness 

of fit of the forecasting model. A higher (R^2) value indicates that the model explains a greater 

proportion of the variation in the observed data. In general, a value closer to 1 indicates better 

agreement between the predicted and actual values. 

                                                                                                                                                         

 

            𝑅^2 = ⁡1⁡–⁡[(𝑠𝑢𝑚(𝑖 = 1⁡𝑡𝑜⁡𝑛)⁡(𝑦_𝑖 − ⁡𝑦_(ℎ𝑎𝑡_𝑖⁡)⁡)^2)/⁡𝑠𝑢𝑚(𝑖 = 1⁡𝑡𝑜⁡𝑛)⁡(𝑦_𝑖 −
⁡𝑦_𝑏𝑎𝑟⁡)^2⁡]                   (10) 
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3.10.4 Summary of Evaluation Metrics 

Table. 3.3: Table of Evaluation Metrics. 

Metric Purpose Ideal value 

MAE Measures average absolute 

prediction error 

Closer to 0 

RMSE Penalizes large forecasting errors Closer to 0 

R^2 Measures explained variance of 

the model 

Closer to 1 

Operational cost Measures economic performance 

of the schedule 

Lower cost 

Renewable utilization Measures percentage of 

renewable energy used 

Higher percentage 

Voltage/frequency 

deviation 

Measures control stability Lower deviation 

 

 

Fig. 3.1 The overall architecture and working flow of the proposed Artificial Intelligence Based 

Energy Management System (AI-EMS) for Smart Micro Grid Applications shown in Fig. 2.1. It 

brings together renewable energy, smart forecasting, optimization and real-time control in a single 

platform to enable efficient and reliable energy management. On the left side of the figure, various 

DERs such as wind and solar energy sources, and battery storage are illustrated. These elements 

have sensors built-in that can capture real-time data about energy production, storage levels, and 

system conditions, all while connected to the Internet of Things (IoT). This data is mixed with the 

historical data that is available in the Open Power System Data (OPSD) data set, which is the main 

data set used to train and validate predictive models. The data gathered is then treated in the micro 

grid environment, sequentially going through three functional modules. The first module is the 

prediction module, which is based on a hybrid machine learning approach using Long Short-Term 

Memory (LSTM) networks and XGBoost algorithms It distributes power between renewables, 

batteries, traditional generators and grid interaction, minimizes system operating cost and meets 

system constraints. This module helps to use resources efficiently and promotes sustainable energy 

use. The control Module is the third module which applies the optimized decisions in real time. It 
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constantly checks system parameters like voltage, frequency, load demand and battery state-of-

charge and takes corrective measures if any deviations are noticed. This allows the microgrid to 

operate in a stable and adaptive way in dynamic conditions. The figure on the right shows the 

microgrid providing electricity to healthcare facilities, factories, residential houses, and smart city 

infrastructure. Also, the system interacts with the energy grid for energy import/export, as required. 

The system also includes a feedback mechanism that enables the operational data to be fed back 

into the prediction and optimization algorithms in real-time. This helps to increase the learning 

ability of the systems and increases the accuracy of the system decisions about future. In summary, 

the architecture illustrates the capabilities of data-driven intelligence, optimization methods, and 

adaptive control in ensuring efficient, reliable, and sustainable operation of a microgrid. 

3.11 Conclusion 

This chapter has outlined a very elaborate and enhanced approach toward the proposed Artificial 

Intelligence Based Energy Management System (AI-EMS), which can be used in smart micro-

grids. The methodology explains a process that is end in end which encompasses the acquisition 

of data, pre processing of the data, predictive modeling, optimization and real time control in one 

system architecture. It describes how the Open Power System Data (OPSD) will be collected, 

processed and transformed into other things that are relevant to be used in training advanced 

machine learning models that will predict energy, especially. Additionally, the chapter describes 

in a systematic manner the entire AI- EMS workflow, which is made out of 3 closely 

interconnected modules: Prediction Module, optimization module and control module. The 

Prediction Module assists in reducing uncertainty, the optimization module helps make a decision 

on the optimal scheduling considering the operational constraints and the control module helps 

establish that the system remains stable and efficient and that the scheduling is performed to the 

real time. Besides, all the advances suggested in the remarks of the reviews have been absorbed in 

the thesis as it is. A dataset description table is available to bring about the much-needed clarity in 

the description of the OPSD dataset. Section 3.5 contains a workflow block diagram where it is 

shown how the system architecture and data flow. In addition to this, a complete mathematical 

model has been written in Section 3.8, containing the objective function, constraints at the power 

balance (including power generation limits), constraints at the renewable power limiting (power 

generation), constraints at the conventional power limiting (power generation), state-of-charge 

dynamics, and constraints at the grid exchange, and complete definitions of the variables. Overall, 

the suggested methodology will give the AI-EMS framework a great scholarly and technical 

foundation that adequately combines the data-driven prediction, mathematical modeling, and 

adaptive control approaches to support the organizational or national level. With the help of this 

holistic approach, the system will be able to promote energy efficiency, enhance the utilization of 

renewable energy, reduce operating costs, make smart microgrid operation stable and reliable. The 

elaborated methodology is thus compatible with the existing studies in intelligent energy 

management, and it presents good preconditions to the implementation and testing mentioned in 

the subsequent chapters. 
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   Chapter 4 

 

   Implementation 

 

4.1 Introduction  

In this chapter, the proposed Artificial Intelligence Based Energy Management System (AI- EMS) 

of smart microgrid is applied. Implementation incorporates the actualization into reality of the 

planned methodology into a real-time system, which consists of data processing, predictive 

modeling, optimization and controls in an integrated system. This implementation will develop a 

system that is efficient, manages well, and controls the use of energy, improves the accuracy of 

energy forecasts, and optimizes resources utilization in the microgrid setting, all at a functional 

and efficient stage. Runs on Python environment with the latest machine learning, deep learning 

libraries with data analysis. Predictive model is created with, e.g., Tensor Flow, Koras, Sickie-

learn and XGBoost and optimization algorithms are done with corresponding numerical and AI-

based methods. This application resembles the state-of-the-art AI-based microgrid applications 

that use data-centric and computation efficient applications [23]. Data collection and pre-

processing is the first stage of the implementation]. Optimal allocation of energy resources is then 

carried out after making the right predictions using the optimization module. The AI optimization 

techniques that are used in this module include reinforcement learning and heuristic techniques 

that are used to optimize the timing of energy generation, storage and grid interaction. The 

optimization algorithm takes into account certain constraints which include generation limits, 

battery capacity, state of charge (SOC) constraints and load constraints. RL-based approaches have 

been shown to be effective to obtain optimal decision-making in a dynamic microgrid 

environment. This is followed by the implementation of control module to get the real time 

operation and stability of the system. This module continuously provides an overview of the 

conditions in the system and alters the energy flows that are set in the system to the output of the 

prediction and optimization modules. To maintain the balance of power and avoid overloading the 

systems and also to take advantage of the resources available, the real time control strategies are 

applied. With the help of AI-based control mechanisms, the system's responsiveness and 

adaptability to changing operating conditions are greatly improved [27]. Finally but not least, it is 

all packaged into one complete system with all modules communicating to one another in a 

seamless manner. The optimization module produces control decisions that provide the prediction 

module with its input and control decisions are implemented using the control module. This 

combined architecture assists in harmonizing effective forecasting, optimization, and control in 

real time. Implementation of hybrid AI based has been observed as more efficient in terms of 

energy efficiency, cost reduction, and reliability of the system in smart microgrids [28]. 

4.1.1 Software and Hardware Environment 

In 4.1.1 the software and hardware surround is described.In 4.1.1 the software and hardware 

environment has been described. The introduction of the proposed Artificial Intelligence Based 

Energy Management System (AI-EMS) required a thorough choice of software and hardware 

which would allow to process high volume of time series data, train deep learning model, optimize 

the system and run the system in real-time. In this research, the software stack and hardware 
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resources used are described and the suitability of these to develop a robust and scalable AI-EMS 

[23, 24] is highlighted. It was decided to use Python (version 3.10) as the core programming 

language due to its application in scientific computer applications and research in the area of 

artificial intelligence, AI. It was convenient to write on, there were plenty of libraries to play with 

and there was a strong community that supported the accelerated development, effective 

debugging and high reproducibility of academic research with complex optimization and machine 

learning systems. The software infrastructure was created to support all the parts of the project 

such as data preprocessing and feature engineering, model training, integration of the system and 

performance testing. Some specialized libraries and frameworks were launched in order to cover 

the requirements of every module. The Prediction Module was created mainly with the help of 

Tensor Flow and Keras to construct and train Long Short-Term Memory (LSTM) networks and 

predict renewables generation in particular. Keras is a high-level library over TensorFlow that 

made it possible to quickly prototype and experiment with neural network architectures and allow 

efficient computer acceleration on a single GPU. In case of the Load demand forecasting sub-

module, XGBoost was utilized since it has been discovered to be the most suitable model to work 

with structured tabular data, is fast to run as well as offers in-built regularization. NumPy and 

Pandas were used to develop data processing pipeline, and they offered effective methods of 

numerical calculations, data manipulation, time-series analysis. Additionally, data scaling and 

feature selection, as well as the analysis of models in the Optimization module, were performed 

with the use of Scikit-learn whereas the formulation and solution of Mixed-Integer Linear 

Programming (MILP) problems were carried out with PuLP and OR-Tools. Stable-Baselines3 was 

introduced to enable it to use Proximal Policy Optimization (PPO) in reinforcement learning based 

optimization techniques. Regarding the hardware environment, the training of deep learning 

models and hyperparameter optimization and long-term system simulations needed to be run with 

high computational power. The development and training of the models was performed primarily 

on Google Collaborator Pro (the cloud computing platform of Google, which has access to the 

high-end NVIDIA GRPs, T4, V100 and TPs). Efficiently training LSTM networks on large 

datasets of time-series OPSD allowed the rapid development of the model with the help of this 

cloud platform, as well as testing various model configurations. Final system integration, testing 

real-time simulation and offline validation were performed on a dedicated local workstation with 

the next specifications: an NVIDIA RTX 3060 GPU (6 GB VRAM), an Intel Core i7 processor, 

and 32 GB RAM. The hybrid model with high-performance computing on the cloud and local 

computers like that was optimal with regard to accessibility, the speed of computation, cost and 

flexibility of the experimentation. The Jupiter notebooks recorded all the experiments and the 

random seeds and libraries were fixed in such a way that they can be reproducible. Effective model 

training, model performance checking and the integration of the three core modules of the AI-EMS 

was largely dependent on the powerful software tools along with sufficient hardware resources. 

This well configured environment not only allowed for the development of the technical aspects 

of the research, it also enabled iterative development of the proposed system and abundant testing 

of the system in different operating scenarios. The data needed for a data set is integrated and 

prepared in accordance with the requirements for the data set. 

4.1.2 Dataset Integration and Preparation 

Open Power System Data (OPSD) hourly time-series was the main real world data source used for 

implementing and testing the proposed Artificial Intelligence Based Energy Management System 

(AI-EMS). This is an open dataset and consists of multi-year high-resolution energy data on 

electricity load, solar generation, and wind generation (onshore and offshore), information on day-

ahead electricity prices, and installed capacity of electricity of several countries in Europe [19, 20]. 

It is also highly real-time variability, temporally deep and possesses a broad range of renewable 

energy sources and can thus be modeled and tested through real-life operating conditions of a smart 

microgrid. Implementation: A thorough and methodical data preparation pipeline was carried out, 

so that data quality and suitability is guaranteed in front of machine learning and deep learning 
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models. The process of data loading was performed with the help of the Pandas and exploratory 

analysis was performed to have an understanding of the data structure, statistical features, and 

distributions the variables. Cleaning of the data was done to mitigate typical energy data issues of 

the real world like missing data and outliers. The missing data in the entries were filled with the 

linear interpolation and forward filling techniques and outliers were detected and identified with 

the Interquartile Range (IQR) and Z-Score techniques and suitable remedy taken to avoid skewing 

the result should the model be trained. The performance of the models was significantly improved 

by feature engineering. New variables were created including temporal variables (hour of the day, 

day of the week, month of the year and season), lag variables (observation of the recent 1-24 hours) 

and rolling window statistics (that is, moving averages and standard deviations) and interaction 

variables between meteorological and temporal variables. It is these specifically formulated 

capabilities that allowed the short term fluctuation and long term seasonal trend in energy 

generation and consumption to be resolved. This was followed by normalization and 

standardization to make sure that all the features are in an identical range between LSTM models 

and StandardScaler to XGBoost models to ensure that models converge toward each other. Lastly, 

the data was separated into training (70 percent), validation (15 percent) and test sets (15 percent) 

according to the chronological order to avoid any data leakage. These datasets were readied and 

meticulously combined so that the models deployed were trained on a high quality and 

representative data that led to the high forecasting performance and reliability of the AI-EMS. 

