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Abstract: The optimal operation of microgrids is of great significance for the sake of efficient and economical management of its energy resources. The microgrid energy management system should plan to operate the microgrid while simultaneously considering the electric and thermal load. The present study proposes energy management to minimize the costs of operating an industrial microgrid. In fact, planning for energy supply is among the critical issues that distribution companies deal with daily in the competitive environment. A distribution company usually meets customer (end customer) demands by purchasing energy from a wholesale market. Given the load curtailment, distribution companies have more choices and interactions in the market. Distribution companies face the two uncertainties of load changes and price fluctuations in their daily energy supply planning which could lead to the risk of loss resulting from the distribution company’s decision-making for daily energy supply planning. Thus, these companies face the challenge of maximizing profit in a risk-based environment. Therefore, the present study presents an optimal model of energy consumption in the production processes of aluminum and cement industrial units. The presented model was then used in planning the day-ahead energy of a microgrid containing these industrial units. Since the studied subject has many limitations, it would be difficult to solve it using mathematical methods. To resolve this issue then, the present study introduces a newly developed algorithm inspired by bee colonies. The proposed method seeks to significantly improve in the local and global search capabilities. In addition to confirming the validity of the proposed model, results indicate that the implementation of load-response programs and the cooperation of industrial units in the ancillary services and energy market can increase the profits of units and microgrids as well as correct the demand curve. According to the obtained results from the first and second test cases, the total profit of the aluminum unit was $188,103 and $237,805, respectively. Similarly, this profit for the cement industrial unit is $104,350 and $233,195.3, respectively. From the results, it can be observed that the final profit of the second unit has increased by 61%.
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1  Introduction

Various factors have led to the increase in installing distributed energy sources in power systems over the recent years. Among these factors, one can mention increased energy consumption, increased fossil fuel price, an acute rise in the costs of constricting new concentrated power plants, and environmental concerns and factors. The use of distributed energy sources can potentially reduce the need to develop of traditional systems [1]. Although controlling a large number of these sources would create a real challenge in safe and efficient grid operation, this challenge can be largely managed by the concept of microgrids. A microgrid is an integrated energy system made up of distributed production sources and numerous electric and thermal loads that can act in connection to the global network or as individual islands [2]. Demand response is another important concept in intelligent grids that can be used to ensure the balance between demand and supply. Moreover, demand response has a high potential to reduce the load peak, which can postpone the need for increasing production capacity and reduce the operation costs of the system and greenhouse gas emissions. Establishing microgrids can facilitate the implementation of efficient demand response [3]. The concept of microgrids cannot be implemented to a broad extent without establishing an energy management system to achieve a reliable and optimal control process. According to the latest studies, energy management in microgrids seeks to minimize operational costs such as fuel, maintenance, and purchasing energy from the main grid while improving the reliability and environmental features. Many studies are currently focused on issues such as microgrid operation, control, and design [4]. Meanwhile, microgrid energy management has also been investigated from various aspects in different studies. Some studies have sought to optimize microgrid operation by only focusing on production planning and with no regard for demand response. On the other hand, some other studies have examined microgrid operation not simply through production planning but also by using one type of response to manage microgrid operation. Some studies have formulated microgrid management and optimized operation in the form of an optimal load distribution [5]. Meanwhile, microgrid operation policies also vary in connection to the upstream grid. Some studies have examined microgrids connected to the main grid, and some have studied them in the island mode; others have investigated microgrid energy management in both modes. The application of the studied microgrid also varies among different studies, among which one can mention educational, domestic, and commercial microgrids. Still, few studies have investigated industrial microgrids and their energy management [6].

Industrial consumers often manage their electric demand by storing energy, transferring the load and cutting unnecessary loads such as lighting, air conditioning or temporary curtailment of one or several controllable procedures; however, some large-scale energy storage devices required in the industry are not economically convenient [7,8]. Thus, adopting demand response (DR) plans can be the best alternative for the higher productivity of industries. According to the United States Department of Energy, demand response is defined as the change in the common electric consumption by the end-users in response to the change in the electricity process or incentive payments [9].

