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The study presents an analysis of the structural relationships of complex energy systems 

based on renewable energy sources and information processes that support their work. Modeling 

of information support of energy life cycle management in Microgrid is performed. First, the 

structural models of the life cycle of energy and information in Microgrid are considered, the 

analysis of information processes in the management of energy infrastructure. It is determined 

which models of process forecasting in energy systems and models of decision support in energy 

life cycle management in Microgrid have the greatest efficiency. 

 

INTRODUCTION 

In recent years, according to the International Climate Agreement [1], 

countries need to reduce greenhouse gas emissions and introduce the transition to a 

low-carbon, sustainable economy. Achieving these goals is possible through the 

implementation of energy efficiency strategies and energy production from 

renewable energy sources (RES), restructuring of energy systems taking into account 

the active use of RES. 

Since most RES can be used in a decentralized manner, the distributed 

principle of power generation and micro-grid (MG) is a good development and 

integration option for these systems. 

Due to their distributed structure, Microgrid networks are heterogeneous and 

complex systems that are equipped with a wide range of energy generation elements 

and are used by consumers of various types from industrial to domestic. Because the 

level of energy generation from renewable sources is difficult to predict and depends 

on meteorological conditions, Microgrid networks require the use of advanced 

control and adaptive control to fully realize their potential and ensure balance in the 
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energy network [2]. The task of expanding the existing Microgrid networks and 

creating Microgrid clusters with decentralized management is urgent, which requires 

the development of appropriate information support. 

The growing number of measuring and control devices owned by Microgrid 

networks, as well as the challenges of improving the quality of Microgrid networks, 

the development of the Microgrid concept as a component of Energy 4.0 in Industry 

4.0, necessitated the development of models and tools for continuous monitoring, 

processing and analysis data at different stages of the Microgrid life cycle.  

Therefore, it is important to determine the typical structure of the energy 

system, analyse the life cycle of energy and information in it, analyse information 

processes in planning and management of energy infrastructure, identify models for 

forecasting and decision support in energy lifecycle management in Microgrid. 

 

1. STRUCTURAL MODELS OF THE LIFE CYCLE OF ENERGY AND 

INFORMATION IN MICROGRID 

Microgrid can be defined as a network of electricity distribution with its own 

energy resources, which is able to operate autonomously as a small electrical 

network [3]. Such networks are specially designed to operate in the low or medium 

voltage range using renewable energy sources such as solar panels and / or wind 

turbines, fuel cells, etc. and battery storage systems to meet local load requirements. 

Microgrid can operate in isolation or be connected to the main network through a 

macro station - a subscriber station. These characteristics make them suitable for use 

in rural or remote areas.  

Along with the growing development of renewable energy, the concept of 

multi-microgrids has emerged, which describes the idea of a cluster of interconnected 

microgrids. The purpose of this connection is to achieve firmness and stability 

through energy exchange and mitigate the impact of connecting distributed 

generation units to power systems. 

This paper considers a multi-microgrid that covers several microgrids. Each 

Microgrid can consist of several wind turbines and/or solar panels (EG), a battery 
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storage system (BESS), and local loads. All microgrids are connected to a 

distribution network, which is connected to the main network (Main GRID) at the 

point of joint connection. There is a connection between each of the networks both 

at the energy and information level. Through the measuring elements, each micro-

network can receive the provided data from the distribution network operator (DNO) 

and has the opportunity to share its own information with DNO or other micro-

networks. In this case, energy can be transmitted bilaterally between the DNO and 

each microgrid. Meanwhile, the DNO can exchange energy bilaterally with the main 

network. A typical scheme of such a system is shown in fig. 1.1. 