4.1.3 Systematic Implementation Process 

The Artificial Intelligence Based Energy Management System (AI-EMS) has undergone a 

structured, modular and iterative development approach. Systematic methodology was aimed at to 

attain reliability, convenience in debugging and a smooth application of the three fundamental 

modules prediction, optimization and control, but in a manner flexible enough to allow additional 

developments [25, 26]. There was a four-stage development process. First stage (Individual 

Modular Development) individual modules were developed separately, and tested. The Prediction 

Module (LSTM and XGBoost) has been designed and tested to predict the accuracy of the 

predictions. The creation of Optimization module was done in both mathematical programming 

(MILP) and reinforcement learning (PPO). The control modulewas implemented with adaptive 

control strategies. This separated development was able to optimize and specifically test each 

component. The second stage was Inter-Module Integration in which the individually developed 

modules were systemically put together. Forecasts of the Prediction Module were input to the 

Optimization module. Optimization module goals yielded the best schedules and set points that 

were forwarded over to the control module to be executed in real time. Also a closed loop feedback 

mechanism was included so that performance information will be fed back in real time to the 

Prediction and Optimization modules to constantly learn and adjust. The third phase was called 

System-Level Testing and Validation. The AI-EMS has been fully integrated and known to operate 

under various realistic situations and microgrid conditions, e.g., normal operation, high renewable 

penetration, sudden decrease in the renewable generation due to cloud cover, peak load, and system 

disturbances. To have a complete picture on how the system behaves and remains stable both short 

term (day) and the long term (annual) simulation were carried out. This was followed by the last 

stage, Performance Evaluation which entailed the overall evaluation of the system using the 

evaluation metrics used in Chapter 3. Forecasting performance was characterized by MAE, RMSE 

and R 2, whereas the performance of optimization and control was tested by reducing costs, using 

renewables, power loss, volt frequency deviation and response time. A comparative study was also 

made with the traditional rule-based systems. The process of implementation was well organized 

and systematic, making it sound and robust both in terms of theory and practice, and at the same 

time, it was scalable and ready to be used in further real world application. The modular structure 

can be easily upgraded and maintained in the future, as well. 
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4.2 Software Implementation Environment: Google Collaborator and Python 

The development of the suggested Artificial Intelligence Based Energy Management System (AI-

EMS) was primarily conducted within the framework of modern and cloud based software on the 

base of Google Collaborator and Python programming language. This combination was chosen to 

suit the computational demands of training deep learning models, of scaling, processing large 

amounts of data, optimization problems, and system-level simulation and the requirements of 

systems simulation reproducibility and development efficiency [23], [24]. The software 

environment focused on supporting the data preprocessing, feature engineering, model training, 

integration with a module, performance evaluation and visualization of model results throughout 

the software development lifecycle. Python is a versatile programming language, but the fact that 

it has so many scientific libraries and is used in artificial intelligence and research areas including 

energy systems made it the programming language of choice. The main development environment 

was Google Collaborator, which has powerful computing abilities, and sharing collaborative 

notebook interface that came in handy to make iterative experiments. 

4.2.1 Google Collaborator as the Development Platform 

Google Collaborator (Colab) was chosen as the primary system to develop as it has several 

essential advantages to academic research based on computationally-heavy AI models. The 

greatest opportunity was that it provided high-performance computing resources, including both 

NVIDIA GPUs (including T4 and V100) and NVIDIA Tensor Processing Units (TPU). Such 

resources contributed to the assistance in training a Long Short-Term Memory (LSTM) network 

given huge amounts of hourly time-series data of OPSD. Without the support of GPU/TPU, the 

training of deep learning models would have been an extremely sluggish process with regular 

CPUs. In addition, the Jupiter notebook environment, which runs on the cloud at Colab, offered 

the ability to access the notebooks in question with ease over any device with internet connectivity 

and without the need to install a complex set of software and manage the environment. This 

enabled straightforward and effective workflow when conducting research. The platform also pre-

installed many useful libraries in machine learning and data science to save time on heavily 

resources-containing setup and have the team create models and start experimenting right away. 

In addition, its connection with Google Drive provided a secure storage of extensive data sets, 

trained model checkpoints, experiment results, and figures, thereby ensuring the continuity and 

control of data. In summary, Google Collaborator helped greatly in increasing productivity through 

the support of rapid prototyping, comprehensive hyperparameters tuning and collaborative 

documentation of the entire implementation process. 

 

 

4.2.2 Python as the Core Programming Language 

All AI-EMS implementation was developed based on Python (version 3.x). Many people in the 

scientific community and the machine learning community widely used it, and had a very large 

ecosystem of libraries, which made it an ideal choice in this research. Some of the main benefits 

of using Python in this case were: 

Readability and Ease of Use: Python has an intuitive syntax and abstraction which contributed to 

acceleration in the rapid prototyping and development of more complex algorithms and reduce the 

brain load on the researcher. 

The different elements of the AI-EMS depended on the presence of specialized libraries so, it had 

a lot to do with Large Library Ecosystem. 
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The LSTM models for renewable energy forecasting were developed, trained and tested using a 

number of open-source machine learning libraries such as Tensor Flow and Keras. The API of 

Keras allowed one to create sequential and functional models quickly and the use of Tensor flow 

permitted them to access the functionality of underlining computation graph and use of GPU 

acceleration. 

XGBoost: The XGBoost is a computer programming language in Python which was employed in 

modeling the load demand. Python-based packages Python interface to optimized C++ backends 

offered good performance and scale and were apt to support large tabular data sets. 

Due to its simplicity and portability (lightweight code, simple syntax, small footprint), NumPy 

was used as a fundamental library to manipulate large volumes of numerical data, or execute a 

mathematical calculation, and manipulate arrays, which occurred in much of numeric program 

design, often in data preprocessing, and feature design, in the numerical computing world. 

Pandas: Data cleaning, transformation, and analysis of the OPSD dataset time-series data could 

not happen without powerful and flexible data structures, like Data Frames. The data was highly 

heterogeneous as well and the capabilities of the data simplified the process of manipulating and 

formating the data required by the predictive models to a great extent. 

Man-made: The library was extremely extensive and offered a full range of data preprocessing 

(scaling, imputation), model selection (cross-validation), and model evaluating (MAE, RMSE, R 

2 ) tools that was essential in assessing the work of the Prediction Module. 

4.2.3 Cloud-Based Execution and Experimentation 

In the case of Optimization module, the problems in the Mixed-Integer Linear Programming 

(MILP) were written in optimization-modeling languages of PuLP (Python). They are very simple 

to formulate optimization problems in natural, algebraic syntax in Python, and can be solved 

through a range of open source and/or commercial solvers, and accessed through the puLP 

interface (including CBC, Gurobi, CPLEX). 

Under 4.2.3 Cloud-Based Execution and Experimentation, the following have been added: 

Google Collaborator was embedded with Python thus, it is a highly flexible, efficient and powerful 

framework to conduct a comprehensive experiment. The cloud deployment enabled quick 

experimentation across a variety of model structures, feature selections, and hyperparameter 

settings, and with limited computational limits. Training times of LSTM models were significantly 

shortened and large scale RL experiments using Proximal Policy Optimization (PPO) enabled, 

thanks to the availability of GPU and TPU resources. The interactive capabilities of Colab 

notebooks allowed real time impression of the code, immediate access to the training curves and 

performance analysis, and a fast comparison of the different experimental set ups. All of the 

experiments have been systematically recorded to allow full replication of results including fixed 

random seeds, comments and version information. The cloud-based solution also made possible 

efficient long-term simulations (e.g., annual performance evaluation) and thorough sensitivity 

studies under various conditions of operation of the microgrid. Generally, integration of Google 

Collaborator with Python provided the computational power, flexibility, and expansive library 

support that was necessary to effectively implement, integrate, as well as evaluate the advanced 

AI-EMS. This context played a vital role in the achievement of consistent, repeatable, and good 

research results. 

4.3 Python Libraries for AI-EMS Implementation 

The Artificial Intelligence-Based Energy Management System (AI-EMS) development and 

realization heavily depended on the choice of the appropriate set of Python libraries. The libraries 

were selected based on their particular expertise in dealing with large-scale time-series data, large-

scale advanced machine learning and deep learning model building and training, solving complex 

optimization problems and system performance evaluation. With the help of the Python ecosystem, 
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which has a reputation of versatility, long support of scientific computing applications and broad 

support of the community [23, 24], the research was put on a strong and effective platform. This 

part presents the libraries used in the most important way and explains in details the contribution 

to the different modules of the AI-EMS that are made by each of these libraries. All these libraries 

enabled an easy flow of data processing and final system evaluation, within a single programming 

environment. This combined method was not only efficient in stimulating development but also 

added to maintainability and reproducibility of the code which is an important aspect of the sphere 

of academic research and development with respect to AI applications in energy systems. 

4.3.1 Tensor Flow and Keras: Deep Learning Framework for Prediction 

The student will be enabled to use deep learning framework 4.3.1 Tensor flow and Keras The 

Prediction Module was introduced with the help of Tensor flow, and its high-level API Keras. The 

Tensor Flow project is an open source machine learning project, which gave us the necessary 

infrastructure of computation graphs, automatic differentiation and efficient numerical 

computation needed to train complex neural networks. Capability of utilizing Graphics Processing 

Units (GPUs) and Tensor Processing Unit (TPUs) contributed to enhance training of Long Short-

Memory (LSTM) networks on the OPSD data, which consists of large size, high spectroscopy, and 

hourly time-series data. The hardware acceleration significantly reduced the amount of training 

time and allowed testing a large variety of model architectures and hyperparameters [25]. Keras 

was a very intuitive, modular and easy to use interface that was seamlessly integrated with Tensor 

flow and made the overall model development process incredibly easy. It enabled rapid 

prototyping and testing of dissimilar neural networks, through its sequential and operational APIs. 

In this study, Keras has allowed the creation of multi-layered LSTM networks efficiently, i.e., 

define the input layers, multiple LSTM hidden layers with appropriate number of units, dropout 

regularization to prevent overfitting and define dense output layers to be used in forecasting. In 

addition, functions such as model compilation (using optimizers such as Adam and loss functions 

such as Mean Squared Error) became easier, model training (with versatile batch processing and 

epoch control) and model saving and loading to train and compile more complex models became 

easier, and model analysis (including custom clustering and semantic meaning projection) became 

possible. This combination of Tensor and Keras equipped the renewable energy generating 

predictor module with state-of-the-art deep learning models. It particularly applied in the capability 

to model the complex, multifarious and temporal dynamics, seasonal variations and long-term 

trends in solar and wind production statistics that is challenging to represent through traditional 

statistical or shallow machine learning models. 

 

4.3.2 XGBoost: Gradient Boosting Framework for Prediction 

Here we will study the Gradient Boosting Framework of Prediction referred to as 4.3.2 XGBoost. 

The load demand forecasting module of the AI-EMS has been chosen to use the XGBoost 

(eXtreme Gradient Boosting) algorithm as the main forecasting algorithm. XGBoost as a 

distributed gradient boosting library optimized, is famous due to its fantastic speed, scalability, 

and prediction capability on tabular data particularly in a structured form. It incorporates the 

Gradient Boosting Decision Tree (GBDT) technique that implies that a number of weak learners 

(decision trees) is trained sequentially to create an effective prediction model. All the new trees 

pull in the mistakes that the predecessor trees had in the preceding trees which leads to high 

precision predictions [26]. XGBoost in this case was quite appropriate to load demand forecasting 

problem due to a number of reasons.XGBoost is more appropriate to the problem of load demand 

forecasting in this study due to several reasons. As C++-optimized and executable in parallel, it 

was made possible to train it in just a relatively short time even with massive loads of historical 
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data, many years of load time-series data. High predictive performance has been regularly enabled 

by the library and has been able to achieve a good fit to complex non-linear relationships and high 

order interactions between features, including historical load patterns, temporal variables (hour of 

day and holidays) and rolling statistics and meteorological variables. In addition, XGBoost comes 

with built-in L1 and L2 regularization that helps to avoid overfitting and enhance the model 

generalization. Another advantage is the fact that it has a natively supported feature significance 

analysis that enabled one to develop an idea of the factors that have the most profound effect on 

the trend of electricity consumption. The Prediction Module was developed based on a hybrid 

model, which is a combination of the LSTM model and the XGBoostModel, so it will be a balanced 

approach. It has been observed that LSTM is effective to model the temporal dependencies of the 

sequential data in the renewable generation forecasting and XGBoost is effective to model the 

structured features interplay in the load demand prediction. This strategic combination resulted in 

more solid and reliable overall forecast performance which was an excellent base of the 

optimization module. 

4.3.3 NumPy and Pandas: Data Manipulation and Numerical Operations 

Manipulate data with NumPy and Pandas and do numerical operations. Work with NumPy and 

Pandas to work with data and perform numerical operations. The NumPy or Pandas based libraries 

were used as the building blocks of the AI-EMS; all the data-related operations were conducted 

using them. These libraries have played a central role since the initial phases of the data collection 

and data exploration up to the final stages of preprocessing, feature engineering, and preparing 

data to be fed into the LSTM and XGBoost models. They have now worked out very efficient and 

flexible tools that were required to cope with the huge, heterogeneous and time-series Open Power 

System Data (OPSD) data set [24]. NumPy (Numerical Python) offered high performance support 

for numerical computing by its central object called ndarray. These enabled fast and memory-

efficient computation on large multi-dimensional arrays that are needed when operating in time-

series, mathematical operations and also when performing operations on vectors in machine 

learning pipelines. A rich set of mathematical operations that NumPy includes in the linear algebra, 

statistical analysis, and random number generating areas also facilitated other data manipulation 

and preprocessing operations. Pandas offered an easy-to-use and powerful data format, such as 

Data Frames and Series, on top of NumPy. The structures played an essential role in the 

organization, cleaning and analysis of the multi variable time-series data of the OPSD dataset. 

Pandas conformed to the successful manipulation of the data of different data kinds, incomplete 

values as well as data in the time indexed format. The powerful features of the data cleaning (fillna, 

dropna, etc.), filtering, merging, grouping, and reshaping of data streamlines the data 

preprocessing. Pandas also provided time series-specific tools like resampling, shifting, and rolling 

window tools that played a significant role in the feature engineering process of generating lagged 

variables, moving averages and rolling statistics. In the AI-EMS, NumPy and Pandas constituted 

the whole data pipeline. 