In [10], the issue of coordinated production planning in distribution microgrids was addressed. In [11], a demand response model alongside production planning was employed. In the demand response model used in the study, some factories were willing to cut some of their load during specific hours of the day for a certain price. In [12], the energy consumption of an aluminum factory was modeled and optimized, and its profitability was tried to increase by participating in demand response and ancillary service plans. This study used the LPWA method to model the high-consumption procedures of an aluminum factory and considered the respective limitations. Moreover, the provision of automatic gain control (AGN) adjustment services in aluminum industries was investigated using this method [13]. Results of this study indicated increased provision of adjustment services, but the study did not investigate how the factory participated in other ancillary service programs. In [14], the production process of a cement factory was investigated under the TOU tariffs of the demand response programs. Results indicated how the demand of this factory was moved to improve the total demand peak of the grid, although a comprehensive model of this industry’s processes was not presented. In [15], an optimal energy management strategy was presented for the economic operation of industrial microgrids using renewable energy with high impact under both grid operation and grid-connected-to-grid operation modes. This approach was based on group particle swarm optimization, which was considered on a daily planning horizon with a one-time step the renewable energies generation and electric load demand. In [16], optimal microgrid energy management was introduced as an agenda for the field of energy, particularly industrial grids with, which must be managed through a comprehensive optimization strategy. In [17], a multi-purpose problem was presented in microgrid energy management. The strategies were specified to focus on industrial microgrids based on the electricity market framework and a local production approach for the environment and facilities. In [18], microgrids were mentioned as a promising technology that could increase reliability and improve consumer energy supply. Various microgrids, from prototypes and experimental projects to their comprehensive commercial and industrial expansion, were used in the model presented in this reference. In [19], the energy management program of an industrial microgrid was investigated under the day-ahead pricing (DAP) tariff. The plan was studied in both modes of the microgrid connected to and disconnected from the main grid. However, the type of the industries in the microgrid, the modeling of industrial processes, and the respective limitations were not considered.

A new approach for energy consumption has been presented in [20], based on the linear piece-wise approximation (LPWA) method which is considered in the day-ahead energy management schedule. In this paper, the microgrid, energy, ancillary services markets, and demand response (DR) are considered as well. A new model based on DR improvement for small users is presented in [21] to alleviate the voltage and congestion issues in the low voltage distribution grid. A new, improved approach for synthetic building energy is presented in [22], to maximize the economic profits in electricity markets. A new method for analyzing the meter profits and resiliency capability is presented in [23] through the effects of the facility’s electricity and thermal load trend, generators pricing model, DER configuration, storage capacity, and facility criticality. A multiscale simulation model is presented in [24] to operate and control the integrated energy systems (IESs) in the market by integrating the process- and grid-centric modeling paradigms. A new business approach for low carbon energy transition is presented in [25], by considering the private customers and capturing the market. A novel model for industrial metabolism from the generation concept is presented in [26] with the combination of the Multi-Criteria Decision Making (MCDM) approach for assisting companies in optimizing their creativecreation approach towards decreasing energy/material flows.

It can be observed that a few studies have investigated the economic benefits and contributions of building energy flexibilities with fast and slow response speeds to different flexibility services. Also, none of the valuable works mentioned above have presented a complete model for optimizing cement industry energy management to participate in demand response programs. Besides, the energy management optimization of each industrial unit has been considered completely separate from the other. In contrast, are situated in each other’s proximity, eventually forming an industrial microgrid. As a result, how these industries consume energy can influence the grid operation conditions in economic and security aspects. The present study first presented a complete model of aluminum and cement factories to draw itself closer to the real situations that are often experienced and to provide the highest productivity of response programs. Then, the presented model was used in a day-ahead microgrid energy management program encompassing these factories. This program sought to increase the operation of the studied industrial units in the demand management programs through participation in the energy and ancillary service markets. Therefore, the goals and innovations presented in this article are as follows:

-   Modeling different industries by considering the constraints and restrictions related to them in the form of an industrial microgrid and participation in the energy market and ancillary services with load response programs.

-   Assessing the effect of profit from the sale of a product of an industry and electricity market prices on the final profit of the industry using sensitivity analysis.

-   Provide an improved optimization algorithm based on bee colony and local search operator.

2  Microgrid Components

2.1 The Industries

The increasing growth in distributed production resources has given birth to the new concept of the microgrid. Numerous advantages of establishing microgrids are predicted to result in the expansion of these types of structures in various regions and districts, such as in industrial regions. Various research fields have been developed concerning microgrids; still, industrial microgrids have not received great enough attention. Given the importance of establishing microgrids in industrial regions from economic management and reliability perspectives, the present dissertation seeks to bring the distributed productions in an industrial microgrid together to minimize electric and thermal energy supply costs. In this regard, significant facts such as the presence of influential loads such as electric cars, the availability of renewable products such as solar cells that are spreading across industrial microgrids and uncertainties of demand and production have been accounted for in formulating how the products are brought into an orbit. The industrial units in the microgrid include the aluminum and cement industries. To investigate the participation of the industrial units in this microgrid in ancillary services and demand response programs, the processes and facilities of these industrial units are categorized into three groups. The energy demand of the processes in this group depends on adjustable operation conditions. These changes can be made in discrete or continuous intervals. The proposed modeling and implementation of the demand response in each industrial unit are presented below.

