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Abstract 

Microgrids have emerged as a viable option for enhancing energy dissemination 

infrastructures' effectiveness, dependability, and eco-friendliness, garnering 

considerable interest. The optimal utilization of resources and cost reduction are 

critical factors in microgrid energy management. The present research introduces 

the Enhanced Gray Wolf Optimization (EGWO) algorithm, which aims to 

optimize energy management in microgrids subject to uncertain load demands 

and renewable energy sources. The EGWO algorithm endeavors to reduce total 

energy expenditure while guaranteeing a dependable and enduring power 

provision. The utilization of the day ahead strategy is implemented using deep 

learning techniques to forecast the load demand and generation within the 

microgrid. Subsequently, the EGWO algorithm is employed to optimize the 

scheduling of the various components of the microgrid, encompassing renewable 

energy sources and storage devices, to attain the minimum energy cost amidst 

conditions of uncertainty. The efficacy and efficiency of the EGWO algorithm in 

enhancing the energy management of microgrids is demonstrated through a 

comparative analysis with other optimization algorithms. This research's findings 

indicate that the enhanced grey wolf optimization algorithm approach yields a 

significant reduction in operational expenses of up to 7.5%. The implementation 

of energy management is facilitated by utilizing the EGWO algorithm, which 

yields a final cost of 841.755 €ct/kWh. Obtaining 11% of the electricity from the 

primary power network was imperative to satisfy the required power load. The 

cost associated with the referenced power amounted to a nominal 5%, indicating 

a comparatively modest expenditure. 
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1. Introduction 

Energy management in recent years has been a topic of great interest in microgrids 

as the demand for sustainable and reliable energy sources has increased. Microgrids 

(MGs) are self-sufficient power systems that can function autonomously or in 

conjunction with the main power grid. They typically integrate renewable energy 

sources, energy storage systems, and conventional generators and are characterized 

by their small-scale nature [1]. Effective energy management in microgrids is 

important to ensure a reliable and sustainable energy supply while keeping costs 

low and reducing greenhouse gas emissions. The prevalence of microgrids is 

increasing in residential, commercial, and industrial settings due to the proliferation 

of decentralized energy sources such as solar panels and wind turbines [2]. 

Renewable Energy Sources (RES) are being used on a large scale nowadays to 

meet the growing need for power, reduce pollution, and improve social and 

economic conditions for sustainable development [3]. Compared to a conventional 

grid-connected microgrid, the solar PV-integrated microgrid demonstrates greater 

cost efficiency [4]. In contrast, renewable energy sources encounter various 

challenges, with the primary concern being their variable electricity output.  

Several kinds of research have been carried out on energy management, and 

different researchers have used different techniques to manage Energy in MG. 

Detailed analysis shows that energy management helps in operational cost 

reduction. Amoura et al. [5] have designed a system for the maximum operation of 

MG utilizing linear and non-linear optimization methods in distributed energy 

management. The main focus of this work is optimization for the management of 

Energy in MG, considering the uncertainties of wind. This results in investigating 

the energy management in MG by considering the uncertainties of wind and its 

effect on wind turbine power production and proposing different approaches for the 

same. Rizvi et al. [6] have developed an energy management technique for 

improving the efficiency and reliability of MG. A deep learning-based, short-term 

memory-based method has been implemented to forecast demand and generate the 

next day. It has thus been concluded that energy management has been done with 

the help of power scheduling between different units of MG while minimizing the 

operational cost.  