4.3.4 Scikit-learn: Machine Learning Utilities and Evaluation 

An introductory practical with scikit-learn, machine learning tools and assessments.Hands on 

introduction to scikit-learn: machine learning utilities and evaluation. The Scikit-learn library 

proved to be a complete and powerful machine learning toolbox, playing a crucial role in various 

phases of the AI-EMS development, especially in data preprocessing, model selection, and 

performance assessment. One of the most widely used classical machine learning libraries was 

scikit-learn, and offered a clean and well documented efficient interface to the deep learning 

models of Tensor Flow / Keras and the gradient boosting models of XGBoost [24, 27]. It was 

indeed helpful in making the data preparation pipeline more standardized especially in terms of 

what it brings. Features input was massively pre-processed with scikit-learn modules such as min-
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maxscaler, standard-scaler etc on both LSTM input and XGBoost input. This was done to prevent 

giving some features more weight than others in a model because of various scales and units. Also, 

Scikit-learn provided instruments to divide the data into training and testing (train_test_split) 

sections, instruments to cross-validation strategies, and instruments to select features, which 

allowed guaranteeing the integrity of the time-series evaluation process and reducing the 

probability of data leaks. Additionally, Scikit-learn was in the focus of extensive model evaluation. 

This was to calculate important performance metrics like Mean Absolute Error (MAE), Root Mean 

Squared Error (RMSE) and Coefficient of Determination (R²), which allowed for the consistent 

and reliable evaluation of the Prediction Module. The library also facilitated the use of baseline 

models, specifically baseline persistence model, random forests model and regression model that 

formed significant benchmarks as well as compared the results of the suggested hybrid LSTM + 

XGBoost model. These standardized tools allowed a comparable method of data preparation and 

rigorously and transparent testing of the performance of the models used in the research. 

4.3.5 PuLP: Optimization Modeling for Resource Allocation 

The Optimization module used PuLP as the main Python modeling language to formulate and 

solve optimization problems. PuLP is a linear programming toolkit that can be freely downloaded 

and is open source. PuLP implements a high level, natural and object-oriented syntax, which 

resembles the mathematical form. This was quite competent to the time scheduling of energy 

problems, allocation of resources in the smart microgrid world [26], [28]. PuLP was significant in 

a number of important ways of optimization. It could be used to specify the objective function 

(primarily minimization of operational costs) and all operation constraints, including power 

balance, battery state-of-charge (SOC) limits, generation capacity limits, charging/discharging rate 

limits and also grid exchange limits in a readable form. The library had played a critical role in 

making defining decision variables (including continuous, integer and binary variables) easy 

which was necessary in representing key operational decision variables (including battery status 

on charging/discharging and grid import/export modes). Also PuLP was utilized as a generic 

interface to outside solvers. The open-source CBC (Coin-or Branch and Cut) solver was mainly 

adopted because of its availability and efficiency in solving Mixed-Integer Linear Programming 

(MILP) problems, as well as its easy-to-use interface. The microgrid energy management issue 

was successfully modeled into a solvable computational model through PuLP use. This allowed 

the Optimization module to optimally plan the operation of the plant to achieve the system 

reliability and renewable energy utilization requirements as well as to be cost-effective and 

accommodate the technical constraints. The use of PuLP greatly enhanced the transparency and 

maintainability of the optimization part of the AI-EMS. 

4.4 Conclusion 

The chapter has elaborated the execution of the proposed Artificial Intelligence Based Energy 

Management System (AI-EMS) on smart microgrid in terms of detail and completeness. Its 

efficacy in realizing the theoretical framework and approach exemplified in Chapter 3, therefore, 

made it usable as a system that was functional, integrated and operational. The AI-EMS has been 

designed in a modular and systematical manner, creating an independent system of three modules, 

prediction, optimization and control, which work in a closed-loop system to enable learning and 

adaptation [23, 25]. The prediction module was successfully applied to a hybrid approach 

involving the use of Long Short-Term Memory (LSTM) networks to make the forecast of a 

renewable power source and XGBoost to make a demand forecast of the load. The prediction 

module established successfully the hybrid approach with the Long Short-Term Memory (LSTM) 

networks to predict renewable energy production and the XGBoost to predict demand. These 

models were developed, trained, and evaluated using the open power system data (OPSD) hourly 

time-series data. The pre-processing of data, features engineering, and configuration of models 
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were all well thought-out so that the forecasting accuracy and robustness are high. Based on these 

predictions, the optimization module was implemented using mathematical programming methods 

(MILP using PuLP) and using reinforcement learning methods (PPO) to allow the use of intelligent 

energy scheduling, battery management and resource allocation all while respecting a number of 

operational constraints. Lastly, the adaptive control strategies were incorporated into the control 

module to make optimal decisions in real time, keep the system stable, and effectively deal with 

moving conditions and disturbances. All the system has been written in Python with a wide range 

of libraries such as Tensor Flow/Keras, XGBoost, NumPy, Pandas, Scikit-learn, PuLP and Stable-

Baselines3. With a mix of GPU/TPUs of Google Collaborator and a high-performance local 

workstation, the system could model the system functionality in a scalable way and effectively 

train models. The ability to implement modularity with different modules developed individually, 

followed by inter-module inter-integration, testing of the system level and other performance 

testing made this process reliable and helped in easy co-ordinating of all the modules. The closed-

loop nature of the AI-EMS implemented is an important aspect. The feedback loop (a Control 

module to the Prediction and Optimization module) allows the system to improve on the actual 

performance and keep improving the forecasting prediction and decision-making quality. The 

proposed system can achieve an adaptive attribute unlike the traditional fixed energy management 

techniques particularly in microgrids with a lot of uncertainty and variability in renewable sources. 

To sum it up, the AI-EMS project has already been a tremendous success, demonstrating a great 

example of a strong, scalable, and intelligent method of energy management that shuns the pitfalls 

of traditional systems. The potential energy efficiency, reduced operating costs, increased use of 

renewable sources of energy and increased resilience and reliability of the modern smart micro 

grids are created by combined contribution of the sophisticated forecasting, optimal resource 

allocation and adaptive real-time control. In the next chapter (Chapter 5), the detailed results, 

performance analysis, comparison and discussion of the applied AI-EMS under various operating 

conditions will be discussed.  
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Chapter 5 

 

  Result  

 

5.1 Introduction 

This chapter provides the detailed results of the implementation of the proposed artificial 

intelligence-based energy management system (AI-EMS) to be applied to smart microgrid and its 

simulation. The technology discussed in Chapter 3 is further developed and the performance of 

the system is curbed on the three larger parts, prediction module, optimization module and control 

module. The ultimate goal of the chapter is to demonstrate that the artificial intelligence grounded 

approach performs better than the rule-based and traditional energy management systems 

regarding efficiency, accuracy and excellence [27]. Training and testing of prediction module was 

done using power system data set, known as open power system data (OPSD) and integrating long 

short-term memory (LSTM) networks and extreme gradient boosting (XGBoost) algorithms. This 

module delivers accurate short-term forecasts of solar photovoltaic (PV) generation, wind 

generation and dynamic load demand. With renewable energy sources such as solar and wind being 

predictable, forecasting becomes critical in the microgrids rich in renewable energy. The following 

common performance measures assess this module; they include RMSE, MAE, and R2 [28]. 

During the forecasting step, the most efficient decisions in terms of energy scheduling and resource 

distribution are generated with the help of the stable and robust reinforcement learning algorithm 

proximal policy optimization (PPO). The module takes the inputs of the last module, and provides 

an answer of how the generation units (battery storage and interaction with the grid) are optimally 

dispatched with operational constraints (SOC limits, generation capacity, power balance). The 

optimization decisions are implemented in the control module in a simulated real-time 

environment, with adaptive control strategies. It is tested on its capability to maintain the voltage 

and frequency levels within a given band, control the power flow and responds to abrupt deviations 

in generation or load [30]. Each of the modules has a closed loop feedback mechanism with 

learning being iterative and the system behaving to improve and adjust its performance in the next 

simulation episode. The Python environment in the case of deep learning models and the Xgboost 

and scikit-learn in the case of machine and reinforcement learning in the case of the stable-

baselines3 were used, respectively.All simulations were done using the Python environment, 

implemented using TensorFlow (deep learning), XGBoost (machine learning), as well as Scikit-

learn and Stable-Baselines3 (implementing reinforcement learning) [31]. A series of tests were 

performed to verify the resilience of the proposed AI-EMS, such as evaluations of various 

renewable penetration rates, varied load profiles, evaluating seasonality, as well as responding to 

any unforeseen occurrences like unexpected loads or clouds. The forecasting accuracy of the 

prediction module is discussed in Section 5.2, which includes a detailed comparison of the 

forecasting accuracy of the standalone LSTM, standalone XGBoost and their hybrid together in 

this chapter. In 5.3, the optimization module is tested with regards to performance. Section 5.4 

analyzes the real-time control performance and in Section 5.5, a comparative analysis with the 

conventional method is provided. In general, this chapter solidifies that LSTM-XGBoost 

prediction-adaptive control-execution system is highly intelligent, adaptive and efficient in 

managing the energy in the smart microgrids [32]. 
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5.2 Convergence Analysis of PPO 

The convergence behavior of the PPO agent was determined by observation of the reward that was 

acquired in training episodes. The reward is first not constant because the agent tries out various 

scheduling plans. The reward should level off with further training as the agent gets to learn a more 

consistent policy on energy management. The measure of convergence was the change in the 

average reward during consecutive episodes. The last policy was chosen when the training 

performance had stabilized to some extent. This analysis can be used to find out whether the PPO 

agent underwent enough training and whether the acquired policy was stable prior to testing. 

 

5.2 Results and Discussion 

5.2.1 Introduction 

This chapter provides results of the simulation and detailed performance analysis of the suggested 

energy management system (AI-EMS) based on artificial intelligence on smart microgrids. The 

system was wholly coupled based on the approach in Chapter 3 and strictly tested on the basis of 

the hourly (60-minute) Open Power System Data (OPSD) time-series data. It highlights the three 

basic components of prediction, optimization and control, at different realistic operating conditions 

as include high renewable energy installations, peak operating conditions and sudden disturbances. 

The overall objective of this chapter is to demonstrate the efficiency, reliability and excellence of 

the proposed method using AI compared to the traditional energy management systems and rule-

based approach [27, 28]. The findings are in a systematic manner of presentation and analysis. To 

assess the forecasting capabilities of the prediction module, first, conventional techniques are 

applied such as root mean square error (RMSE), mean absolute error (MAE) and the coefficient 

of determination (R 2 ). Then, the ability to make decisions of the optimization module is analyzed 

by different economic and technical metrics such as operational cost reduction, renewable energy 

utilization rate, power losses and dependency on the grid. Last but not least, the stability of the 

system is analyzed with voltage and frequency regulation, response time and stability index. There 

is also a detailed comparative analysis against the baseline and state-of-the-art practices, to 

highlight the advantages of the suggested AI-EMS. Besides confirming the technical viability of 

the developed system, this chapter also provides priceless information on the practical viability of 

the developed system on the context of a renewable integrated smart microgrid. 

5.2.2 Prediction Module Results 

The three types of prediction models developed were standalone XGBoost, standalone Long Short-

Term Memory (LSTM) networks and hybrid LSTM + XGBoost models. To make the evaluation 

unbiased, the models were trained on 70% of the OPSD dataset, and validated and tested on 15% 

each of the OPSD dataset. The forecasting was limited to 24 hours into the future, which is suitable 

in day-ahead energy scheduling and optimization of microgrids activities. The hybrid XGBoost + 

LSTM was the best model compared to the others in terms of forecasting. As shown in Table 5.1, 

the hybrid method had the best value of RMSE and MAE,0.105MW and 0.072MW respectively 

and the highest value of R 2, 0.948, when predicting solar generation. Similarly, wind generation, 

and load demand forecasting showed that the hybrid model did better in all cases compared with 

the individual models. Based on the findings, it is observable that the LSTM capability of 

sustaining the temporal relationship over the long-term and XGBoost capability of fitting intricate 

non-linear associations amid the features led to superior and precise predictions. The large values 

of R2 (more than 0.93) confirm that the hybrid model was able to explain more than 93 per cent 
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of variations in the test data, which is great in the context of hourly renewable energy and load 

forecasting in real-world data [25], [29]. 

Table 5.1: Forecasting Performance Comparison (Test Set) 

Model Target Variable RMSE MAE R² Score 

XGBoost Solar Generation 0.142 MW 0.098 MW 0.912 

LSTM Solar Generation 0.118 MW 0.081 MW 0.935 

Hybrid (LSTM+XGBoost) Solar Generation 0.105 MW 0.072 MW 0.948 

XGBoost Wind Generation 0.168 MW 0.115 MW 0.887 

LSTM Wind Generation 0.131 MW 0.089 MW 0.921 

Hybrid (LSTM+XGBoost) Wind Generation 0.119 MW 0.082 MW 0.936 

XGBoost Load demand 0.215 MW 0.147 MW 0.903 

LSTM Load demand 0.178 MW 0.124 MW 0.928 

Hybrid (LSTM+XGBoost) Load demand 0.156 MW 0.109 MW 0.941 

 Key Observations: 

 • The hybrid LSTM + XGBoost model showed the best results in that it demonstrated the 

lowest RMSE and MAE and the highest R2 in all three variables. 

 LSTM performed better than XGBoost in capturing temporal patterns, while XGBoost 

helped improve accuracy on structured features. 

 Based on the values of R2 above 0.93, the model accounts more than 93 percent of the 

variation in the test data, which is deemed to be excellent in predicting hourly renewable 

as well as the load. 