2.1.1 Modeling the Processes of the Aluminum Industrial Unit

If the aluminum production process is compared to the human body, the aluminum mold would definitely be its heart. The aluminum mold, alongside the press function (heat and pressure), constitute constitutes the raw materials (billet) for the production process. Should the aluminum mold lack the required and accurate design, the whole process will be rejected, and the output will fail to be acknowledged as an approved product. Mold production-both in terms of design and dimension accuracy- plays a determining part in the quality of the aluminum profile and reducing the final profile costs. The mold must be compatible with the hydraulic press’s aluminum parts production power. On the other hand, the models must be carefully designed and built-in terms of the design of raw materials and steel alloys. Since the steep increase in the prices of the steel used to manufacture molds and the high prices of molding equipment, mold manufacturing is done at an extremely high cost. Thus, the design of the aluminum mold must be completely compatible with the technical features of the parts. The current aluminum production units often incorporate a separate division for mold manufacturing. The aluminum smelting process (i.e., the electrolyte process) uses alumina, which can be turned into aluminum, and is used as the raw material for various industries ranging from machine manufacturing to canning. This process is performed in cell containers using a DC voltage. Besides, some substances other than the main alumina are added to the container to increase the chemical reaction speed. The cells are connected in a series to form a melting line; each can be made up of hundreds of cells. The total power consumption of each melting line can be around hundreds of megawatts. There are usually several melting lines in an aluminum factory. Similar to [27], the present study considered a rectifier for melting control, so the process was among the controllable. The equations and relationships derived from [20] to model the aluminum industrial unit are mentioned below. Eq. (1) demonstrates thealuminum factory’s power consumption of each melting. Index l demonstrates the number of melting lines in the factory, λh indicates energy costs, and ρh stands for the coefficient of rotating reserve cost. ρa,l,h stands for the consumption level of each melting line, in which the h subscript represents the hours of the day. The consumption power of each process is limited by the parameters of ρa,lmin, ρa,lmax, indicating the maximum factory flexibility and its respective limitations for the sake of safe and reliable operation. nl is the number of model sections and the ascendant parameters of {aa,l,1,…,aa,l,n+1} indicating its various parts. It must be borne in mind that aa,l,1,aa,l,n+1 and equals the values of Pa,lmin and Pa,lmax, respectively. As demonstrated in Eq. (2), the continuous variable of ΔPa,l,h,i indicates the additional power of Pa,l,h from the ith part of the energy. Also, as indicated in Eq. (3), the binary variable of Na,l,h,i specifies whether the power is in the ith part of the energy and has a sum of 1 around i [9]:

Pa,l,h=∑i=1nl(aa,l,iNa,l,h,i+ΔPa,l,h,i)∀l,h(1)

0≤ΔPa,l,h,i≤(aa,l,i+1−aa,l,i)Na,l,h,i(2)

∑i=1nlNa,l,h,i=1∀l,h(3)

For the sake of simplification, ∑lPlmax is assumed to be equal to the nominal contractual power in a long-term contract with the grid. Thus, the factory can sell power to the grid if its power consumption is lower than ∑lPlmax. In other words, Eq. (4) is modeled as follows if the energy that can be sold to the market is indicated as Ea,h:

Ea,h=∑l(Plmax−Pa,l,h)∀l,h(4)

The presentable rotating storage depends on the ability of the melting line to reduce its energy consumption. Thus, the amount of marketable rotating storage is modeled per Eq. (5). Still, the economic issues regarding these services’ connection to the grid have not been considered following the insignificant probability of rotating storage connected to the grid. The aforementioned requires investigation over longer periods.

Va,h≤∑l(Pa,l,h−Pa,lmin)∀l,h(5)

Eq. (6) demonstrates how the profit from participation in energy markets is calculated. Pdeca stands for the difference between the base power and the consumption power of the factory. The factory is fined for consumption powers larger than the base amount. In such cases, the fine binary variable of Pna is equal to 1 and the factory is fined in proportion to the value of Pdeca. Moreover, the factory receives an incentive commensurate in case of reducing the demand by 15% or more compared to the base load. μa stands for the incentive or punishment plan price coefficient.