 
Electricity flow

Information flow

  
Fig. 1.1. A typical multi-microgrid scheme 

 

The large number of different generation systems that make up the multi-

microgrid can have a negative impact on the power supply due to fluctuations in 

voltage and power quality due to uncertainty in the generation process. For example, 
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weather conditions affect the energy potential of solar and wind power generation, 

and load needs can lead to energy shortages or surpluses, both at different times of 

the day and at different times of the year. Therefore, while distributed energy 

resources can potentially reduce the need for traditional energy system expansion, 

new challenges arise in ensuring the efficient operation, monitoring and control of 

microgrids. 

To solve them, various approaches can be used: the use of storage batteries to 

mitigate the peaks formed in these systems; use of intermittent renewable energy 

management models; stochastic methods of energy management in several 

microsets; demand response mechanisms based on consumer forecasts, etc. 

Within one Microgrid, there are electric and information flows that need to be 

effectively controlled. The fundamentals of information management are presented 

in Krcmar [4]. The authors define three layers of data that are relevant for information 

management: 

• the lower level determines the management of technical infrastructure, 

namely information and communication technologies. 

• the second level focuses on the management of information systems 

(e.g., data structure). 

• the upper level deals with the tasks of managing the results of systems. 

For example, the use of information to improve the transmission and distribution of 

electricity. 

In [5] it is proposed to consider Microgrid not only as energy technologies for 

the production, storage, distribution and consumption of energy, but also with a focus 

on the information component. Microgrid as a structure should be considered in 

addition to political, economic, social, technological, legal and environmental 

factors. It is assumed that the Microgrid can operate in the mode of connection to an 

external electrical network or in a stand-alone, island mode.  

The information flow in Microgrid allows the exchange of information 

between neighbouring networks and, for example, weather forecast, measurement 
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data or trade in external energy markets [6]. Flows from the information network can 

affect the physical flows in the micro grid: for example, information about the price 

of electricity affects the consumption or sale of electricity. External parameters, such 

as market characteristics of the equipment, affect the design of micronetworks.  

Fig. 1.2 shows a typical organization of the power grid system taking into 

account information flows.  

 

External factors: political, legal, environment, 
technological, social, economic

Energy technology

Communication  
infrustructure

Information systems

Information management

Power Grid
 

Fig. 1.2. Information levels of microgrid operation 

 

The following levels can be distinguished: I level of Energy Technologies, II 

level of Information and Communication Infrastructure, located above level I, which 

means that the basic IT is used for effective management of energy technologies of 

micronetworks. Level III - Information Systems, which may contain applications for 

control, planning and administration in the context of micronetworks. The upper IV 

level of "Information Management" considers management tasks, for example, 

matching demand with supply.  
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According to the proposed scheme, certain information processes take place at 

each level, which must be determined in advance when managing energy 

infrastructure facilities. 

 

2. ANALYSIS OF INFORMATION PROCESSES IN THE 

MANAGEMENT OF ENERGY INFRASTRUCTURE 

The process of transition from planning to implementation and management 

of the complex of energy networks takes place step by step. An example of such a 

process can be presented as a diagram in fig. 2.1. 
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Fig. 2.1. Microgrid implementation process 

 

Data Collection Process. This phase aims to gather information for a better 

understanding of loads, energy distribution, existing systems, production resources, 

energy costs and the historical sustainability of typical facilities. It is necessary to 

obtain information on the magnitudes and trends of possible energy loads, existing 

systems in the area, possible sources of energy generation, the presence of economic 

incentives, and the actual cost of electricity at the site, maps of power lines, grid 

control systems, and more. 
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Conceptual Design. At this stage, system requirements are formed, the existing 

conditions defined in the previous step are analysed. The conceptual design must be 

formed in accordance with these constraints. 

It is necessary to determine the power requirements, select the sources of 

generation and storage of energy, to analyse the compliance of generation and load. 

Also at this stage it is often necessary to simulate the operation of the network. It is 

important to define the microcontroller, communication and cybersecurity controls.  

Microgrid Technoeconomic Analysis. Carrying out a technical and economic 

assessment, which analyzes the capital costs of the system, savings opportunities and 

financial returns. 