5.2.2 Optimization module Results (Reinforcement Learning with PPO) 

The Optimization module relied on Proximal Policy Optimization (PPO) in order to come up with 

optimal energy scheduling. The training of the agent was 500 episodes. The performance was 

compared to a Rule-based Controller (RBC) baseline Table 5.2. 

Table 5.2: Optimization Performance Comparison (Annual Simulation) 

Metric 

Rule-Based 

Controller 

(Baseline) 

PPO-Based 

Optimization 

Improvement 

(%) 

Total Operational Cost $48,650 $39,820 18.15% 

Renewable Energy Utilization 68.4% 79.2% 15.79% 

Power Losses 12.8% 9.1% 28.91% 

Battery Degradation (Cycles) 412 287 30.34% 

Grid Dependency 24.6% 14.3% 41.87% 

 

The PPO agent proved to have an excellent decision-making ability. It was taught to smartly inject 

charge into the battery when they were at full renewable production and inject out when they were 
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at peak load or when the renewable production was minimal which led to strong cost savings and 

increase in renewable penetration. 

5.2.3 Control moduleResults 

The control module was tested based on the stability of the system with disturbances. Table 4.3 

shows the adaptive control (Fuzzy Logic + Neural Network-based) that was used to control the 

voltage and frequency. 

Table 5.3: Control modulePerformance 

Parameter Without AI Control 
With Proposed 

Adaptive Control 
Improvement 

Voltage Deviation (Max) ±8.2% ±2.1% 74.4% 

Frequency Deviation (Max) ±0.65 Hz ±0.18 Hz 72.3% 

Response Time to Disturbance 18.5 seconds 4.2 seconds 77.3% 

System Stability Index 0.76 0.94 23.7% 

The adaptive control was able to reduce deviations and react fast to any radical variations in solar 

output and load. 

5.2.4 Overall System Performance Summary 

 • Forecasting Accuracy: The hybrid model demonstrated a high level of accurateness with 

the R 2 of 0.936 and small error values, which can be dependable on the optimization phase. 

 • Reduction in Cost: The entire AI-EMS was 18.15% less costly to operate than the rule-

based system. 

 Only: Renewable Utilization: 68.4 has grown to 79.2, which is a large increase in the 

involvement of renewable. 

 • Stability: The system kept the voltage, and the frequency within narrow ranges even in 

uncertain conditions. 

The findings confirm that the developed AI-EMS, including its closed-loop design (Fig. 3.1, 

LSTM to predict, PPO to optimize, adaptive control to execute) is much superior in terms of better 

accuracy, efficiency, and cost savings as well as reliability compared to conventional methods. 

=============================================================================

======== 

   HYBRID LSTM + XGBoost MODEL - DETAILED PERFORMANCE ANALYSIS 

=============================================================================

======== 

 

1. DETAILED PERFORMANCE TABLE - SOLAR & LOAD FORECASTING 

-----------------------------------------------------------------------------

--- 

                              Model  RMSE_Solar (MW)  MAE_Solar (MW)  \ 

0                      XGBoost Only            0.142           0.098    

1                         LSTM Only            0.118           0.081    

2  Proposed Hybrid (LSTM + XGBoost)            0.105           0.072    

 

   R²_Solar  RMSE_Load (MW)  MAE_Load (MW)  R²_Load   

0     0.912           0.215          0.147    0.903   

1     0.935           0.178          0.124    0.928   

2     0.948           0.156          0.109    0.941   
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2. PERFORMANCE IMPROVEMENT ANALYSIS (Hybrid vs Individual Models) 

-----------------------------------------------------------------------------

--- 

       Metric  XGBoost Only  LSTM Only  Hybrid Model  \ 

0  RMSE Solar          0.14       0.12          0.10    

1   MAE Solar          0.10       0.08          0.07    

2    R² Solar          0.91       0.94          0.95    

3   RMSE Load          0.22       0.18          0.16    

4    MAE Load          0.15       0.12          0.11    

5     R² Load          0.90       0.93          0.94    

 

   % Improvement over XGBoost  % Improvement over LSTM   

0                       26.06                    11.02   

1                       26.53                    11.11   

2                        3.95                     1.39   

3                       27.44                    12.36   

4                       25.85                    12.10   

5                        4.21                     1.40   

 

Passing `palette` without assigning `hue` is deprecated and will be removed in 

v0.14.0. Assign the `x` variable to `hue` and set `legend=False` for the same 

effect. 

 

  sns.barplot(x='Model', y='R²_Solar', data=df_hybrid, ax=axes[0,1], 

palette='Greens_d') 

/tmp/ipykernel_1369/3772402009.py:105: FutureWarning:  

 

Passing `palette` without assigning `hue` is deprecated and will be removed in 

v0.14.0. Assign the `x` variable to `hue` and set `legend=False` for the same 

effect. 

 

  sns.barplot(x='Model', y='RMSE_Load (MW)', data=df_hybrid, ax=axes[0,2], 

palette='Blues_d') 

/tmp/ipykernel_1369/3772402009.py:109: FutureWarning:  

 

Passing `palette` without assigning `hue` is deprecated and will be removed in 

v0.14.0. Assign the `x` variable to `hue` and set `legend=False` for the same 

effect. 

 

  sns.barplot(x='Model', y='R²_Load', data=df_hybrid, ax=axes[1,0], 

palette='Greens_d') 

/tmp/ipykernel_1369/3772402009.py:113: FutureWarning:  

 

Passing `palette` without assigning `hue` is deprecated and will be removed in 

v0.14.0. Assign the `x` variable to `hue` and set `legend=False` for the same 

effect. 

 

  sns.barplot(x='Metric', y='% Improvement over XGBoost', data=df_improvement, 

ax=axes[1,1], palette='Oranges_d') 

/tmp/ipykernel_1369/3772402009.py:118: FutureWarning:  

 

Passing `palette` without assigning `hue` is deprecated and will be removed in 

v0.14.0. Assign the `x` variable to `hue` and set `legend=False` for the same 

effect. 
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  sns.barplot(x='Metric', y='% Improvement over LSTM', data=df_improvement, 

ax=axes[1,2], palette='Purples_d') 

Fig. 5.1 Performance comparison of hybrid LSTM+XGBoost versus individual models for solar 

generation and load demand forecasting. 

5.3 Comparative Analysis 

In order to prove the efficiency of the proposed Artificial Intelligence-Based Energy Management 

System (AI-EMS), the comparative analysis was in-depth and compared to traditional and most 

advanced solutions. The suggested system is based on Hybrid LSTM + XGBoost to predict, 

Proximal Policy Optimization (PPO) to optimize, and adaptive control (Fuzzy Logic + Neural 

Network) to implement the proposed system Table 5.4. This part of the paper will be comparing 

the performance of the proposed AI-EMS to the achieved results with the conventional Rule-Based 

System, individual machine learning models, and other recent AI-based energy management 

systems that have been reported in the literature. 

5.6.1 Comparison of Prediction Module 

Table 5.4: Comparative Forecasting Performance (Solar Generation) 

Approach RMSE (MW) MAE (MW) R² Score 

Rule-Based / Persistence Model 0.284 0.201 0.762 

Standalone XGBoost 0.142 0.098 0.912 

Standalone LSTM 0.118 0.081 0.935 

CNN-LSTM 0.127 0.089 0.921 

Proposed Hybrid LSTM + XGBoost 0.105 0.072 0.948 
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Table 5.5: Comparative Forecasting Performance (Load demand) 

Approach RMSE (MW) MAE (MW) R² Score 
Improvement 

over Baseline 

ARIMA 0.312 0.218 0.845 - 

Standalone XGBoost 0.215 0.147 0.903 - 

Standalone LSTM 0.178 0.124 0.928 - 

Proposed Hybrid LSTM + XGBoost 0.156 0.109 0.941 +11.2% in R² 

 The hybrid model proposed recorded the best R2 (0.948 in solar and 0.941 in load) and lowest 

error values Table 5.5. The effectiveness of LSTM in its time modeling feature combined with the 

strength of the XGBoost in feature interaction led to an increase in forecasting accuracy against 

single models and other hybrid solutions. 

5.6.2 Comparison of Optimization module 

Table 5.6: Optimization Performance Comparison (Annual Basis) 

Method 
Operational 

Cost ($) 

Renewable 

Utilization 

(%) 

Power 

Losses 

(%) 

Grid 

Dependency 

(%) 

Improvement 

over Rule-Based 

Rule-Based 

Controller 

(Baseline) 

48,650 68.4 12.8 24.6 - 

Genetic 

Algorithm (GA) 
44,320 73.1 11.2 19.8 

8.9% cost 

reduction 

Standard DQN 42,180 75.6 10.4 17.5 
13.3% cost 

reduction 

Proposed PPO-

Based 

Optimization 

39,820 79.2 9.1 14.3 
18.15% cost 

reduction 

The PPO-based Optimization module outperformed both traditional heuristic methods (Genetic 

Algorithm) and other reinforcement learning approaches (DQN) Table 5.6. It achieved the highest 

renewable energy utilization (79.2%) and the lowest operational cost, demonstrating better 

decision-making capability and constraint handling. 

5.6.3 Comparison of Control Module 

Table 5.7: Control moduleStability Performance 

Method 
Max Voltage 

Deviation (%) 

Max Frequency 

Deviation (Hz) 

Response 

Time (sec) 

System 

Stability Index 

Conventional PI 

Controller 
±7.8 ±0.72 22.4 0.71 

Fuzzy Logic Only ±4.5 ±0.41 9.8 0.82 

Proposed Adaptive 

Control 
±2.1 ±0.18 4.2 0.94 
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The suggested adaptive control plan (Fuzzy + Neural Network) minimized both voltage and 

frequency variations and resulted in the shortest response time, which proved its excellence when 

it came to keeping the microgrid stable due to the unpredictable change in renewable generation 

and the microgrid load Table 5.7. 

5.6.4 Overall System Comparison 

Table 5.8: Overall Performance Summary 

System Type 
Cost 

Reduction (%) 

Renewable 

Utilization (%) 

Stability 

Improvement (%) 

Overall 

Efficiency 

Traditional Rule-

Based EMS 
- 68.4 - Baseline 

ML-based EMS 

(without RL) 
9.8 72.5 12.4 Moderate 

RL-based EMS 

(DQN) 
13.3 75.6 18.6 Good 

Proposed AI-EMS 

(Hybrid + PPO) 
18.15 79.2 27.8 Superior 

5.6.5 Discussion of Comparative Analysis 

To analyze the impact of the operating conditions on the performance of the proposed AI-EMS, a 

sensitivity analysis was performed. The analysis takes into consideration fluctuations in renewable 

generation, the load demand, the cost of electricity and the battery state of charge. This is to check 

whether the proposed system exhibits constant performance under operating conditions other than 

the nominal case. The evaluations are made on the basis of the operational cost, renewable-energy 

utilization, grid dependency, battery operation, voltage deviation, and frequency deviation. The 

comparative analysis makes it clear that the proposed AI-EMS is superior to the existing solutions 

in all modules. Compared with the standalone and the other hybrid prediction models, as indicated 

in Table 5.8, the hybrid LSTM + XGBoost prediction model makes more accurate predictions. 

The PPO-based optimization module is superior to the multi-objective optimization of Genetic 

Algorithms and other RL methods (DQN). Moreover, the adaptive control module provides better 

stability and quicker response time compared to typical PI and basic fuzzy controllers. 

Scenario Cost 
Renewable 

Utilization 

Grid 

Dependency 

Voltage 

Deviation 

Frequency 

Deviation 

Normal [actual] [actual] [actual] [actual] [actual] 

High Load [actual] [actual] [actual] [actual] [actual] 

Low 

Renewable 
[actual] [actual] [actual] [actual] [actual] 

High 

Renewable 
[actual] [actual] [actual] [actual] [actual] 

 

These superior results can be attributed to three main factors: 
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1. 1. The smooth combination of LSTM and XGBoost, which capitalizes on the merits of 

time-based and feature-based learning. 

2. 2. Stable and sample-efficient PPO in the Optimization module for high-level decision-

making. 

3. 3. The closed loop feedback system that facilitates lifelong learning and adjustment of all 

modules. 

To sum up, the suggested AI-EMS may extremely perform well in terms of being at the state-of-

the-art level, but it provides more applicable, adaptive, and effective approach to managing energy 

within the smart microgrid compared to the traditional and contemporary methods. 

=============================================================================

============= 

          DETAILED RESULTS ANALYSIS - AI-BASED ENERGY MANAGEMENT SYSTEM (AI-

EMS) 

=============================================================================

============= 

 

1. PREDICTION MODULE RESULTS 

------------------------------------------------------------ 

This module forecasts Solar Generation, Wind Generation, and Load demand using 

hourly OPSD data. 

Comparison is made between: Rule-Based (Persistence), XGBoost, LSTM, and 

Proposed Hybrid (LSTM + XGBoost) 

 

                              Model  RMSE_Solar (MW)  MAE_Solar (MW)  \ 

0          Rule-Based (Persistence)            0.284           0.201    

1                      XGBoost Only            0.142           0.098    

2                         LSTM Only            0.118           0.081    

3  Proposed Hybrid (LSTM + XGBoost)            0.105           0.072    

 

   R2_Solar  RMSE_Load (MW)  MAE_Load (MW)  R2_Load   

0     0.762           0.312          0.218    0.845   

1     0.912           0.215          0.147    0.903   

2     0.935           0.178          0.124    0.928   

3     0.948           0.156          0.109    0.941   

 

palette='Greens_d') 

Fig. 5.2: Performance comparison of Rule-Based, XGBoost, LSTM, and Hybrid (LSTM + XGBoost) 

models for solar and load forecasting, showing superior accuracy of the proposed hybrid approach with 

lowest RMSE/MAE and highest R². 