Roy et al. [7] have done the energy management system (EMS) with the help 

of an intelligent method based on RNN (Recurrent Neural Network) and an 

algorithm used for energy scheduling to meet the load demand. The main function 

is to analyse the operation of MG and its cost function and achieve optimal 

scheduling and minimum production cost. Thus, this concludes that the production 

cost has been minimized and optimum usage of renewable energy sources has been 

done. Battula et al. [8] presented Hong's 2 m approximation method, which is 

probability-based and is used to manage forecasting uncertainty. The offered 

approach resolves the restricted convex problem in calculating optimal load 

shifting using a metaheuristic genetic algorithm (GA). The result shows that using 

DR and Day-ahead energy management increases the intended objectives while 

likely having an unpredictable impact, which benefits both the control operator and 

the customer. Sedighizadeh et al. [9] have presented the energy management 

system designed for MG based on two stages with RES, Energy Storage System, 

household, and commercial loads while capable of forecasting load.  
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To predict the electricity prices of renewable energy generation and the 

electricity demand, an advanced technique of MLP-ANNs (Multi-Layer 

Perceptron-Artificial Neural Networks) is developed. It thus concludes the 

generational uncertainties and operational costs are reduced with the help of the 

proposed method. Shahryari et al. [10] have formulated the management of energy 

problems for grid-connected MG for generating side perspective, which includes a 

wind turbine, photovoltaic, micro turbine, fuel cell, and energy storage system. The 

load pattern is modified so that the balance between generation and consumption 

can be maintained.  

Murty and Kumar [11] presented a new uncertainties modeling using a hybrid 

model, which is based on the copula function. It thus concludes a multi-objective 

optimization reduces the operational cost and environmental pollution in the EMS 

using the multi-objective group search optimization (MOGSO) algorithm. 

Arkhangelski et al. [12] present a sophisticated energy management solution for 

urban microgrids, incorporating predictive DA-OPF, deep learning LSTM data 

forecasting, and MINLP optimization techniques. It has been observed that the 

utilization of the DA-OPF operation mode resulted in a notable decrease in 

electricity prices as opposed to the alternative approach of enhancing self-

consumption. Engaging in demand response presents an opportunity to decrease 

the cost of electricity within urban microgrid communities substantially. This 

demonstrates that implementing intelligent urban microgrid management using 

DA-OPF to provide ancillary services for distributed generation (DG) flexibility 

can result in substantial economic advantages for urban microgrids under similar 

operational conditions. Aslam et al. [13] introduce a home energy management 

strategy that combines intelligent appliances, a grid-connected microgrid fuelled 

by renewable energy sources, and energy storage technologies to reduce residential 

energy costs and the peak-to-average ratio. MILP effectively addresses the 

scheduling problem using a precise day-ahead energy prediction model called 

EDE-ANN. The simulations indicate that the proposed scheme reduces electricity 

bills by 45% in the absence of microgrid integration and by 80% when microgrid 

integration is implemented.  

The integration of renewable energy sources and microgrids yields significant 

implications. The EDE-ANN energy forecasting model is more accurate than the 

conventional ANN model. The proposed methodology aims to enhance the 

efficiency of appliance scheduling and electric vehicle (EV) charging and 

discharging, resulting in cost savings for residential households and improved 

accuracy in energy forecasting. In the study of Leonori et al. [14], a comparison of 

various lightweight EMS models synthesized using machine learning algorithms 

across six distinct simulation scenarios has been done. The results indicate that an 

RTH-based EMS exhibits the highest overall performance. However, in certain 

instances, alternative EMSs have demonstrated competitive outcomes. 

Specifically, EMSs that utilize Fuzzy-based energy management systems (EMS), 

particularly the Adaptive Neuro-Fuzzy Inference System (ANFIS) EMS, exhibit a 

greater degree of readability and interpretability compared to other EMSs that can 

be categorized as black-box models, such as the Rolling Time Horizon (RTH) 

EMS. The algorithm demonstrates applicability in the context of microgrids. It is 

thus concluded from the above literature that energy management in microgrids has 

been carried out using different approaches, one of which is the optimizing cost 
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function, and the purpose of performing these types of methods is to reduce or 

optimize the operational cost of MG.  

MGs typically need help meeting the load's demand because the sources cannot 

produce power continuously [6]. Since load and RES are unpredictable, energy 

management systems (EMS) are required to handle this problem. From previous 

studies, very few studies have targeted the uncertainties of load. For which the 

forecasting of the load is performed, and variation in load helps in the optimization 

process. Managing Energy in MG becomes complex due to uncertainties [8]. Thus, 

the uncertainty analysis must be incorporated into the energy management problem. 