Project Development. Preparation of technical and economic documentation, 

coordination of legal issues. 

Implementation. At this stage, it is necessary to develop, build, commission 

and test the project to ensure effective operation. 

Modern development of Microgrid networks is impossible without the 

introduction of information and communication technologies to achieve the tasks 

described above. The use of information systems as an intelligent superstructure over 

the communication infrastructure, which implements the measurement of energy 

networks and their management, is the main direction of development of energy 

management system Microgrid, aimed at improving energy efficiency and balancing 

electricity generation and consumption. 

Compared to traditional power grids, the developed information and 

communication infrastructure provides arrays of data that can be collected and 

processed in real time. It is subject to the requirements of reliability, safety, 

scalability and ease of management [7].  

Components of the information and communication infrastructure of the 

Microgrid network are sensors for remote monitoring of network parameters, 

distributed automatic control devices. The information and communication 

infrastructure that provides support for Microgrid management on the consumer side 
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includes devices for monitoring electrical load, voltage measurement, automatic 

measuring devices, and meters.  

The information and communication infrastructure exchanges data with the 

Microgrid computing platform, which is a layer of operational management at the 

system level. The computing platform consists of servers that support all  

processes of support for operational management of Microgrid, such as data 

collection from sensors in real time, implementation of network optimization and 

mode switching, Microgrid network scheduling, rapid response to changes in 

electricity demand, SCADA data analysis, correction of failures in the mode of 

operation of the network, automation of transmission and distribution of energy.  

The computing platform can be centralized or distributed, built on an agent  

approach.  

The link between the information and communication infrastructure and the 

automated network management system Microgrid is a set of software that 

implements various tasks of information support lifecycle management of the 

Microgrid network from its design to operation, the main of which are listed below: 

• planning the structure of the Microgrid network, including the selection of 

the optimal location of energy generation elements and their configuration 

parameters; 

• forecasting the demand for electricity, price tariffs and generation 

opportunities; 

• optimization of the power grid; 

• support for energy management decision-making; 

• providing data display for the end user in the web or mobile interface. 

The components of the main activities that ensure the implementation of the 

Microgrid concept - design and operational management were analyzed.  

The activity diagram of the Microgrid network design process is shown in  

fig. 2.2. 
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Fig. 2.2. Activity diagram of the Microgrid design process 
 

The main subprocesses of designing a Microgrid structure are defining  

goals, overall architecture, choosing the optimal Microgrid location if there are 

alternatives, configuring key elements, defining the architecture and software  

of the Microgrid network, and verifying that the designed architecture  

conforms to the goals. The diagram of activity of process of operative management 

of the Microgrid network in a normal mode within one day is shown in  

fig. 2.3 [8]. 
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Fig. 2.3. Microgrid online management activity diagram in normal mode 

 

In the operational management of the Microgrid network, such  

subprocesses are performed as monitoring of network and environmental  

data, forecasting electricity needs and possibilities of its generation from  

distributed sources, determining the amount of excess or shortage of  

generated energy and possible power source, optimizing network operation,  

Based on all the data from the previous stages, decisions are made on the  

regulation of network power, the amount of energy generated, determines  

the amount of excess energy that can be supplied to the centralized network,  

control signals are sent to the appropriate devices that control the Microgrid  

network. 
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The above processes are supported by the Microgrid energy  

management system [9, 10], the general architecture of which is shown in  

fig. 2.4. 
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Fig. 2.4. General architecture of the Microgrid energy management system 

 

Fig. 2.4 shows that information support for Microgrid facility management is 

provided through models of monitoring, optimization, data analysis, forecasting and 

developed appropriate software.  