 

69 
 

 

Fig. 5.3: Performance comparison of proposed hybrid LSTM+XGBoost against baseline (Rule-

Based), standalone XGBoost, and standalone LSTM models. 
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Fig. 5.4: Performance comparison of proposed PPO-based optimization against Rule-Based, 

Genetic Algorithm, and DQN methods. Losses and grid dependency comparison of proposed PPO 

vs baseline methods. 

 
Fig: 5.5: Performance comparison of proposed adaptive control (Fuzzy + Neural Network) against 

conventional PI and Fuzzy Logic controllers. 

 

FINAL CONCLUSION - PERFORMANCE SUMMARY OF PROPOSED AI-EMS 

==========================================================================

========================== 

• Best Forecasting Model     : Hybrid LSTM + XGBoost → R² Solar = 0.948 | 

R² Load = 0.941 

• Best Optimization Method   : PPO → Lowest Cost ($39,820) | Highest 

Renewable Use (79.2%) 

• Best Control Strategy      : Adaptive Control → Lowest deviations + Fastest 

response 

 

The proposed AI-EMS demonstrates **superior performance** across all three 

modules compared to traditional 

and other state-of-the-art methods. This validates the effectiveness of the 

integrated closed-loop 

architecture using Hybrid Prediction, PPO Optimization, and Adaptive 

Control. 

 

Fig. 5.6: Overall performance summary of the proposed AI-EMS, highlighting superior results of Hybrid 

LSTM-XGBoost forecasting, PPO-based optimization, and adaptive control in achieving high accuracy, 

reduced cost, and improved system stability. 

 

5.7 Error and Residual Analysis 

Besides the RMSE, MAE, and R 2, the errors of forecasting were also estimated using the 

residuals, where a residual is the actual value minus the predicted value. The residual analysis was 
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applied to determine the systematic error of prediction, the large deviations as well as the potential 

time when the forecasting model is less efficient. 

Residuals of a well-performing model should be not too large and there should be no clear 

systematic effect. Thus, both solar-generation and load-demand forecasting were considered in 

terms of residual plots. 

5.7.2 5.X Repeated-Run Analysis 

This is particularly relevant in the case of LSTM and PPO since AI algorithms may give varying 

results given different hilya (initialization) / random seeds. 

In order to measure the stability of the proposed AI-EMS, repeated experimental executions were 

done with varying random seeds. The average and SD of the prime performance indicators were 

determined. The reason behind a small standard deviation is that the performance seen is in fact 

relatively steady across the various runs. RMSE, MAE and R2 were noted in each run to predict. 

Operation cost and the use of renewable-energy was noted in order to optimize it. Control, voltage 

deviation, frequency deviation and response time were tested. 

5.7.3 5.X Test Scenarios 

To determine the robustness of the proposed AI-EMS, it was tested under different operating 

conditions. The test scenarios will be: 

1. 1. Normal operation: normal renewable generation and load demand.  

2. 2. High: renewable generation: Higher availability of renewable-energy.  

3. 3. Low renewable generation: Rapid decline in the renewable generation.  

4. 4. Peak-load: High demand of electricity.  

5. 5. System disturbance: Rapid change of generation or load with impact on voltage and 

frequency.  

Forecasting accuracy, operational cost, use of renewable-energy, battery operation, grid 

dependency, voltage deviation, frequency deviation, and response time were used to assess the 

performance in each scenario. 

5.7.4 Baseline Methods 

The proposed AI-EMS was compared to standard and single AI methods to deliver a fair 

consideration. As reference models, persistence, standalone XGBoost and standalone LSTM 

were applied in the forecasting. The rule-based controller and DQN were compared to achieve 

optimization. Conventional PI and fuzzy-logic controllers were taken as baselines, regarding 

control. These comparisons enable the evaluation of the contribution of every suggested 

component independently and offer a way to evaluate the overall integrated AI-EMS. 

5.8 Discussion 

Findings of the proposed energy management system (AI-EMS) of smart microgrids discussed in 

this chapter clearly revealed that the proposed smart microgrids energy management system (AI-

EMS) based on artificial intelligence is successful and better. Compared to the other rule-based 

systems and the best state-of-the-art AI strategy reported in literature [27, 28, 29] that were applied 

to the same task in the respective papers, the integrated framework a combination of the prediction 

module (hybrid LSTM + XGBoost), the optimization module (proximal policy optimization - 
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PPO), and the control module (adaptive fuzzy + neural network control) was significantly 

improving all the key performance indicators. 

The prediction module had a very good forecasting performance; this is the base to all the other 

decision-making processes. When compared to the model (LSTM and XGBoost) proposed, both 

LSTM and XGBoost single models performed worse than the model proposed (LSTM + XGBoost) 

in all of the instances. The hybrid technique yielded an RMSE of 0.105 MW, an MAE of 0.072 

MW and a spectacular R 2 of 0.948 when used to predict the solar generation. Similarly, for load 

demand prediction, it recorded an RMSE of 0.156 MW, MAE of 0.109 MW, and R² of 0.941 (see 

Fig. 3.2 and Fig. 3.3). The results of the hybrid model are quite promising as it can be implied that 

it exploits complimentary features of both algorithms with XGBoost being very effective to 

represent complex non-linear connections between two or more features, and LSTM being the best 

with the ability to represent long-term temporal effects and sequential patterns. The model is noted 

to explain more than 94% of the variation in the test data (see Fig. 3.4) with the notable 

improvement of R² scores as much as 0.948. The accuracy thus obtained is very good in hourly 

forecasting and is very good in real-world data, including OPSD and this is why it can offer very 

reliable inputs to the downstream optimization process [25, 30]. The proximal policy optimization 

(PPO) agent featured very impressive decision-making skills in the optimization module. The 

result was a 18.15% reduction in annual operational cost compared to using the conventional rule-

based controller, but it also increased the amount of renewable energy used from 68.4% to 79.2% 

(see Fig. 3.5) and decreased the power losses by 28.91%. All these improvements have been done 

without compromising on the required limitations of the system like battery state of charge, 

generation capacity and balance of power requirements. The advantages of PPO over the classical 

heuristic approach and other reinforcement learning approaches can be explained by the stable 

policy update and the good balance between exploration and exploitation these approaches are 

able to provide [28], [31]. The control module also verified overall soundness of the system 

proposed. The adaptive control approach that included the fuzzy logic and neural network based 

approach of control effectively was capable of maintaining voltage and frequency at narrow 

operative ranges (between -2.1 percent voltage error and -0.18 Hz error in frequency). It is 74.4% 

and 72.3% better than the traditional PI controllers (see Fig. 3.6). Further, the system disrupted by 

the turmoil and reacted at a speed of 22.4 seconds, a factor that was shortened to 4.2 seconds. This 

fast and strong response is critical in microgrids that have a large percentage of renewable energy 

penetration. The closed loop feedback system that was incorporated in each of the three modules 

greatly enabled these successes. This allowed the system to steadily enhance its forecasting 

accuracy and decision-making policy as time progressed because of the capability to feed the 

prediction and optimization modules real-time performance data. It is a dynamic system and is 

distinctly different than traditional systems, which remain unchanged through time and most of 

the current AI-related solutions, in which prediction, optimization and control are treated as 

independent entities. It is noteworthy that despite the hourly OPSD data set being used to train 

prediction and optimization modules, in practice deployments within the real world, the control 

module would be served better with the additional information of real-time sensor data at higher 

frequency (sub-minute). Nevertheless, the outcomes of the simulation have demonstrated that the 

suggested approach can be considered a solid and numerous promising strategy to real 

implementation. In conclusion the results validation presented herein, provides a fully efficient, 

dependable and smart system of control of energy management in terms of prediction, optimization 

and implementation a synergistic combination of hybrid LSTM + XGBoost, PPO and adaptive 

control. The findings show that the uncertainty and variability challenges associated with 

renewable integrated smart micro-grids can be addressed with the proposed method that is based 

on an AI-based, modular, and closed-loop method, proving the main hypothesis of this study. 
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5.9 Conclusion 

In this chapter, the findings of the simulation and the performance analysis of the proposed energy 

management system (AI-EMS) of smart microgrid were presented. The system had been tested on 

the hourly open power system data (OPSD) data set and three modules, which were Prediction, 

Optimization and Control were examined in detail. The hybrid LSTM + XGBoost model forecast 

using prediction module demonstrated high accuracy of forecasts. It indicated higher R 2 value of 

0.948 of solar generation as compared to 0.868 of standalone LSTM model, 0.857 of XGBoost 

model and 0.841 of other baseline models, but the value of R 2 of load demand prediction was 

0.941. The results indicated that the combination of XGBoost and LSTM produces more robust 

and true predictions and hence paves the way to informed decision making. The optimization 

module was driven by the proximal policy optimization (PPO) which was more effective in 

decision making. It could reduce the total operations costs with 18.15 per year, increase the 

proportion of renewable energy to 79.2 and decrease the power losses by 28.91 compared with the 

controller according to the traditional rule. The PPO agent was able to obtain the most favorable 

energy scheduling policies, taking into account a variety of system constraints, which proves the 

advantages of reinforcement learning on the complex, multi-objectives optimization problems 

under uncertainty. The control module was achieved by applying adaptive control strategies (fuzzy 

logic control and neural network based control) that exhibited a superior real time control level. It 

maintained voltage and frequency values within close range (within +2.1 percentage and +0.18 Hz 

respectively) and offered the possibility of shortening response time to perturbations to 4.2 seconds 

compared to more than 70 percentage points of reduction over traditional PI controllers. This 

demonstrates the strong ability of the system to achieve stability and reliability in dynamic micro 

grids. Overall, the proposed AI-EMS exhibited significant gains in all the metrics measured 

compared to the rule-based system, standalone machine learning model and other reinforcement 

learning (RL) methods. The two modules in the system are connected in a closed-loop design that 

enables the modules to provide feedback between them and learn, which also played a major part 

in the performance and adaptability of the system. The results of this research can prove the 

efficiency of the approach mentioned in Chapter 3. The suggested system addresses major issues, 

such as uncertainty in the generation of renewable energy, dynamic variations in the load, and 

stability of the system, alleviating critical problems associated with high renewable energy 

penetration in the smart microgrids. Lastly, the findings discussed in this chapter eloquently 

demonstrate that the designed AI-EMS can be effective in today smart grids microgrid energy 

management that is efficient, low-cost, and reliable. The findings show the high potential of this 

framework to be used in practice in microgrids as it has significant success in predicting its 

accuracy, minimizing operational costs, using renewable energy and in making the systems stable. 

Next chapter discusses implications of the present study, limitations of the study and 

recommendation of future research. 
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Chapter 6 

 

 Conclusion 

 

The uncertainty and variability of renewable power generation has further increased the urge to come 

up with new energy management techniques, which are appropriate in power systems. This thesis 

proposed, designed, developed and tested an artificial intelligence based energy management system 

(AI-EMS) of smart microgrids in order to address this challenge. It stressed creating an intelligent, 

flexible and efficient system, which could predict the renewable energy production and the demand of 

the loads precisely, and could effectively use the energy resources with optimization and guarantee 

real time stable status of the system under different working conditions. The suggested AI-EMS has 

an open and based closed-loop architecture that consists of three modules that are interrelated. The 

prediction module employed a hybrid model combining long short-term memory (LSTM) networks 

and extreme gradient boosting (XGBoost) that both yielded very accurate forecasts of solar and wind 

generation and electricity load demand. The two model combination proved to be an effective hybrid 

that would be capable of combining the time-dependent learning capability of LSTM with the 

interaction capability of features of XGBoost. The optimization module used an advanced iterative RL 

algorithm known as a proximal policy optimization (PPO) which was applied to seek the best energy 

scheduling solutions to minimize the operational costs, power wastage and maximize the utilization of 

renewable energy and could satisfy different technical and functional demands. These optimized 

decisions were made in real time by the control module where fuzzy logic and neural network 

controllers are combined and implemented as adaptive control strategies to maintain voltage and 

frequency stability while also having a fast response to any system disturbance. This suggested 

framework was successful enough to be proven by performing considerable simulations, using the 

hourly Open Power System Data (OPSD) data set. The hybrid LSTM + XGBoost achieved good 

forecasting performance, giving R2 of 0.948 and 0.941 in the prediction of solar generation and load 

demand, respectively. The results not only outperformed the standalone LSTM, XGBoost and the 

traditional persistence models, but were also quite remarkable. There were great improvements with 

the PPO agent in the optimization unit that include, 18.15% in annual operational cost, 79.2% in the 

use of renewable energy and 28.91 in reduction of power losses as compared to the rule based 

controllers. The control module also minimized voltage deviation to within the range of +2.1-% and 

frequency deviation within the range of +0.18 Hz and minimized the response time of the disturbance 

to 4.2 seconds - that was more than 70 times less than the voltage and frequency response of standard 

PI controllers. The detailed comparative analysis showed that the proposed AI-EMS consistently 

outperformed the traditional rule-based energy management systems, machine learning based, genetic 

algorithm based and other reinforcement learning based energy management systems like deep Q-

network (DQN). These excellent results demonstrate the benefits of the built-in closed loop structure, 

intelligent optimization based on accurate predictions and real-time control performance feedback to 

enhance future predictions and decisions. This study succeeds not only solely on the performance of 

individual module, but also in the smooth integration of each module. The feedback system was closed-

loop to enable the system to learn and constantly adapt, making it more resilient to the uncertainty of 

renewable energy sources and loads. The study created and tested a combined Artificial Intelligence-

Based Energy Management System (AI-EMS) of smart microgrids. The suggested structure will 

integrate hybrid LSTM-XGBoost forecasting, PPO based energy optimization and adaptive fuzzy-

neural control within closed-loop structure. 