This research presents energy management for an MG. A deep learning-based 

model is used to predict load demand during the day. The uncertainties in load 

demand are formulated with the help of the Gaussian probability distribution 

function (PDF). A novel concept of "Day ahead" is introduced in this research. The 

concept enables microgrid operators to make well-informed decisions regarding 

energy consumption and production by considering energy sources' anticipated 

demand and availability. 

2.Methodology  

2.1. Problem Formulation 

This study addresses the energy management issue within microgrids to achieve an 

equilibrium between power consumption and production. This approach is essential 

for ensuring the reliability and sustainability of microgrids. The power sources 

being considered for microgrids are either dispatchable or non-dispatchable. The 

non-dispatchable sources in this context refer to wind turbines (WT) and 

photovoltaic (PV), while the dispatchable sources are represented by microturbines 

(MTs) and energy storage (ES). The loads are also considered sources of energy. 

Maintaining the desired supply as required by the load is a challenging task due to 

the uncertain nature of the load. The focus of energy management is optimizing 

costs while meeting the demand of MG [8]. The multi-objective of the work is 

presented as follows:  

𝐶𝑓 = 𝑚𝑖𝑛 ∑ (𝐶𝑁𝐷 + 𝐶𝐷 + 𝐶𝐸𝑆 )𝑛                                                          (1) 

whereas 𝐶𝑁𝐷  represents the cost of power generated by the non-dispatchable 

source,  𝐶𝐷 represents the cost of power produced by the dispatchable sources, 

𝐶𝐸𝑆 represents the generation cost by energy storage sources while charging. 

The cost of power produced by the non-dispatchable sources is formulated 

using the following mathematical equation below. 

𝐶𝑁𝐷 = ∑ 𝑃𝑖,𝑁𝐷(𝜇 𝑖,𝑁𝐷)
𝑁𝑛𝑑 
𝑖=1                                                                        (2) 

where 𝜇 𝑖,𝑁𝐷 represents the 𝑖𝑡ℎ non-dispatchable source, 𝑃𝑖,𝑁𝐷power generated by 

the non-dispatchable source and 𝑁𝑛𝑑  represents the number of non-dispatchable 

sources in the MG system. 

The cost of power produced by the dispatchable sources is formulated using the 

following mathematical equation. 

𝐶𝐷 = ∑ 𝑃𝑖,𝐷(𝜇 𝑖,𝐷)
𝑁𝑑
𝑖=1                                                                       (3) 
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where 𝜇 𝑖,𝐷 represents the 𝑖𝑡ℎ  dispatchable source, 𝑃𝑖,𝐷  represents the power 

produced by the dispatchable source and 𝑁𝑑 represents the number of dispatchable 

generating sources. 

The following equation formulates the cost of power consumed by the ES: 

𝐶𝐸𝑆 = ∑ 𝑃𝑖,𝐸𝑆𝜇𝐸𝑆(1 − 𝑋𝐸𝑆)𝑁𝐸𝑆
𝑖=1                                                                       (4) 

where 𝜇𝐸𝑆  represents the 𝑖𝑡ℎ  charging source, 𝑋𝐸𝑆 represents the ES operation 

mode, 𝑃𝑖,𝐸𝑆  represents the amount of power consumed and 𝑁𝐸𝑆 represents the 

number of ES devices 𝑋𝐸𝑆  represents the operation mode of ES.  𝑋𝐸𝑆 = 0 While 

discharging and 𝑋𝐸𝑆 = 1 while charging. 

2.2. Constraints 

In the energy management of a Microgrid (MG), a constraint refers to any limitation 

or requirement that must be considered when managing the energy resources within 

the MG [8]. The following are some examples of constraints that may apply to MG 

energy management.  

i.  Equality constraint: 

An equality constraint in a Microgrid (MG) refers to a condition where the value 

of a variable or parameter within the MG must be equal to a specified value. 