Ra=∑hλh(Ea,h+ρhVa,h+μa(Awa)Pdeca+μa(Pna)Pdeca)∀l,h(6)

Pa,h=∑lPa,l,h∀l,h(7)

Pdeca,h=Pbase−Pa,h(8)

Eq. (9) models the profit from the sales of aluminum products using the LPWA method.

Pra=∑h∑l∑i=1nl(ca,l,iNa,l,h,i+ba,l,iΔPa,l,h,i)(9)

The profit from the sales of products in each energy division is assumed to be a constant amount represented by ca,l,i. The total profit from each energy division is in proportion to its left limit. Moreover, ba,l,i in the ith division of the energy stands for the profit resulting from the additional products of the ith production line of the left limit of the same energy division. The difference between the profits of the products at various powers of each melting line can thus be modeled. Thermal balance is the most important issue in ensuring melting line flexibility. The temperature of the cells should also remain at a favorable level for the sake of high melting productivity and operation safety. Therefore, the power consumption must be over Elτ in every τl hour of the device operating as indicated in Eq. (10).

∑h′=hh+τl−1(Pa,l,h′−Va,h′)≥Elτ∀l,h(10)

Elτ is the lowest amount of energy required in h′ hours of the melting line’s operation for the temperature to stay at the favorable level. It must be noted that Eq. (10) stands while the rotating storage is called and connected to the grid by the grid operator.

Besides, it is assumed that the factory is capable of storage, so it has the required flexibility during operation which is proportionate to the amount of production per day and is specified by Eq. (11).

Ea,dmin≤∑h,lPa,l,h≤Ea,dmax(11)

Ea,dmin and Ea,dmax are minimum and maximum energy consumption, respectively, and are proportionate to a minimum and maximum production.

2.1.2 Modeling the Processes of the Cement Industrial Unit

Cement is a mineral hydraulic adhesive that hardens in contact with water. Over 990 years have passed since the beginning of mass cement consumption, which is now considered one of the most important construction materials to much of humanity and civilization. The most important step in the process of cement production is the step of baking the materials, which is a rotating horizontal kiln. The cement kiln is among the largest chemical reactors, in which the raw materials for cement are turned into clinker through chemical reactions. Production of high-quality clinker depends on the input feed parameters and the kiln’s operational conditions such as rotation velocity, kiln fan speed, and fuel consumption. The concern of the quality control experts and operators in many cement factories is to achieve ISO standards by changing the input parameters. The process of cement production has been divided into four essential steps with high energy consumption, including 1. crushing cement stone, 2. preparing raw materials, 3. Kiln, and 4. packaging cement products the present study. The other parts of this industry that are low in energy consumption are thus overlooked in the modeling and the sufficient capacity to store the products is assumed to be available. Eqs. (12) and (13) indicate the power consumption of the factory per hour. The I index stands for the number of processes in the program, while j stands for the number of operation modes in each factory process. As demonstrated in Table 1, j equals 1 in non-movable programs, 2 in movable programs and 3 in controllable programs. ac,j,l stands for the power consumption of each machine during the desired operation mode [9,26].
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Pc,i,h=∑j=1nl(ac,j,iNc,j,i,h)∀i,h(12)

Pc,h=∑iPc,i,h∀i,h(13)

As Eq. (14) shows, the binary variable of Nc,j,i,h determines, in which operation model the machine power is and has the sum of 1 around j.

∑j=1nlNc,j,i,h=1∀i,h(14)

Eq. (15) indicates the maximum and minimum limits of production per day by the cement industrial unit [26].

Ec,dmin≤∑h,lPc,i,h≤Ec,dmax(15)

Rc stands for the profit resulting from the cement industrial unit’s participation in ancillary services programs including the profit from selling energy to the market (Ec,h), providing rotating storage (Vc,h) and consumption limit incentive and punishment plans expressed in Eq. (16) through (18). As mentioned earlier, the factory is fined for power consumption over the base amount. This fine is proportionate to the amount of Pdecc. Moreover, the factory receives an incentive commensurate in the case of reducing the demand by 15% or more compared to the base load. According to Eq. (19), Pdecc is the difference between consumption and base power per hour. The binary variables of AwcPnc indicate the existence of incentive and punishment plans, respectively, and μa stands for the incentive or punishment plan price coefficient [9,10].