Monitoring provides real-time data collection, verification and pre-processing 

of data, establishment of deviations from regulatory parameters, entry into the 
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database of operational data and aggregation of data at certain time intervals. The 

Microgrid performance monitoring model includes a set of data characterizing the 

current technical condition of the Microgrid and the main indicators of its operation, 

a set of meteorological conditions in the area where the Microgrid is installed, a set 

of factors influencing electricity demand, such as business schedule or factor 

seasonality, a set of forecast data of meteorological conditions. Data collection and 

processing can be performed using software agent technology that retrieves data 

according to a set schedule, for example, once an hour, or in the event of an event, 

such as a deviation from the set mode of operation of Microgrid. To accumulate 

monitoring data, it is advisable to use cloud platforms, such as Microsoft Azure, IBM 

Cloud, etc. 

Methods of linear and nonlinear programming, dynamic and stochastic 

programming, metaheuristic algorithms, multiagent and intelligent technologies are 

used to solve optimization problems. Due to the complexity of the structure of 

Microgrid and the peculiarities of its work, instead of classical optimization 

techniques, dynamic programming is used, which allows to discretize optimization 

problems and divide them into subtasks. Metaheuristic algorithms allow finding 

mechanisms for achieving optimal operation and control of micronetwork energy 

using genetic algorithms and algorithms of biological evolution. Stochastic 

programming methods are used as a method of detecting network elements with 

possible deviations in the parameters of operation in the future, often used in the 

subsystems of storage of electricity. 

The multi-agent optimization methods used in Microgrid allow distributed 

micronet management by agents that have autonomous behaviour and perform 

optimization tasks for various Microgrid elements, such as power generators and 

storage systems for specific purposes. The advantage of the agent approach is that 

the software agents communicate with each other and can adjust their own 

optimization goals depending on the set criterion for optimizing the performance of 

MicroGrid as a whole. 
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Forecasting is used to determine the performance of the Microgrid network for 

certain periods of time in the future, as well as to determine changes in network 

impact factors, such as climatic conditions, that affect the level of electricity 

generation from renewable sources. The following section analyses the effectiveness 

of Microgrid's energy consumption forecasting models. 

 

3. MODELS OF PROCESS FORECASTING IN ENERGY SYSTEMS 

The work of Microgrid is characterized by uncertainty, it cannot be formalized 

by a mathematical relation, so when studying the work of the network, forecasting 

techniques are widely used. Forecasting is most often used to solve such tasks in 

Microgrid as planning the needs for energy resources and the level of their 

generation, determining the peak periods of energy consumption, determining the 

possible failure of installed equipment, determining prices for energy resources in 

the future. The use of forecast data is used both in making operational decisions to 

optimize the load on the network and in making strategic decisions by energy market 

participants. This enhances the reliability of the power grid.  

Forecasting in Microgrid according to the periods of time for which the 

forecast is given is divided into the following categories [11]: 

• long-term - for a period of one to several years, used in strategic planning, 

network expansion by adding new energy sources, connecting new 

consumers; 

• medium-term - for the period from a week to a year, used for planning the 

maintenance of the network, the cost of purchasing fuel, estimating the 

profit from the sale of electricity to the general network; 

• short-term - for a period of one hour to a week, used to draw up energy 

generation schedules and assess consumer demand to manage the work of 

Microgrid; 

• ultra-short-term - for a period of several minutes to one hour, used to 

monitor the network in real time. 
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When building forecast models, the main thing is to achieve high forecasting 

accuracy. This is influenced by the chosen forecasting technique, factors influencing 

the projected indicator, as well as the parameters of the constructed forecasting 

model. Models for forecasting the generation and consumption of electricity can be 

divided into multifactor models and models based on time series. Multifactor models 

are based on cause-and-effect relationships, and time series forecasting models use 

historical data over a period of time to predict. Time series forecasting models are 

divided into categories: statistical models, models based on machine learning, and 

hybrid models. 