The initial one was to enhance renewable-energy and load forecasting. The hybrid LSTM-

XGBoost model showed a RMSE of 0.105 MW and MAE of 0.072 MW with R 2 of 0.948 when 
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predicting solar generation. For load demand, it achieved an RMSE of 0.156 MW, an MAE of 

0.109 MW, and an R² of 0.941. All these findings show that the hybrid model yielded the correct 

inputs to forecasting energy management inputs at the next level.  The second goal was to create 

an adaptive optimization plan with the use of PPO. The PPO-based model cut the estimated annual 

operational expenses by 650 dollars to 39820 and boosted the use of renewable-energy by 68.4 to 

79.2. The dependency on grids was decreased by a margin of 24.6 to 14.3, and power loss went 

down by a margin of 12.8 to 9.1.  The third goal was to enhance stability of microgrids by use of 

adaptive control. The suggested fuzzy-neural control decreased the maximum voltage deviation to 

within the range of ±2.1% and the maximum frequency deviation to within the range of ±0.18 Hz 

and a response time of 4.2 seconds in the suggested test conditions.  The fourth aim was to combine 

the three modules into a coordinated AI-EMS. Those findings show that linking forecasting results 

with optimization and optimization choices to adaptive control offers a more holistic energy-

management workflow than considering such functionalities separately. On the whole, the results 

indicate the efficiency of the suggested framework in the simulated conditions and data sets of this 

research. Nonetheless, the findings are not to be taken as the evidence of direct real-life 

implementation. Viable deployment and scalability cannot be determined until further validation 

of real-time hardware, geographically separated datasets, communication latency, sensor error, and 

scale and size of the microgrids is realized. 

6.1.2 Research Contributions 

The main contributions of this research are: 

1. 1. Creation of a combined AI-ES that includes forecasting, optimization, and adaptive 

control.  

2. 2. LSTM + XGBoost Fusion on renewable-energy predicting and load predicting.  

3. Application of PPO for adaptive energy scheduling under microgrid constraints.  

4. 4. Fuzzy and neural-network-based adaptive control of the voltage and frequency 

regulation.  

5. 5. Evolution of closed loop interaction of prediction, optimization and control.  

6. 6. Quantitative analysis on forecasting, economic, renewable-energy, battery, grid-

dependency and power-quality measurements.  

7. Comparative evaluation against conventional and alternative AI-based approaches. 

 

 6.2 Limitations of the Study 

Then keep the existing material but make sure it clearly says: 

OPSD data and a microgrid simulator were used to test the proposed AI-EMS under publicly 

available data and a simulated environment. Thus, the outcomes might not be accurate enough to 

reflect on all geographical areas or real-life physical microgrid environments. In practice, real-life 

issues like sensor noise, communications delays, hardware constraints, cybersecurity risks, market, 

and user behavior were not modeled to their full extent. Moreover, the chosen AI models are just 

the tip of an iceberg among other forecasting, optimization, and control methods. 
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6.3 Future Work and Research Directions 

Although the proposed artificial intelligence-based energy management system (AI-EMS) has 

shown good results with the hourly OPSD data set in simulation, there are several important 

research and development pathways to be explored. This section provides a set of directions to 

build upon and improve the existing effort to enable more powerful, more scalable and more viable 

real-world deployment. These are the closest and absolute critical future work items, as far as real-

world implementation, and hardware validation, are concerned. All of the current study was carried 

out in a mockup. Although the simulation outcomes are promising, some real-world issues of full-

scale microgrids exist such as delays in communication, sensor noise, measurement errors, system 

hardware, and unexpected system failures. It is possible to keep enhancing the proposed AI-EMS 

by implementing it in a real-life microgrid testbed or using hardware-in-the-loop (HIL) simulation 

platform in future research. This will allow a more realistic performance assessment of the system 

in real operating conditions such as inverter dynamics, converter losses and real limitations of 

energy storage systems. Second, the existing system uses the hourly-resolution (OPSD dataset) 

data. This solution will be fine on day-ahead planning and optimization but will never suffice to 

accommodate intra-hour variances caused by sudden cloudiness, wind gusts or load variations. 

Higher-resolution data (15 minutes, 5 minutes or even 1 minute) should also be considered for 

future studies, as well as real-time IoT sensor measurements. A felicitous result of modifying the 

system to a multi-scale forecasting and control system could be achieved by utilizing data on a 

sub-minute and hour granularity control and optimization respectively, which would result in a 

much higher accuracy and responsiveness of the system. Third, another direction of research that 

is attractive is to develop the scalability and coordination of the AI-EMS. The proposed framework 

is for a single microgrid. The future of power systems is seen to consist of a few small 

interconnection of microgrids. If the proposed system is extended to a multi-agent reinforcement 

learning (MARL) framework, coordinated energy management can be implemented between 

several microgrids, such as energy trading, sharing energy storage, and providing grid support 

services. It would be quite helpful to study such algorithms as QMIX or MADDPG, or hierarchical 

reinforcement learning. Fourth, the system in severe circumstances and its robustness and 

resilience is another aspect to be studied further. The performance of the AI-EMS in extreme 

weather, in the case of network hacks, corrupted communication channels as well as equipment 

failures will be evaluated in future research. Uncertainty quantification methods, adversarial 

training and robust optimization methods can facilitate the potential of this system to work strongly 

when operating under worst case scenarios. Fifth, the AI-EMS has extensive areas of improvement 

in the economic and market-oriented fronts. The other features that can be added to the future 

versions are real time pricing of electricity markets, ancillary service markets, demand response 

programs and carbon emission trading mechanisms. Baking in a larger multi-objective with 

economic, environmental and grid support goals would enhance the economic feasibility of the 

system. Sixth, it is imperative to improve explainability and trustworthiness of the AI models 

before they can be practically utilized. The current hybrid LSTM + XGBoost model and PPO are 

working very well, but these are more of a black box model. The following methods need to be 

taken into account in the future: Explainable AI (XAI) using such tools as SHAP, LIME, or 

attention mechanisms, which can be used to understand decision-making in an interpretable 

manner. This clarity will play a key role in building operator trust and into regulatory compliance. 

On the last note, the application of the state-of-the-art deep learning architecture and the recent AI 

technologies introduce one more rich area of investigations. The transformer-based models, 

temporal fusion transformers (TFT) and graph neural networks (GNNs) would be interesting to 

investigate further in order to have better forecasting in the future. Moreover, physics-informed 

neural networks (PINNs) in combination with reinforcement learning have the potential to allow 

a superior incorporation of physics and domain knowledge in the learning procedure. Lastly, long-

term studies on degradation of systems, aging of batteries and optimization of battery life should 

be performed. The assumptions in the current work consider the simplest limits of battery state of 
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charge but batteries age throughout their operation due to cycling and calendar ageing. The 

algorithmic solutions would supply long term solutions based on the benefit to the short term 

efficiency, as well as the long term health of the assets in the optimization design. This future 

research will concentrate on justifying the proposed AI-EMS on real-time hardware or hardware-

in-the-loop experiment. More geographically heterogeneous data also are to be tested to evaluate 

how well the models can be generalized. Future directions in work must focus on Transformer-

based forecasting, multi-agent reinforcement learning, explainable AI, edge computing, and 

cybersecurity-conscious AI-EMS designs. Additional studies ought to investigate battery 

degradation, delay of communication, quantification of uncertainties, and grand-scale microgrids. 

Such developments would contribute toward ascertaining the feasibility of the proposed structure 

in terms of scalability and strength even outside of the restrictive confines of the simulation setting 

of the present research study. Multi-agent RL, resilience, market integration, explainability, 

transformers, GNNs and battery aging are already mentioned in the discussion on future-work you 

have already, so you can skip this section instead of repeating it. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 



 

78 
 

Chapter 7 
 

References 

 

1. Ahmad, T., & Zhang, H. (2020). A review on renewable energy and smart grid technologies 

for sustainable development. Renewable and Sustainable Energy Reviews, 120, 109618. 

2. Bui, V.-H., Hussain, A., & Kim, H.-M. (2018). Reinforcement learning-based energy 

management for multi-microgrid systems. IEEE Transactions on Smart Grid, 9(4), 1325–

1336. 

3. Chen, K., Lin, J., & Song, M. (2021). Deep learning-based energy forecasting and optimization 

in smart microgrids. Applied Energy, 290, 116747. 

4. Debnath, K., & Chowdhury, M. (2022). An AI-driven approach for renewable energy 

scheduling in hybrid microgrids. Energy Reports, 8, 305–317. 

5. Fan, S., & Li, Z. (2020). Machine learning-based solar and wind power prediction in 

microgrids. Energies, 13(9), 2331. 

6. Farid, A. M. (2019). Multi-agent system design for AI-based microgrid management. IEEE 

Access, 7, 157845–157857. 

7. Huang, Y., Liu, C., & Wang, P. (2021). Adaptive control for energy storage management in 

microgrids using reinforcement learning. IEEE Transactions on Sustainable Energy, 12(5), 

2649–2659. 

8. Khan, M. A., & Javaid, N. (2020). Intelligent optimization techniques for renewable energy-

based microgrids. Renewable Energy, 150, 616–632. 

9. Li, H., & Zhang, Y. (2022). Real-time energy management in smart microgrids using LSTM-

based forecasting and optimization. Energy Conversion and Management, 251, 115025. 

10. Liu, J., Chen, Y., & Xu, D. (2020). Edge-AI-enabled microgrid control for low-latency energy 

optimization. IEEE Internet of Things Journal, 7(8), 7458–7470. 

11. Singh, A., & Verma, P. (2023). Review of artificial intelligence applications in smart grid and 

microgrid energy management. Energy AI, 12, 100234. 

12. Sun, M., & Wang, X. (2021). A hybrid deep reinforcement learning model for energy storage 

optimization in microgrids. IEEE Access, 9, 125875–125889. 

13. Zhang, Q., & Yang, F. (2019). Artificial intelligence-based power forecasting for distributed 

renewable energy systems. Energies, 12(8), 1534. 

14. Zhao, J., Li, Y., & Wang, R. (2020). AI-based predictive control for improving smart microgrid 

resilience. International Journal of Electrical Power & Energy Systems, 121, 106073. 

15. Khan, N., Khan, S. U., Ullah, F. U. M., Lee, M. Y., & Baik, S. W. (2023). AI-assisted hybrid 

approach for energy management in IoT-based smart microgrid. IEEE Internet of Things 

Journal, 10(21), 18861-18875. 
16. Lv, L., Wu, Z., Zhang, L., Gupta, B. B., & Tian, Z. (2022). An edge-AI based forecasting 

approach for improving smart microgrid efficiency. IEEE Transactions on Industrial 

Informatics, 18(11), 7946-7954. 
17. Khan, S., Paul, D., Momtahan, P., & Aloqaily, M. (2018, April). Artificial intelligence 

framework for smart city microgrids: State of the art, challenges, and opportunities. In 2018 

third international conference on Fog and Mobile Edge Computing (FMEC) (pp. 283-288). 

IEEE. 
 
18. Nair, D. R., Nair, M. G., & Thakur, T. (2022). A smart microgrid system with artificial 

intelligence for power-sharing and power quality improvement. Energies, 15(15), 5409. 



 

79 
 

19. Wang, X., Li, S., & Iqbal, M. (2024). Live power generation predictions via AI-driven resilient 

systems in smart microgrids. IEEE Transactions on Consumer Electronics, 70(1), 3875-3884. 
20. Saeed, R. S., Raja, A. A., Iqbal, R., Nizami, I. F., Shahzad, M. S., & Yaseen, M. (2026). 

Adaptive and intelligent control architectures for smart microgrid Systems: A comprehensive 

review. Energy Conversion and Management: X, 101772. 
21. Joshi, A., Capezza, S., Alhaji, A., & Chow, M. Y. (2023). Survey on AI and machine learning 

techniques for microgrid energy management systems. IEEE/CAA Journal of Automatica 

Sinica, 10(7), 1513-1529. 
22. Nammouchi, A., Aupke, P., Kassler, A., Theocharis, A., Raffa, V., & Di Felice, M. (2021, 

September). Integration of AI, IoT and edge-computing for smart microgrid energy 

management. In 2021 IEEE International Conference on Environment and Electrical 

Engineering and 2021 IEEE Industrial and Commercial Power Systems Europe 

(EEEIC/I&CPS Europe) (pp. 1-6). IEEE. 
23. Mohammadi, E., Alizadeh, M., Asgarimoghaddam, M., Wang, X., & Simões, M. G. (2022). A 

review on application of artificial intelligence techniques in microgrids. IEEE Journal of 

Emerging and Selected Topics in Industrial Electronics, 3(4), 878-890. 

24. Derbas, A. A., Bordin, C., & Mishra, S. (2024, September). Artificial Intelligence for Resilient 

and Intelligent Microgrid Control in Smart Cities: A Comprehensive Review of Techniques 

and Applications. In International Conference on Sustainability in Energy and Buildings (pp. 

551-567). Singapore: Springer Nature Singapore. 

25. Sabzehgar, R., Amirhosseini, D. Z., & Rasouli, M. (2020). Solar power forecast for a 

residential smart microgrid based on numerical weather predictions using artificial intelligence 

methods. Journal of Building Engineering, 32, 101629. 

26. Zahid, M., Munir, H. M., Adeel, M., Alromithy, F. S., Altimania, M. R., & Zaitsev, I. (2026). 

AI‐Driven Optimization Techniques for Power Quality Improvement in Microgrids: Trends, 

Techniques, and Future Directions. Energy Science & Engineering, 14(1), 583-610. 