Rc=λh(Ec,h+ρhVc,h+μc(Awc)Pdecc+μc(Pnc)Pdecc)∀i,h(16)

Ec,h=∑i(Pc,imax−Pc,i,h)∀i,h(17)

Vc,h=∑l(Pc,i,h−Pc,lmin)∀i,h(18)

Pdecc,h=Pbase,c−Pc,h(19)

Eq. (20) indicates the profit from the cement production unit. Cc,j,i stands for the costs of each machine during the desired operation mode.

Prc=∑h∑i∑j=1nj(cc,j,iNs,j,i,h)(20)

3  Mathematical Formulation of the Proposed Model

3.1 Target Function

In this section, the proposed optimization model is introduced using the microgrid component models, presented in the previous section, and the current power between different generators and energy storage and loads. For this introduction, their objective functions must first be defined.

The objective function of the two-stage random problem is modeled as linear programming mixed with an integer to reduce the expected cost of operating the microgrid in the 24 h of the next day. In this issue, the decisions of the first stage are related to the amount of power purchased from the leading day electricity market. They include the participation of energy production units in the planning hours. In the second stage, the costs of the system under consideration that occur in the real situation in each scenario, including the amount of power resource distribution and responsive loads and the definite amount of involuntary load, are considered.

The target function of optimal planning is maximizing the profit from the factories in this microgrid, which is made up of the profit gained from participation in electricity markets through demand response programs (R) and the profit from selling the products (Pr) according to Eq. (21) [9].

maxR+Pr(21)

R=Ra+Rc(22)

Pr=Pra+Prc(23)

Values of RcRa stand for the profit from participation in ancillary service programs of aluminum steel and cement factories, respectively, and PrcPra stand for the profit from selling the products of these two industrial units. As mentioned earlier, it would be difficult and time-consuming to solve the problem using linear methods or mathematical models. The optimal answer might not be obtained using this method. The proposed developed algorithm is thus presented below.

3.2 Microgrid Operation Restrictions

To increase reliability and grid participation in demand response programs, the microgrid is connected to the upstream grid to exchange power if necessary. Eqs. (24) and (25) indicate the restrictions on microgrid active and reactive balance. In these equations, Pt,n and Qt,n stand for the active and reactive power, while PDem,nh and QDem,nh stand for the active and reactive power consumption of every microgrid bus per hour. vnh stands for voltage power and δnh stands for its corresponding angle in each bus. Besides, |yn,m| and θn,m represent the size and angle of admittance between the two buses of n and m [9].

Pt,n−PDem,nh=∑m|vnh|.|vmh|.|yn,m|cos(θn,m+δmh−δnh)(24)

Qt,n−QDem,nh=−∑m|vnh|.|vmh|.|yn,m|sin(θn,m+δmh−δnh)(25)

Eqs. (26) and (27) models the restrictions of the voltage and power of each microgrid bus.

Vnmin≤Vnh≤Vnmax(26)

Pnmin≤Pnh≤Pnmax(27)

The equations required for demand distribution calculations are imperative for calculating the number of current losses in the industrial microgrid line and the marketable power from each point of connection to the grid.

4  The Developed Bee Colony Algorithm

The behavior of bees in nature generally inspires non-pheromone-based algorithms. In this method, each of the bees tries to get the best result based on the rules of probability through direct cooperation and sharing the information. Each natural colony consists of the three parts of food resourcess: worker bees, and non-worker bees. Worker bees carry out most of the tasks, including bringing up the babies, taking care of the queen and male bees, cleaning the beehive, regulating temperature, collecting nectar, pollination, etc. Non-worker bees are divided into two groups of scout and spectator bees. Scout bees search the environment for new food resources, and spectator bees wait in the beehive for the worker bees to give them information. Honey bees use a complex system for finding information regarding the place and quality of food resources outside the hive. The communication between the bees is made through a ritual referred to as dancing. This communication language is based on a series of movements made by the bee. This dance a waggle dance- contains information on the location and quality of food resources. The number of waggles in this dance indicates the distance and the duration of the waggling indicates the quality of the food source. The spectating bees thus choose the high-quality resources based on the waggles. The artificial bee colony (ABC) algorithm is based on bee waggling and the movement of the spectating bee towards high-quality resources [28,29]. At first, a set of random food sources (initial answers) is selected. Then, the worker bees refer to the resources, study their nectar and quality, and provide the spectating bees with their information. Each bee then moves towards the location and acquires a resource in its proximity, which means the bee decides whether to stay in the new place or go back to the previous one based on the type of the flower and its amount of nectar. When the resource is used up, the bees move towards the new source found by the scout bees, and the process repeats until the needs are met (13). The following steps demonstrate how the algorithm is coded:

1.   Initial value assignment to the initial answers of Xij

2.   Calculation of the initial answers in the target function

3.   Initial iteration, cycle = 1

4.   Provision of the new answers based on finding the new Vij resource in the proximity of Xij to produce new answers using the following equation [29]:

vij=xij+∅ij(xij−xk,j)(28)

In this formula, the k answers obtained are in the proximity of i and ɸ is a random number between −1 and 1.