∑ 𝑃𝑖,𝑁𝐷𝑁𝑁𝐷
𝑖=1 + ∑ 𝑃𝑖,𝐷𝑁𝑁

𝑖=1 + ∑ 𝑃𝐸𝑆−(1 − 𝑋𝑖,𝐸𝑆)𝑁𝐸𝑆
𝑖=1 = ∑ 𝑃𝑖,𝐸𝑆+(𝑋𝑖,𝐸𝑆)

𝑁𝐸𝑆
𝑖=1               (5) 

where 𝑃𝑖,𝐸𝑆+is the power consumed by the ES source for charging. 

ii. Inequality constraints: 

Several inequality constraints must be considered in microgrid energy to ensure the 

system operates safely and efficiently. These constraints typically relate to the 

capacity limits of various system components, such as generators, energy storage 

systems, and distribution equipment, as well as the demand requirements of the 

loads connected to the microgrid [15]. The inequality constraint of the non-

dispatchable source is as given below: 

0 ≤ ∑ 𝑃𝑖,𝑁𝐷𝑁𝑁𝐷
𝑖=1 ≤ 𝑃𝑚,𝑁𝐷                                                                                     (6) 

where 𝑃𝑚,𝑁𝐷 is  the maximum amount of power produced by the non-dispatchable source. 

2.3. Uncertainty Modelling of Load Using Gaussian PDF. 

In microgrid mathematical formulation, uncertainty modeling of the load is an 

important aspect that needs to be considered. One way to model this uncertainty is 

using a Gaussian Probability Density Function (PDF). 

A Gaussian PDF, also known as a normal distribution, is a continuous 

probability distribution with a bell-shaped curve. It is characterized by its mean and 

standard deviation, which represent the central tendency and the spread of the 

distribution, respectively. To explain the uncertainty of load, the normal 

distribution can be utilized. The density function of the load is given as under: 

𝑓(𝑄𝐿) =
1

√2𝜋𝜌𝐿
𝑒𝑥𝑝 (−

(𝑄𝐿−𝛾𝐿)2

2𝜌𝐿
2 )                                                                           (7) 
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whereas 𝑄𝐿represents the value of load and  𝜌𝐿 represents the standard deviation of 

the load 𝛾𝐿 expected load. 

2.4.  Proposed Solution  

This research presents a two-stage control method for microgrid energy 

management. It enhanced the Grey Wolf optimization algorithm and Long-Short-

Term Memory (LSTM) deep learning methodology. The proposed method is meant 

to keep the grid operator satisfied by keeping up with their power needs while also 

making use of the renewable energy that is already being produced. The proposed 

methodology can be shown in Fig. 1. 

 

Fig. 1. The proposed structure of energy management in microgrid. 

The amount of electricity required by the grid operator is listed as a benchmark 

for the microgrid's energy source input. The proposed strategy must correctly 

reference all the system's power. The suggested method's goal is to reduce the MG 
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generation cost, as determined by the system's information and subject to equality 

and inequality restrictions. PV power, wind power, power demand, and the charge 

levels of storage devices are the limitations. It is common practice to use batteries 

as a backup power source for renewable energy generators to ensure that their 

output power remains consistent even when conventional power sources are not 

available. First, the LSTM method is used to forecast load demand over 24 hours. 

In the next step, the MG system's ideal outputs are derived by feeding the projected 

values into the EGWO.  

2.5. Day ahead forecasting. 

The day-ahead refers to the period preceding the actual day when a particular event 

or activity is scheduled. Forecasting the load for the upcoming day is carried out 

through load forecasting. 

 

Fig. 2. The LSTM Technique and Results for Forecasting of Load Demand. 

Forecasting the load demand for the upcoming day can enhance the 

dependability of microgrids, decrease operational expenses, and promote microgrid 

stability, as noted in sources 16 and 17. Predicting future events is facilitated by 

employing a deep learning algorithm called LSTM, a variant of the recurrent neural 

network (RNN) structure. The LSTM architecture is precisely engineered to 

address the vanishing gradient issue commonly encountered in conventional RNNs. 