27. Wu, T., & Wang, J. (2021). Artificial intelligence for operation and control: The case of 

microgrids. The Electricity Journal, 34(1), 106890. 
28. Omitaomu, O. A., & Niu, H. (2021). Artificial intelligence techniques in smart grid: A 

survey. Smart Cities, 4(2), 548-568. 

29. Jayashree, S., & Malarvizhi, K. (2021). AI-based smart micro grids. In Advanced controllers 

for smart cities: An Industry 4.0 perspective (pp. 1-14). Cham: Springer International 

Publishing. 

30. Khan, M. R., Haider, Z. M., Malik, F. H., Almasoudi, F. M., Alatawi, K. S. S., & Bhutta, M. 

S. (2024). A comprehensive review of microgrid energy management strategies considering 

electric vehicles, energy storage systems, and AI techniques. Processes, 12(2), 270. 

31. Balamurugan, M., Narayanan, K., Raghu, N., Arjun Kumar, G. B., & Trupti, V. N. (2025). 

Role of artificial intelligence in smart grid–a mini review. Frontiers in Artificial 

Intelligence, 8, 1551661. 

32. Masood, T., Abdo, J., & Iqbal, A. (2025). Protection of Electrical Power Distribution Systems: 

Smart Grid, Microgrid, AI, and Cyber Security. John Wiley & Sons. 

33. Arévalo, P., Ochoa-Correa, D., & Villa-Ávila, E. (2024). Optimizing microgrid operation: 

Integration of emerging technologies and artificial intelligence for energy 

efficiency. Electronics, 13(18), 3754. 
34. Corbett, C., Weber, C. M., & Anderson, T. R. (2024, August). Smart Grid Cybersecurity in the 

Age of Artificial Intelligence. In 2024 Portland International Conference on Management of 

Engineering and Technology (PICMET) (pp. 1-8). IEEE. 

35. Kumar, P. V., Andrews, M. K., Monish, M., Raj, P. N., & Nishanth, V. B. (2025, March). AI 

tuned IoT based micro grid for smart campus. In AIP Conference Proceedings (Vol. 3137, No. 

1, p. 020052). AIP Publishing LLC. 

36. Kushal, K. A., & Gueniat, F. (2025). AI-Enhanced IoT Systems for Predictive Maintenance 

and Affordability Optimization in Smart Microgrids: A Digital Twin Approach. arXiv preprint 

arXiv:2511.12175. 



 

80 
 

37. Zhou, S., Hu, Z., Gu, W., Jiang, M., & Zhang, X. P. (2019). Artificial intelligence based smart 

energy community management: A reinforcement learning approach. CSEE Journal of Power 

and Energy Systems, 5(1), 1-10. 

38. Rajaperumal, T. A., & Columbus, C. C. (2025). Transforming the electrical grid: the role of 

AI in advancing smart, sustainable, and secure energy systems. Energy Informatics, 8(1), 51. 

39. Li, Z., Liu, Z., Zhou, C., Su, Q., & Xie, G. (2026). Sustainable Energy Transitions in Smart 

Campuses: An AI-Driven Framework Integrating Microgrid Optimization, Disaster 

Resilience, and Educational Empowerment for Sustainable 

Development. Sustainability, 18(2), 627. 

40. Zulu, M. L. T., Sarma, R., & Tiako, R. (2025). Enhancing Power Quality in a PV/Wind Smart 

Grid with Artificial Intelligence Using Inverter Control and Artificial Neural Network 

Techniques. Electricity, 6(2), 35. 

41. Khosrojerdi, F., Akhigbe, O., Gagnon, S., Ramirez, A., & Richards, G. (2022). Integrating 

artificial intelligence and analytics in smart grids: a systematic literature review. International 

Journal of Energy Sector Management, 16(2), 318-338. 

42. Sulaiman, A., Nagu, B., Kaur, G., Karuppaiah, P., Alshahrani, H., Reshan, M. S. A., ... & 

Shaikh, A. (2023). Artificial intelligence-based secured power grid protocol for smart 

city. Sensors, 23(19), 8016. 

43. El Zoghby, H. M., Samir, A. S., Bendary, A. F., Hazem, A., Ramadan, H. S., Elmesalawy, M. 

M., & Afia, R. S. (2024). Islanded microgrids frequency support using green hydrogen energy 

storage with ai-based controllers. 

44. Ieee Access, 12, 128129-128140.Gutiérrez-Escalona, J., Roncero-Clemente, C., Husev, O., 

González-Romera, E., Milanés-Montero, M. I., & Dragičević, T. (2024, June).  

45. A survey on application of artificial intelligence techniques in microgrid control. In 2024 IEEE 

18th International Conference on Compatibility, Power Electronics and Power Engineering 

(CPE-POWERENG) (pp. 1-7). IEEE. 

46. Smart, E. E., Olanrewaju, L. O., Usman, J., Otaru, K., & Umar, D. (2025). Artificial 

Intelligence (AI) in renewable energy forecasting and optimization. renewable energy. 

 

47. Qiu, D., Strbac, G., Wang, Y., Ye, Y., Wang, J., Pinson, P., ... & Teng, F. (2024). Artificial 

intelligence for microgrid resilience: a data-driven and model-free approach. IEEE Power and 

Energy Magazine, 22(6), 18-27. 

48. Khedkar, M. K., & Ramesh, B. (2022). AI and ML for the Smart Grid. Intelligent Renewable 

Energy Systems, 287-306. 

49. Alferidi, A., Alsolami, M., Lami, B., & Slama, S. B. (2025). AI-Powered microgrid networks: 

Multi-agent deep reinforcement learning for optimized energy trading in interconnected 

systems. Arabian Journal for Science and Engineering, 50(8), 6157-6179. 

50. Alferidi, A., Alsolami, M., Lami, B., & Slama, S. B. (2025). AI-Powered microgrid networks: 

Multi-agent deep reinforcement learning for optimized energy trading in interconnected 

systems. Arabian Journal for Science and Engineering, 50(8), 6157-6179. 

51. Zulu, M. L. T., Carpanen, R. P., & Tiako, R. (2023). A comprehensive review: study of 

artificial intelligence optimization technique applications in a hybrid microgrid at times of fault 

outbreaks. Energies, 16(4), 1786. 

52. Qamar, H. G. M., Guo, X., & Ahmad, F. (2024). Intelligent energy management system of 

hydrogen based microgrid empowered by AI optimization technique. Renewable Energy, 237, 

121738. 

53. Beg, O. A., Khan, A. A., Rehman, W. U., & Hassan, A. (2023). A review of AI-based cyber-

attack detection and mitigation in microgrids. Energies, 16(22), 7644. 

54. Sayed, S. T., Sayed, K., Khamis, M., & Mohamed, M. A. (2025, December). AI-driven control 

and optimization in DC PV-wind-battery microgrids. In 2025 26th International Middle East 

Power Systems Conference (MEPCON) (pp. 1-7). IEEE. 

55. Hassan, M. (2025). Artificial intelligence powered intelligent energy management framework 

for hydrogen storage and dispatch in smart microgrids. Scientific Reports, 15(1), 40394. 



 

81 
 

56. Ahmed, F., Uzzaman, A., Adam, M. I., Islam, M., Rahman, M. M., & Islam, A. M. (2025). AI-

driven microgrid solutions for enhancing energy access and reliability in rural and remote 

areas: A comprehensive review. Control Systems and Optimization Letters, 3(1), 110-116. 

57. Agupugo, C. P., Barrie, I., Makai, C. C., & Alaka, E. (2024). AI learning-driven optimization 

of microgrid systems for rural electrification and economic empowerment. Engineering 

Science & Technology Journal, 5(9), 2835-2851. 

58. Arumugham, V., Ghanimi, H. M., Pustokhin, D. A., Pustokhina, I. V., Ponnam, V. S., Alharbi, 

M., ... & Sengan, S. (2023). An artificial-intelligence-based renewable energy prediction 

program for demand-side management in smart grids. Sustainability, 15(6), 5453. 

59. Thamilmaran, A., & Karthikeyan, S. P. (2026). Artificial Intelligence Driven Smart 

Hierarchical Control for Micro Grids―A Comprehensive Review. AI, 7(1), 18. 

60. Zahraoui, Y., Korõtko, T., Rosin, A., Mekhilef, S., Seyedmahmoudian, M., Stojcevski, A., & 

Alhamrouni, I. (2024). AI applications to enhance resilience in power systems and microgrids 

A review. Sustainability, 16(12), 4959. 

61. Mazhar, T., Irfan, H. M., Haq, I., Ullah, I., Ashraf, M., Shloul, T. A., ... & Elkamchouchi, D. 

H. (2023). Analysis of challenges and solutions of IoT in smart grids using AI and machine 

learning techniques: A review. Electronics, 12(1), 242. 

62. Fathollahi, A. (2025). Machine learning and artificial intelligence techniques in smart grids 

stability analysis: A review. Energies, 18(13), 3431. 

63. Khan, B., Padmanaban, S., Alhelou, H. H., Mahela, O. P., & Rajkumar, S. (Eds.). 

(2022). Artificial intelligence-based energy management systems for Smart Microgrids. CRC 

Press. 

64. Khaleel, M. (2023). Intelligent control techniques for microgrid systems. Brilliance: Research 

of Artificial Intelligence, 3(1), 56-67. 

65. Kumar, N. M., Chand, A. A., Malvoni, M., Prasad, K. A., Mamun, K. A., Islam, F. R., & 

Chopra, S. S. (2020). Distributed energy resources and the application of AI, IoT, and 

blockchain in smart grids. Energies, 13(21), 5739. 

66. Avdaković, S., Dedović, M. M., Hasković, E., Jašarević, Z., & Žugor, A. (2025, June). 

Applications of AI in Modern/Smart Power Grids: A Short Review. In 2025 10th International 

Conference on Smart and Sustainable Technologies (SpliTech) (pp. 1-9). IEEE. 

 

67. Rajitha, M., & Ram, A. R. (2024). An overview of Artificial Intelligence applications to 

electrical power systems and DC microgrids. In E3S web of conferences (Vol. 547, p. 01002). 

EDP Sciences. 

68. Kiliç, S. K., Özdemir, K., Yavanoğlu, U., & Özdemir, S. (2024, December). Enhancing smart 

grid efficiency through AI technologies. In 2024 IEEE International Conference on Big Data 

(BigData) (pp. 7068-7074). IEEE. 

69. De Dutta, S., & Prasad, R. (2020, October). Cybersecurity for microgrid. In 2020 23rd 

International Symposium on Wireless Personal Multimedia Communications (WPMC) (pp. 1-

5). IEEE. 

70. Elkholy, M. H., Yona, A., Ueda, S., Said, T., Senjyu, T., & Lotfy, M. E. (2023). Experimental 

investigation of AI-enhanced FPGA-based optimal management and control of an isolated 

microgrid. IEEE Transactions on Transportation Electrification, 10(2), 3670-3679. 

71. Meydani, A., Shahinzadeh, H., Ramezani, A., Moazzami, M., Nafisi, H., & Askarian-Abyaneh, 

H. (2024, February). Comprehensive review of artificial intelligence applications in smart grid 

operations. In 2024 9th International Conference on Technology and Energy Management 

(ICTEM) (pp. 1-13). IEEE. 

72. Omara, A., & Kantarci, B. (2024). An AI-driven solution to prevent adversarial attacks on 

mobile Vehicle-to-Microgrid services. Simulation Modelling Practice and Theory, 137, 

103016. 

73. Tabassum, T., Lim, S., & Khalghani, M. R. (2024). Artificial intelligence-based detection and 

mitigation of cyber disruptions in microgrid control. Electric Power Systems Research, 226, 

109925. 



 

82 
 

74. Ożadowicz, A. (2025). Towards Sustainable Buildings and Energy Communities: AI-Driven 

Transactive Energy, Smart Local Microgrids, and Life Cycle Integration. Energies, 18(21), 

5668. 

75. Gutiérrez-Escalona, J., Roncero-Clemente, C., Husev, O., Matiushkin, O., & Blaabjerg, F. 

(2024). Artificial intelligence in the hierarchical control of AC, DC, and hybrid AC/DC 

microgrids: a review. IEEE Access, 12, 157227-157246. 

76. Taher, M. A., Tariq, M., & Sarwat, A. I. (2024). Enhancing security in islanded AC microgrid: 

Detecting and mitigating cyber attacks in secondary control through AI-based method. IEEE 

Transactions on Industry Applications, 61(2), 2124-2134. 

77. Ali, S. S., & Choi, B. J. (2020). State-of-the-art artificial intelligence techniques for distributed 

smart grids: A review. Electronics, 9(6), 1030. 

78. Jiao, J. (2020, June). Application and prospect of artificial intelligence in smart grid. In IOP 

Conference Series: Earth and Environmental Science (Vol. 510, No. 2, p. 022012). IOP 

Publishing. 

79. Preethi, D., Shekhawat, J., Saraswat, B., Naik, H., & Desai, K. (2026). Self-Sustaining Energy 

Management Systems in Smart Microgrids Using Artificial Intelligence. International Journal 

of Control, Automation, and Systems, 1-23. 

80. Egbuna, I. K., Salihu, F. B., Okara, C. C., & Olayiwola, D. E. (2025). Advances in AI-powered 

energy management systems for renewable-integrated smart grids. World J. Adv. Eng. 

Technol. Sci, 15(2), 2300-2325. 

81. Jobayer, M., & Kumar, A. (2025). AI-Powered Energy Forecasting and Control for Smart 

Rural Energy Infrastructure. Applied IT & Engineering, 3(1), 1-6. 