When optimizing the work of Microgrid, you should first  

formulate an optimization problem, which can be both multicriteria and meet such 

criteria: 

• maximum output power at a given time; 

• minimum operating costs; 

• maximum cycle of operation of excess energy storage systems; 

• minimum emissions into the environment, etc. 

The following are the results of a study of models of short-term forecasting of 

electricity consumption from Microgrid. The analysis of factors influencing the need 

for electricity by different types of consumers and the categories of input data for the 

forecasting process: 

• meteorological data - air temperature, humidity, wind speed, clouds, etc. ; 

• electricity consumption - historical data of electricity consumption; 

• calendar data - determine the seasonal factor; 

• work schedule data - for enterprises that work according to the established 

schedule in one shift or in several shifts; 

• other data that take into account the specifics of electricity consumption 

by a particular consumer. 

The process of short-term forecasting in general consists of stages, which are 

shown in fig. 3.1. 
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Fig. 3.1. Activity diagram of the short-term forecasting process 

 

First it is necessary to generate input data, pre-process them. The stages of pre-

processing are data cleaning from gaps, data normalization, and formation of an array 

of input data for the forecast model. To set the forecast input data, you need to 

download a previously built model that will adequately reproduce the need for 

electricity for future periods. When using the model, you need to calculate the 

prediction error, compare it with the allowable, and in case of exceeding the 

allowable value to make changes to the built model. Power consumption forecast can 

be performed both at the request of the user and automatically at set times. The 

prediction result must be saved in the database. 

The peculiarity of forecasting as a scientific problem is that there is no single 

universal forecasting model. A forecast model should be built for each electricity 

consumption object using archival data of this object.  

Analysis of literature studies has shown that the most commonly used methods 

for constructing prediction models are regression and autoregressive models ARMA, 

ARIMA, ARIMAX, SARIMAX, the method of constructing regression models using 
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fuzzy logic, the method of reference vectors SVM, the method of exponential 

smoothing, theories intelligence. 

Autoregressive forecasting methods are used when there is a linear 

relationship between the current value of the variable in the time series and past 

values. The use of the ARIMA model allows to build the predicted energy 

consumption of the model with high accuracy up to 97% with correctly selected 

regression model coefficients [12]. The SARIMAX model is used when seasonality 

is traced in the input data set, so it will give the most accurate results among 

autoregressive methods for forecasting electricity consumption. At the same time, 

the accuracy of the forecast model increases if not only parameters that directly affect 

electricity consumption, such as ambient temperature, but also the interaction of 

exogenous variables are used as input variables. [13]. 

The method of exponential smoothing is used to predict time series. The 

accuracy of forecasting when using this method depends on the choice of smoothing 

coefficients of the series, trend and seasonality, as well as the value of the data series. 

Analysis of the efficiency of the exponential smoothing method using power 

consumption data in the industrial sector showed from 81% to 96% accuracy for the 

model of linear exponential smoothing (Holt model), from 91% to 97% accuracy for 

the model with a damped trend depending on the data set [ 14]. When forecasting 

electricity consumption on the example of electricity consumption of university 

buildings, the forecasting accuracy for different types of models of exponential 

smoothing is approximately 88% [15]. 

Facebook's Prophet Library is also used to predict time series, which is based 

on a methodology for adjusting additive regression models, which uses functions that 

approximate the trend of the series, seasonal fluctuations and individual significant 

days, presented in the form of indicator variables. The result of comparing the 

accuracy of the Prophet model with the exponential smoothing model (Holt-Winters 

model) for long-term forecasting of electricity generation showed an accuracy above 

95% for both types of models, with the most accurate Holt-Winters model taking into 

account daily, weekly and annual seasonality. The use of the Prophet model for 
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forecasting electricity consumption by household consumers, presented in [16], 

showed that the forecasting error can be up to 12.5%, the accuracy of the model was 

influenced by the selection of parameters on which electricity consumption depends. 