The deep-learning-based model proposed to predict the hourly load demand 

during the day uses a neural network architecture designed to learn and generalize 

from the historical load demand data. The model is trained on a dataset of hourly 
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load demand values and corresponding input features, such as weather conditions, 

time of day, day of the week, etc. 

The model's performance is evaluated by comparing its predictions to the actual 

load demand values using the MSE. A lower MSE value indicates better 

performance, meaning the model's predictions are closer to the actual values. The 

pictorial view of LSTM forecasting can be shown in Fig. 2. 

The evaluation of the deep-learning-based model for forecasting hourly load 

demand during the day is based on its capacity to predict load demand values with 

precision and reduce the Mean Squared Error (MSE) between the predicted and 

actual values. Algorithm 1, presented below, is utilized for day-ahead forecasting. 

Algorithm 1: Deep Learning for Day-Ahead Forecasting 

Input: load Demand data X 

Output: Forecasted load demand  

• Trained LSTM model with updated weights and biases 

Step 1. Divide the historical data into training and validation sets using a 

validation split. 

Step 2. Define the LSTM model architecture: 

a. Add LSTM layers with hidden size and dropout to the model, with 

return_sequences = True for all but the last layer 

b. Add a Dense layer with output-size neurons as the output layer. 

c. Compile the model with mean squared error loss and Adam optimizer 

with learning rate. 

Step 3. For each epoch: 

a. Shuffle and batch the training data (80%) 

b. For each batch: 

c. Evaluate the model on the validation set and compute the validation 

loss. 

d. If early stopping is True and the validation loss has not improved for 

patience epochs, stop training. 

e. Print the average training and validation loss over the entire epoch. 

Step 4. Return the trained LSTM model with updated weights and biases. 

Step 5. To forecast load demand for the next day: 

a. Prepare the input sequence for the next day by appending the historical 

data with the current day's load demand. 

b. Feed the input sequence to the trained LSTM model to obtain the 

predicted load demand for the next day. 

2.6. Enhanced grey wolf optimization. 

Wang et al. [16] introduced the grey wolf optimization method. Being apex predators, 

wolves can easily catch prey. Wolves have a strict social structure and like 

socializing. The GWO algorithm was initially derived from the hunting patterns of 

grey wolves, and it emulates the social hierarchy and hunting behavior of these 

animals during the optimization process. The proposed algorithm sustains a populace 
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of potential solutions denoted as "wolves," which engage in cooperative and 

competitive interactions to ascertain the most optimal solution. The wolves exhibit a 

hierarchical structure consisting of four distinct levels, namely alpha, beta, delta, and 

omega. These levels correspond to the highest-ranking, second highest-ranking, third 

highest-ranking, and lowest-ranking individuals in the population, respectively. 

The EGWO algorithm builds upon the original GWO algorithm. It aims to 

improve the convergence rate and the search accuracy of the original GWO by 

introducing a set of modifications to the basic GWO algorithm. The improvement 

in Grey Wolf Optimization (GWO) using Social Cognitive Theory (SCT) [17] is 

an attempt to incorporate insights from psychology and behavioural sciences into 

the optimization process. The main idea behind this approach is to model the 

behavior of the wolves as social cognitive agents that learn from their experience 

and the experience of others in the pack. The behavior of wolves can be 

mathematically modelled using the following equations: 

𝐷⃗⃗ = |𝐶 ∙ 𝑌𝑝
⃗⃗  ⃗(𝑡) − 𝑌⃗ (𝑡)|                                                                                         (8) 

𝑌⃗ (𝑡 + 1) = 𝑌⃗ (𝑡) − 𝐴 ∙ 𝐷⃗⃗                                                                                       (9) 

where 𝐷⃗⃗  and 𝐴  represents the coefficient of vector location of the prey, (𝑡)  is the 

current iteration,  𝑌⃗  denotes the grey wolf's position vector. By determining the 𝐶  and 

𝐴  vectors, we may get the enclosing equation.  