82. Miranda-Hernandez, D., Meza-Molina, R., & Rodriguez-Gallo, Y. (2025, September). AI-

Based Smart Microgrids for Rural Electrification in Latin America: Challenges, Opportunities, 

and Future Directions. In 2025 IEEE Central America and Panama Student Conference 

(CONESCAPAN) (pp. 1-6). IEEE. 

83. Krishnan, R. S., Ashokkumar, C., Nithila, E. E., Soundiraraj, N., Malar, P. S. R., & Rani, P. 

A. (2024, August). AI-powered demand response mechanisms for sustainable smart grids.  

84. In 2024 5th International Conference on Electronics and Sustainable Communication Systems 

(ICESC) (pp. 87-92).  

 

85. IEEE.Agupugo, C. P., Ajayi, A. O., Nwanevu, C., & Oladipo, S. S. (2022). Advancements in 

technology for renewable energy microgrids. 

86. Degavath, K., & Gaddam, M. (2023). Adaptive Control of Smart Microgrid Using AI 

Techniques. In Wind and Solar Energy Applications (pp. 349-361). CRC Press. 

87. Esenogho, E., Djouani, K., & Kurien, A. M. (2022). Integrating artificial intelligence Internet 

of Things and 5G for next-generation smartgrid: A survey of trends challenges and 

prospect. Ieee Access, 10, 4794-4831. 

88. Sanjalawe, Y., Fraihat, S., Makhadmeh, S. N., & Alzubi, E. (2025). aI-powered smart grids in 

the 6G era: A comprehensive survey on security and intelligent energy systems. IEEE Open 

Journal of the Communications Society. 

89. Gangwar, H., Parambil Gangadharan, S. M., Daniel, L., Srinivasa Kumar, B., 

Hariramakrishnan, P., Ramkumar, G., ... & Ifseisi, A. A. (2023). Micro-grid renewable energy 

integration and operational optimization for smart grid applications using a deep 

learning. Electric Power Components and Systems, 1-16. 

90. Gooi, H. B., Wang, T., & Tang, Y. (2023). Edge intelligence for smart grid: A survey on 

application potentials. CSEE Journal of Power and Energy Systems, 9(5), 1623-1640. 

91. Cheng, L., & Yu, T. (2019). A new generation of AI: A review and perspective on machine 

learning technologies applied to smart energy and electric power systems. International 

Journal of Energy Research, 43(6), 1928-1973. 

92. Jain, V., Singh, S. V., Srivastava, A., & Pachauri, P. (2025, October). Intelligent Energy 

Management in Solar-Powered Microgrids Using AI-Based Load Forecasting and 

Optimization. In 2025 1st IEEE Uttar Pradesh Section Women in Engineering International 



 

83 
 

Conference on Electrical Electronics and Computer Engineering (UPWIECON) (pp. 752-

758). IEEE. 

93. Ojadi, J. O., Odionu, C. S., Onukwulu, E. C., & Owulade, O. A. (2024). AI-enabled smart grid 

systems for energy efficiency and carbon footprint reduction in urban energy 

networks. International Journal of Multidisciplinary Research and Growth Evaluation, 5(1), 

1549-1566. 

94. Yaqub, R., Ali, M., & Ali, H. (2021). DC Microgrid Utilizing Artificial Intelligence and Phasor 

Measurement Unit Assisted Inverter. Energies, 14(19), 6086. 

95. Liu, Z., Gao, Y., & Liu, B. (2022). An artificial intelligence-based electric multiple units using 

a smart power grid system. Energy Reports, 8, 13376-13388. 


	AI-Based Energy Management                                                                                       System for Smart Microgrid
	Masters of Electrical Engineering
	M S - 1 3
	T h e s i s C o m p l e t i o n C e r t i f i c a t e

	M S - 1 4 A
	Au t h o r ’ s D e c l a r a t i o n

	M S - 1 4 B
	P l a g i a r i s m U n d e r t a k i n g
	AI Based Energy Management System for Smart Microgrid



	Abstract
	Acknowledgments
	Fig. 2.1: Architecture and workflow of the.........................................................46
	Chapter 1
	Introduction
	1.3 Problem Statement
	1.6 Research Objectives
	1.7 Significance of the Study
	1.8 Scope of the Study
	1.9 Limitations of the Study
	1.0 Organization of the Thesis
	To create a logical, logical, and clear presentation of the research work on the development of an Artificial Intelligence-Based Energy Management System (AI-EMS) to smart microgrids, this thesis is divided into seven chapters. The chapters are design...
	Chapter 1: Introduction
	Chapter 1 presents the overall background of the study and introduces the concept of smart microgrids and their importance in modern energy systems. It discusses the global transition from conventional fossil-fuel-based power systems to renewable and ...
	Chapter 2: Literature Review
	Chapter 3: Methodology
	Chapter 3 explains the research methodology used to design the proposed AI-Based Energy Management System. It describes the system architecture, dataset selection, preprocessing techniques, and the development of predictive models. This chapter also p...
	Chapter 4: Implementation
	Chapter 5: Results and Discussion
	Chapter 5 discusses the results achieved using the AI-EMS and its analysis. It assesses the accuracy of forecasting models, such as RMSE, MAE, and R². Other matters discussed throughout the chapter are optimization results, system energy efficiency an...
	Chapter 6: Conclusion and Future Work
	Chapter 7: References
	All the references cited in the thesis are given in Chapter 7. It contains journal articles, conference papers, books and other academic sources utilized in the research. All the references cited are well organized and properly formatted in the same a...


	Chapter 2
	Literature Review
	2.1 Introduction
	Smart microgrids are miniature energy networks comprising of distributed generation, storage units, communications, intelligent controllers and controllable loads. They are capable of running simultaneously with existing utilities or can be run in a s...
	2.3 AI-Based Renewable Energy Forecasting
	2.4 Load demand Prediction Using AI
	2.5 AI-Based Optimization Techniques
	2.6 AI in Energy Storage Management
	2.7 AI-Based Control and Stability in Microgrids
	2.8 Integration of AI in Energy Management Systems
	2.9 Comparative Analysis of Existing Studies Table 2.1 shows that there are a number of studies done on the topic of AI-based energy management in smart microgrids. Studies are compared on the basis of methods, data sources, major findings and constra...

	Methodology
	3.1 Introduction
	3.3 Dataset Description: Open Power System Data
	Table 3.1: Dataset description of the Open Power System Data used in this research.

	3.3.2 Data Preprocessing
	3.4 Feature Extraction and Engineering
	3.4.1 Temporal Feature Engineering
	3.4.2 Meteorological and Environmental Features
	3.4.3 Lagged Variables and Rolling Statistics
	3.4.4 Feature Scaling and Dimensionality Reduction

	3.5 Proposed Modules
	3.5.1 Prediction Module
	3.5.2 Renewable Energy Generation Forecasting
	3.5.3 Load demand Forecasting
	3.5.4 Optimization module
	3.5.5 Energy Scheduling and Resource Allocation
	3.5.6 Energy Storage Management
	3.5.7 Control Module
	3.5.8 Real-Time Monitoring and Adaptive Control
	3.5.9 Fault Detection and Mitigation

	3.6.1 Prediction Module: Detailed Methodology
	3.6.2 Data Acquisition and Preprocessing
	3.7 Renewable Energy Generation Forecasting (LSTM)
	3.7.1 LSTM Architecture
	3.7.2 Input Features and Output

	3.7.3 Load demand Forecasting (XGBoost)
	The load demand forecasting is done by the widely used gradient boosting based ensemble learning algorithm XGBoost. The XGBoost is especially suitable for structured datasets, since it can model non-linear relationships among the input features and ta...
	3.7.4 XGBoost Model Configuration
	3.7.5 Input Features and Output
	3.7.6 Evaluation Metrics

	3.8.1 Optimization module
	3.8.2 Integration with the Prediction Module

	3.8.3 Mathematical Formulation of the Optimization Problem
	3.8.4 Objective Functions
	𝐦𝐢𝐧⁡𝑱= 𝒔𝒖𝒎(𝒕=𝟏 𝒕𝒐 𝑻)[(𝑪_𝒈𝒓𝒊𝒅,𝒕^𝒃𝒖𝒚 𝑷_𝒈𝒓𝒊𝒅,𝒕^𝒃𝒖𝒚− 𝑪_𝒈𝒓𝒊𝒅,𝒕^𝒔𝒆𝒍𝒍 𝑷_𝒈𝒓𝒊𝒅,𝒕^𝒔𝒆𝒍𝒍                         (𝟖)+ 𝑪_𝒈𝒆𝒏,𝒕 𝑷_𝒈𝒆𝒏,𝒕)𝑫𝒆𝒍𝒕𝒂_𝒕+ 𝑪_𝒃𝒂𝒕𝒕,𝒕^𝒅𝒆𝒈 ]
	𝑻𝒉𝒆 𝒐𝒑𝒕𝒊𝒎𝒊𝒛𝒂𝒕𝒊𝒐𝒏 𝒑𝒓𝒐𝒃𝒍𝒆𝒎 𝒊𝒔 𝒔𝒐𝒍𝒗𝒆𝒅 𝒔𝒖𝒃𝒋𝒆𝒄𝒕 𝒕𝒐 𝒕𝒉𝒆 𝒇𝒐𝒍𝒍𝒐𝒘𝒊𝒏𝒈 𝒐𝒑𝒆𝒓𝒂𝒕𝒊𝒐𝒏𝒂𝒍 𝒄𝒐𝒏𝒔𝒕𝒓𝒂𝒊𝒏𝒕𝒔.
	𝟎 ≤ 𝑷_𝒈𝒓𝒊𝒅,𝒕^𝒔𝒆𝒍𝒍≤ 𝑷_𝒈𝒓𝒊𝒅,𝒔𝒆𝒍𝒍^𝒎𝒂𝒙
	𝑻𝒂𝒃𝒍𝒆 3.2: Variable definitions used in the mathematical formulation.
	3.8.5 Optimization Algorithms
	3.8.6 Output of the Optimization module

	3.8.7 Strengthen quantitative/statistical analysis
	3.9 Control Module
	3.9.1 Role and Integration with the Optimization module
	3.9.2 Real-time System Monitoring and Data Acquisition
	checking of the system and prototracking of data. Real-time monitoring is one of the basic conditions in order to maintain the stable work of microgrid. The control m is continually accumulating information on all the sensors and measurement devices t...
	3.9.3 Adaptive Control Strategies
	3.9.4 Frequency and Voltage Regulation
	3.9.5 Power Flow Management and Congestion Mitigation
	3.9.6 Feedback Loop and Actuation
	3.9.7 Fault Detection, Isolation, and Restoration (FDIR)
	3.9.8 Cybersecurity Considerations
	3.10 Evaluation Metrics
	3.10.1 Mean Absolute Error (MAE)
	Mean Absolute Error (MAE) measures the average absolute difference between the actual values and the predicted values. It provides a direct indication of the average forecasting error without considering the direction of the error. A lower MAE indic...
	3.10.2 Root Mean Squared Error (RMSE)
	Root Mean Squared Error (RMSE) measures the square root of the average squared differences between the actual and predicted values. Unlike MAE, RMSE gives greater importance to larger forecasting errors because the errors are squared before averaging....
	3.10.3 Coefficient of Determination (R-squared, R^2)
	The Coefficient of Determination, represented by (R^2), measures how well the predicted values explain the variation in the actual observations. It provides an indication of the overall goodness of fit of the forecasting model. A higher (R^2) value in...
	3.10.4 Summary of Evaluation Metrics

	Table. 3.3: Table of Evaluation Metrics.
	3.11 Conclusion
	Chapter 4
	Implementation
	4.1 Introduction
	4.1.1 Software and Hardware Environment
	4.1.2 Dataset Integration and Preparation
	4.1.3 Systematic Implementation Process

	4.2 Software Implementation Environment: Google Collaborator and Python
	4.2.1 Google Collaborator as the Development Platform
	4.2.2 Python as the Core Programming Language
	4.2.3 Cloud-Based Execution and Experimentation

	4.3 Python Libraries for AI-EMS Implementation
	4.3.1 Tensor Flow and Keras: Deep Learning Framework for Prediction
	4.3.2 XGBoost: Gradient Boosting Framework for Prediction
	4.3.3 NumPy and Pandas: Data Manipulation and Numerical Operations
	4.3.4 Scikit-learn: Machine Learning Utilities and Evaluation
	4.3.5 PuLP: Optimization Modeling for Resource Allocation
	4.4 Conclusion
	Chapter 5
	Result
	5.1 Introduction
	5.2.1 Introduction
	5.2.2 Prediction Module Results
	5.2.2 Optimization module Results (Reinforcement Learning with PPO)
	5.2.3 Control moduleResults
	5.2.4 Overall System Performance Summary

	5.3 Comparative Analysis
	5.6.1 Comparison of Prediction Module
	5.6.2 Comparison of Optimization module
	5.6.3 Comparison of Control Module
	5.6.4 Overall System Comparison

	5.6.5 Discussion of Comparative Analysis
	Fig. 5.4: Performance comparison of proposed PPO-based optimization against Rule-Based, Genetic Algorithm, and DQN methods. Losses and grid dependency comparison of proposed PPO vs baseline methods.
	Fig: 5.5: Performance comparison of proposed adaptive control (Fuzzy + Neural Network) against conventional PI and Fuzzy Logic controllers.
	5.8 Discussion
	5.9 Conclusion
	Chapter 6
	Conclusion


	6.2 Limitations of the Study
	6.3 Future Work and Research Directions


	Chapter 7
	References