The Prophet model does not establish a hidden relationship between power 

consumption and external factors, which reduces the accuracy of the forecast. The 

advantages of the Prophet model include less time to learn the model compared to 

machine learning methods. 

Since the process of electricity consumption is characterized by uncertainty, 

there are peak values associated with various factors, an effective method of 

forecasting electricity consumption is to build a fuzzy regression model [17], which 

shows the best results for short-term forecasting. The advantages of this method 

include the ability to replace large sets of forecasting data with sets of fuzzy 

inference, the ability to formalize the experience of experts on energy fluctuations, 

the versatility of the method with minor modifications for forecasts of different time 

periods [18]. The application of this method for medium-term forecasting of 

electricity consumption showed high forecasting accuracy of 96-98%, which has a 

slight deviation from the forecast values using ARIMA models and exponential 

smoothing [19]. 

Neural network models are widely used in forecasting power consumption, 

due to their ability to model nonlinear relationships between input and output 

variables, and allow to achieve high forecasting accuracy. Before using a neural 

network forecasting model, it is necessary to conduct its training, selecting the 

optimal parameters that will give the best forecasting accuracy. The learning process 

of the neural network in general is shown in Fig. 3.2 as a diagram of activity. 

The most commonly used types of neural networks for prediction are direct 

propagation neural networks FFNN, nonlinear neural networks with exogenous 

NARX inputs, radial-based neural networks RBF, recurrent neural networks RNN, 

neural networks learning by the inverse propagation algorithm short-term LSTM 

memory. 
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The vast majority of neural network models are effective if the inputs are 

properly selected and the models are configured. In [20], when using a neural 

network of the BPNN type for short-term prediction of power consumption, more 

than 90% is achieved, and it increases when the model of meteorological factors is 

included in the inputs. A study of the use of the NARX neural network for medium-

term prediction of power consumption conducted on a data set by the University of 

Malaysia showed that the accuracy for the NARX model is approximately 98%, 

which is more accurate than for time series, fuzzy time series and multiple linear 

regressions [21]. 
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Fig. 3.2. Neural network training activity diagram for prediction 

 

Among other types of neural networks, the LSTM model has advantages for 

short-term prediction of power consumption using data sets collected over a long 

period of time, as it can reproduce long-term time relationships in data sequences 
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[22, 23]. In comparison with NARX, SVM, SARIMA models for short-term 

forecasting of power consumption the LTSM model gives the best result [24]. 

Comparison of the accuracy of short-term forecasting models based on 

SARIMAX regression analysis, exponential smoothing, Prophet forecasting model 

and LTSM neural network was performed using archival data of electricity 

consumption at the Melitopol gas station for 2011-2013. Analysis of the time series 

of electricity consumption showed no trend and the presence of a seasonal 

component. There is an increase in electricity consumption in winter and at night. 

There is a correlation between the length of the day and electricity consumption, as 

well as the load of the gas station. The created data set for forecasting contains 

parameters - year, month, day of the week, hour of the day, the amount of electricity 

consumed for a period of one hour, the length of daylight, and the load of the gas 

station. The forecast is made every hour for a seven-day period.  

To study the prediction accuracy of autoregressive models, the SARIMAX 

model was constructed with parameters p = 0, d = 1, q = 3, P = 3, D = 1, Q = 3, m = 

12, using exogenous repressors: daylight length, load gas station. The model 

according to the best parameter of the information criterion Akaike AIC and 

Bayesian information criterion BIC, which are 86949.315 and 87127.726, 

respectively, was chosen. A recurrent neural network with long short-term LSTM 

memory was selected as the neural network for power consumption prediction. The 

LSTM model is constructed with the following parameters: 100 neurons in the LSTM 

layer, the Dense layer contains 1 neuron. The model includes an additional layer 

Dropout = 0.1, which prevents retraining of the neural network. 20 epochs of neural 

network training were performed, the parameter batch_size, which determines the 

amount of training data for one pass of the model, is equal to 100. 