𝐴 = 2𝑎 ∙ 𝑟1⃗⃗⃗  − 𝑎                                                                                                    (10) 

𝐶 = 2 ∙ 𝑟2⃗⃗  ⃗                                                                                                                           (11) 

where  𝑟1⃗⃗⃗   and 𝑟2⃗⃗  ⃗ are random vectors in the range [0, 1], and the coefficient 𝑎  goes from 

2 to 0 linearly as the iteration count increases.  

During each iteration, the top solutions provided by α, β, and δ are recorded, 

and the remaining wolves ω adjust their placements following the top solutions. An 

improvement has been introduced in equations 12, 13, and 14 by adding 𝑌𝑐𝑔 as a 

cognitive factor given to the individual learning component in the search for an 

optimal solution. 𝑤  determines the weight. Similar improvement has also been 

made for  𝐷𝛽
⃗⃗ ⃗⃗   and 𝐷𝛿

⃗⃗ ⃗⃗   . These steps are defined in equations 13, 14, and 15. 

𝐷𝛼
⃗⃗⃗⃗  ⃗ = 𝑤 ∙ |𝐶1

⃗⃗⃗⃗ ∙ 𝑌𝛼
⃗⃗⃗⃗ − 𝑌⃗ | + (1 − 𝑤) ∙ |𝐶4 ∙ 𝑌𝛼

⃗⃗⃗⃗ − 𝑌𝑐𝑔
⃗⃗ ⃗⃗  ⃗|                                                   (12) 

𝐷𝛽
⃗⃗ ⃗⃗  = 𝑤 ∙ |𝐶2

⃗⃗⃗⃗ ∙ 𝑌𝛽⃗⃗  ⃗ − 𝑌⃗ | + (1 − 𝑤) ∙ |𝐶5 ∙ 𝑌𝛽⃗⃗  ⃗ − 𝑌𝑐𝑔
⃗⃗ ⃗⃗  ⃗|                                                   (13) 

𝐷𝛿
⃗⃗ ⃗⃗  = 𝑤 ∙ |𝐶3

⃗⃗⃗⃗ ∙ 𝑌𝛿
⃗⃗  ⃗ − 𝑌⃗ | + (1 − 𝑤) ∙ |𝐶6 ∙ 𝑌𝛿

⃗⃗  ⃗ − 𝑌𝑐𝑔
⃗⃗ ⃗⃗  ⃗|                                             (14) 

where, 𝑌𝛼
⃗⃗⃗⃗ , 𝑌𝛽⃗⃗  ⃗, and 𝑌𝛿

⃗⃗  ⃗ are the position vector of α, β, and δ. 𝐶1
⃗⃗⃗⃗ , 𝐶2

⃗⃗⃗⃗ , 𝐶3
⃗⃗⃗⃗ , 𝐶4, 𝐶5,  and 𝐶6

⃗⃗⃗⃗  

are the arbitrarily generated vectors, 𝑌⃗  corresponds to the current individual's position 

vector. 

𝑌1⃗⃗  ⃗ = 𝑌𝛼
⃗⃗⃗⃗ − 𝐴1

⃗⃗⃗⃗ ∙ (𝐷𝛼
⃗⃗⃗⃗  ⃗)                                                                                                         (15) 

𝑌2
⃗⃗  ⃗ = 𝑌𝛽⃗⃗  ⃗ − 𝐴2

⃗⃗ ⃗⃗ ∙ (𝐷𝛽
⃗⃗ ⃗⃗  )                                                                                                         (16) 

𝑌3
⃗⃗  ⃗ = 𝑌𝛿

⃗⃗  ⃗ − 𝐴3
⃗⃗ ⃗⃗ ∙ (𝐷𝛿

⃗⃗ ⃗⃗  )                                                                                                         (17) 
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𝑌1⃗⃗  ⃗,  𝑌2
⃗⃗  ⃗, and 𝑌3

⃗⃗  ⃗ represent the vector produced at random, 𝑡 is the repetition count. 