An additive exponential smoothing model for short-term power consumption 

forecasting was constructed using a seasonal period of 24. A Prophet forecasting 

model was also built using a library from Facebook. 

All forecasting models are built in the Python environment using the 

appropriate libraries. A comparison of the accuracy of the developed models on a 
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test sample of data for a calendar period of one week. The results of the calculated 

forecasting errors are given in table 3.1. 

Table 3.1 

Comparison of forecasting errors of developed models 
Model type MAE, kWh RMSE, kWh MAPE, % 

SARIMAX 4.0 9.9 8.0 

Exponential model 

smoothing 

4.0 11.8 7.8 

Prophet 4.0 11.8 7.8 

LTSM 2.6 3.4 5.1 

 
According to the results of the analysis of forecasting models, it can be noted 

that all of them have acceptable forecasting accuracy with a MAPE value of less than 

10%. The most accurate result among the developed forecasting models was shown 

by the neural network model LTSM, which confirms the effectiveness of machine 

learning models in short-term forecasting of electricity consumption.  

The results of short-term forecasting, which determine the amount of 

electricity consumed for future periods of up to seven days, are used in the 

operational management of MicroGrid modes and are input to the management 

decision support system. 

 

4. MODELS OF DECISION SUPPORT IN ENERGY LIFECYCLE 

MANAGEMENT IN MICROGRID 

 

Today, different types of energy and different capacities can be used in one 

energy system, which emphasizes the importance of comparisons between 

alternative systems. Under these conditions, a comprehensive comparison between 

several energy systems is quite complex, requiring different knowledge bases, 

including technological, environmental, economic, social and political. In addition, 

different approaches can be used. 
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The right decision to determine the priority list of possible alternative solutions 

among energy systems is important for the implementation of a successful project, 

because the wrong choice of alternative solution can lead to negative consequences 

in the environment, economy and society. 

Fuzzy logic techniques are widely used to support decision-making in 

MicroGrid planning and operation management. A multicriteria method for selecting 

alternatives to the structure of a hybrid energy network with renewable energy 

sources, based on the evaluation of alternative structures using utility theory and 

using the method of expert evaluation to determine linguistic variable evaluation 

criteria, is proposed in [25]. Ranking of alternatives is carried out according to socio-

economic and energy efficient scenarios. [26] presents a multi-criteria decision-

making model for the optimal structure of Microgrid based on the gray cumulative 

similarity theory, which selects the criteria from the categories of efficiency, 

reliability of the power supply system and environmental protection. The expert 

evaluation method was used to calculate the weights of the sub-criteria. If alternatives 

to the Microgrid configuration are identified, a hierarchy analysis method is used to 

evaluate them and select the best solution for different scenarios.  

According to the above, it can be argued that: 

1. There is uncertainty about the problem of making decisions with hybrid 

information, which should be properly addressed. These problems are 

primarily related to the diversity of input information and the large 

number of evaluation criteria. 

2. Given that the ranking of energy systems is a promising activity, it is 

important to consider hybrid data with different types of uncertainties 

(quantitative and qualitative). 

3. It is necessary to reliably determine the key criteria and their possible 

different weights. In the decision-making process, the general list of 

ranked energy systems is determined according to a set of criteria in 

environmental, economic, social and other aspects. The impact of each 

criterion in different scenarios on the overall stability of the system is 
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different, which means that the weight of the criterion will be different 

in different scenarios.  

This paper proposes a decision-making process that includes five stages 

(fig. 4.1): the process of preparation for the ranking of alternatives, the formation of 

a system of criteria, collection and processing of data for criterion evaluation, ranking 

of alternatives. 