𝑌⃗ (𝑡 + 1) =
𝑌1⃗⃗⃗⃗ +𝑌2⃗⃗⃗⃗ +𝑌3⃗⃗⃗⃗ 

3
                                                                                                      (18) 

By lowering parameter, A, the grey wolf agents' ability to be explored and 

exploited increases. Exploration takes up one-half of iterations (|A|≥1). Another 

half of the iterations are exploited when (|A|≤1) occurs. The EGWO's (Algorithm 

2) pseudo-code is given in the following format: 

Algorithm 2: pseudo code of Enhanced Grey Wolf Optimization  

Initialize a population of n wolves randomly. 

Define the fitness function f(y) for the problem. 

Set the maximum number of iterations T. 

Set the initial iteration t = 0 

While t < T: 

   Set 𝑟1 and 𝑟2 

Update the value of 𝑎, 𝐴, and 𝐶 through equations (10) and (11)  

For each wolf 𝑖 in the population: 

        For 𝑗  

            Update the position of the alpha, beta delta wolf using Eq. (12, 13, 

and 14) 

         End 𝑗 

End 𝑖 

Evaluate the fitness of the updated position. 

If the fitness of the updated position is better than the fitness of the original 

position: 

           Replace the original position with the updated position. 

    Increment the iteration count t. 

End while 

Return 

3. Results 

This section demonstrates the outcomes of implementing the abovementioned 

methodologies and optimizations for energy management in a microgrid. The 

Fairbanks North Star in Alaska compiled the household data used in the paper [6]. 

The winter day-load profile of homes is depicted in Fig. 3, taking the input data as 

15 households. According to the data in the figure, the apartment's heating, 

ventilation, and air conditioning system (HVAC) consumes the most electricity out 

of all the appliances in use there. Several components, including BESS (Battery 

Energy Storage System), PV, and wind, are linked to supply the necessary load. 

Figure 4 illustrates the load profiles for winter days under both time-of-use and 

flat pricing schemes. The presented figure illustrates the dispersion of the load 

following the load demand while incurring a cost that is lower than the flat rate. 

Upon the integration of photovoltaic systems (PVs) and wind turbines (WTs) into 

the system, the representation of the real-time load is illustrated in Fig. 5. The 
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results depicted in Fig. 5 demonstrate that during periods of high electricity 

demand, the proposed methodology effectively alleviates strain on the primary 

power grid, with the microgrid satisfying the overall energy requirements. The 

proposed scheme involves procuring electricity from the external grid during 

periods of low generation from renewable sources.  

 

Fig. 3. Load profile during the winter season. 

 

Fig. 4. The load profile generated for a winter day. 



Microgrid Energy Management with Day Ahead and Novel EGWO . . . . 2939 

 
 
Journal of Engineering Science and Technology      December 2023, Vol. 18(6) 

 

 

Fig. 5. Power-fetched from different sources to fulfil the load demand. 

According to the graphical representation, the highest demand for electricity 

during the morning hours is observed between 9:00 and 10:00. Procuring electricity 

from the utility grid during the abovementioned periods is deemed superfluous as 

alternative energy sources can sufficiently cater to the electricity requirements. 

Renewable energy sources, such as wind turbines (WTs) and photovoltaic panels 

(PVs), can effectively diminish the electricity demand. The maximum amount of 

supplementary energy has been successfully obtained from the MTs. The 

expenditure incurred by users for this supplementary energy is considerable. The 

highest electricity demand period, commonly called peak load, is typically 

observed from 7:00 to 9:00 p.m. daily. The visual representation additionally 

depicts instances, specifically at 14, 11, and 8, wherein the sources cannot satisfy 

the required load. Despite meeting the required demand, the above sources exhibit 

excess energy at 9, 10, and 21. Additional enhancements to the system are 

necessary to eradicate this limitation. 

Figure 6 illustrates the total proportion of power utilized, the percentage of 

power purchased, and the corresponding costs. A microgrid that integrates micro-

gas turbines, solar panels, wind turbines, and fuel cells is put through effective 

energy management with just residential consumers in mind. As mentioned in 

Section 2, our primary goal is to reduce the cost function using a day-ahead 

technique. An enhanced grey wolf optimization algorithm optimized energy 

management and reduced operational expenses in response to load demand with 

the help of a day-ahead strategy.  