 

The process of preparing for the ranking of 
alternatives

• Formation of alternative systems for 
comparison

• Defining evaluation scenarios
• Formation of a committee of experts
• Formation of criteria for the selection of 

experts

Formation of a system of criteria 

• Forming a list of criteria

• Determining the weight of the criteria

Data collection and processing for criterion 
evaluation

• Collection of information on quantitative 
criteria from literature sources and 
reports

• Collection of information on qualitative 
criteria according to subjective data of 
experts

Ranking of alternatives

• Formation of alternative lists according 
to different scenarios

Methods of 
processing 

expert 
judgments

Fuzzy set 
methods

Fuzzy Best-
Worst 

Method

Models Of 
Ranking 

Alternatives

  
Fig. 4.1. Stages of the decision-making process to choose the optimal 

alternative solution 

At the first stage, methods of processing experts' judgments are used to form 

a committee of experts and criteria for assessing the competencies of the experts 

themselves. 
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In step 2, the fuzzy set method is used to filter the key criteria according to the 

experts' preferences for the importance of each criterion for a particular scenario. 

Step 3 uses the fuzzy best-worst method (FBWM) to convert the linguistic judgments 

of the experts into a consolidated weighing result. In step 4, FBWM is again used to 

convert subjective judgments about the effectiveness of qualitative criteria into 

numerical data. In step 5, alternative ranking models are used to determine the 

priority list. 

A typical list of possible criteria for evaluating alternatives is presented in 

table 4.1. 

Table 4.1 

List of evaluation criteria 
Direction Name Type 

Technological 

 

Energy efficiency Quantitative 

Effective system operating time Quantitative 

Scalability Qualitative 

Reliability Qualitative 

Impact on the 

environment 

 

Depletion of the site by the resource is possible Qualitative 

Toxicity to humans Qualitative 

Impact on global warming Qualitative 

Land use Qualitative 

Waste generation Qualitative 

Economic 

 

Capital expenditures Quantitative 

Operating and maintenance costs Quantitative 

Possible sale Qualitative 

Social Social acceptance Qualitative 

Impact on public health Qualitative 

OTHER 

 

Decision support for Microgrid network management can be formalized in the 

form of deterministic rules for regulating its operation, which are determined by the 
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achievement of network performance indicators of the corresponding values [18]. 

These rules are transmitted to the controls in the form of control signals. They can 

be set as fuzzy inference rules that describe the production logic of Microgrid. 

Rule-based Microgrid control, in contrast to optimization tasks, allows flexible 

response to changes in network modes and prevents the situation of insufficient 

power generation due to the implementation of management decisions, but performs 

too drastic changes in the state of the network. A sharp change in the parameters can 

cause additional peak loads due to overcharging of the storage device, which must 

be taken into account when formulating rules that describe the operation of the 

network. 

 

Conclusions 

The development of modern energy directly depends on the introduction of 

renewable energy sources into existing energy systems and the creation of Microgrid 

based on them. Widespread use in Microgrid based on renewable energy sources, 

such as solar panels and wind turbines, determines the dependence of energy 

production on climatic factors, so the task is to control Microgrid modes and, if 

necessary, switch to island mode, where Microgrid does not give excess energy to 

general network. At the same time in the management process provide maintenance 

of voltage stability and quality of electric energy, and also try to reduce expenses.  

The energy management process is performed using appropriate information 

flows and models. Thus, the life cycle of energy in Microgrid is directly related to 

the life cycle of information and is provided by it.  

Poor predictability of the level of generation from renewable energy sources 

requires improvement of forecasting models. Various statistical and probability 

models do not provide a sufficient level of forecasting. The study proved that the 

greatest difficulty for forecasting is short-term forecasting based on historical data 

over a fairly long period of time. All existing models in this case need additional 

adjustment. The analysis allowed us to identify the most promising models for 

forecasting. 
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When determining the solution in the management of Microgrid there are 

problems of heterogeneity of input information and multicriteria. The proposed 

methods of overcoming diversity have proved their effectiveness and allowed to 

formulate new knowledge based on fuzzy rules used in the decision-making process. 
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