The findings of this investigation indicate that, notwithstanding various 

constraints and attributes, the EGWO methodology leads to a reduction in expenses. 

Using EGWO resulted in a notable reduction in the overall power procurement cost. 

The algorithm minimized expenses associated with power purchases through 

strategic decision-making and optimization techniques while maintaining a reliable 

supply to meet the system's demand. As depicted in Fig. 6, the PAFC and extra 

microturbine demonstrate equivalent power utilization of 30%. However, it is 
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noteworthy that the cost associated with the PAFC is comparatively lower than that 

of the extra microturbine. As illustrated in Fig. 6, purchasing 11% of power from the 

primary grid was necessary to meet the load demand. The associated cost amounted 

to 5%, which is comparatively low concerning alternative approaches. 

 

Fig. 6. Distribution of power purchased, and cost obtained using EGWO. 

State-of-the-art comparison 

According to the studies, the optimum strategy depends on the microgrid's 

renewable energy sources, size, capacity, and load profile. Microgrid energy 

management optimizes operational costs. EGWO operating cost findings are 

compared to those from the hybrid grasshopper and flower pollination algorithm 

(GHFPOA) [6] and linear programming optimization [18] to show the upgraded 

version's superiority. The final cost of implementing energy management by the 

different methods is shown in Table 1. 

Table 1. Comparison of cost reduction by different techniques. 

Optimization Technique 
Cost Reduction/comparison 

€ct/kWh 

GHFPOA Algorithm [6] 856.50 

Linear programming [18] 907 

MILP [19] 1250.76 

GWO 845.012 

EGWO (proposed) 841.755 

4. Conclusion 

The "day ahead" strategy augments the suggested methodology's efficacy, thereby 

enabling microgrid administrators to make reasonable determinations regarding 

energy consumption and production, predicated on anticipated demand and the 

accessibility of renewable resources. The effectiveness of the suggested 

methodology in scheduling home appliances in accordance with the microgrid 

electricity generation pattern has been confirmed through optimization outcomes. 
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As a result of the implementation of the proposed scheme, there has been a 

reduction in electricity costs of 7.5%. Enhancing the resilience and security of 

microgrid systems against natural disasters, cyber-attacks, and other potential 

threats is crucial. The main contribution of the work is as under: 

• The present study suggests using multi-objective optimization techniques to 

manage energy in a microgrid system. The study introduces an advanced 

approach, Enhanced Grey Wolf Optimization (EGWO), to optimize the 

overall cost of the system involving multiple energy sources and battery 

storage systems. 

• The proposed approach considers the uncertainties associated with load and 

aims to forecast the hourly load demand throughout the day. The study presents 

a new model based on deep learning techniques evaluated using the mean 

squared error (MSE) metric. 

• Utilizing the novel "day ahead" concept enables microgrid operators to make 

well-informed decisions regarding energy consumption and production by 

considering the anticipated demand and availability of energy sources.   

Future research can focus on developing robust and secure control strategies, 

fault detection and recovery mechanisms, and advanced cybersecurity measures to 

ensure the reliability and resilience of energy management in microgrids. 

 

Nomenclatures 

 

BESS Battery Energy Management System 

EDE-ANN Enhanced Differential Evolution Artificial Neural Network 

EGWO Enhanced Grey Wolf Optimization 

EMS Energy Management System 

ESS Energy Storage System 

GA Genetic Algorithm 

HVAC Heating, Ventilation & Air Conditioning System 

LSTM Long-Short-Term Memory 

MG Microgrid  

MLP-ANN Multi-Layer Perceptron- Artificial Neural Network 

MOGSO multi-objective group search optimization 

MSE Mean Squared Error 

MT Micro Turbine 

PDF Probability Distribution Function 

PV Photovoltaic 

RES Renewable Energy Resources 

RNN Recurrent Neural Network 

SCT Social Cognitive Theory 

WT Wind Turbine 
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