5.   Selecting the best resource or the best answer between Vij and Xij

6.   Calculating the probability for Xij answers based on the following formula [28]:

Pi=fiti∑i=1SNfiti(29)

In fact, the following formula is used to determine the validity of the answers [29]:

fiti={11+fifi≥01+abs(fi)fi<0}(30)

Answers for Pi vary between −1 and 1.

7. Producing new Vi answers (new resources) based on spectating bees out of Xi answers and determining their probability of

8. Selecting the best answer (the bee having eaten the most) between the answers of Vij and Xij

9. Determining the spoiled sources and replacing them with the random resources created by Xi scout bees using the following formula:

xij=minj+rand(0,1)×(maxj−minj)(31)

10. Recording the best answer (the high-quality food source) obtained so far

11. Cycle = cycle + 1

Repeating all the previous steps to satisfy the condition to end the program.

Powell first introduced the Powell method in 1964 as an indirect search method (30). This method uses the initial random position to search for the intense value in both positive and negative dimensions. This method is among the most effective strategies for finding the minimum value of the function in direct search algorithms since it uses only performance information without derivative calculation. Fig. 1 demonstrates the steps of the Powell search.
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Figure 1: Powell model to reinforce the algorithm search structure

Compared to other methods, the proposed method has the following key advantages:

-   Its simplicity and proper structure with minimal control parameters make it easy to program any optimization problem.

-   Ability to upgrade local search with other mathematical methods improves its performance to escape from local points.

-   Existence of probabilistic function and elitism and promotion of new generations will find the best answer in the path of optimization.

-   Do not use derivation to avoid complex mathematics such as gradients.

5  Simulation and Numerical Results

The present study integrated the performance of the demand response server and the microgrid operator and presented them in the form of a microgrid energy management system. Aside from demand response aggregation, the microgrid energy management system undertook its implementation and distribution. Thus, it tried to minimize the microgrid operation costs by using its full potential, including demand and production units. Considering that the studied microgrid is industrial and almost, all its consumers are manufacturing companies, a microgrid with the structure demonstrated in Fig. 2 is chosen to evaluate the model and demand response programs proposed in the study. This microgrid is inspired by the IEEE standard 9-bus test network at the 132 kv voltage level and is connected to the upstream network through three GPS busbars.
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Figure 2: Scheme of the studied microgrid

5.1 Problem Data

The present study has considered the energy purchase price of the market regardless of the microgrid’s costs of purchasing energy from the market. Besides, the microgrid’s costs of purchasing energy from the market are applied to the net profit from each industrial unit’s sales, so that the net profit of the industrial units indicated in Tables 2 and 3 is equal to the difference between the profit from these industrial units’ sales and the costs of purchasing electric power from the grid. The real data on purchasing market electric power from the microgrid is considered, as shown in Fig. 3 in the present study.
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Figure 3: Grid’s price of purchasing energy from the industrial units

It must be mentioned that the presented prices are not inconsistent with the electricity market prices in other countries. The optimization program is used under the day-ahead pricing tariff and in 60-min intervals. The costs of rotating reservations are considered 0.3 of the price of purchasing energy from the industrial units, while the costs of incentive and punishment plans are considered to be 0.1 of the price of buying energy from the industrial units per hour.

Fig. 4 demonstrates the amount of the other industrial consumers’ consumption in the microgrid. Besides, the input data of the aluminum and cement factories are estimated in Tables 1 through 4, given each factory’s processes and consumption levels. The aluminum industrial unit examined in the present study had two separate melting lines, the technical and economic data, which were derived from (31) and mentioned in Tables 4 and 2. Besides, several small non-controllable loads were considered in the microgrid to bring the model closer to the real conditions.
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Figure 4: Load profile of the microgrid and the industrial units in it in case study 1
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5.2 Case Studies

5.2.1 Case Study 1

In case study 1, the energy consumption of the microgrid and its industrial units are studied. The demand response programs are not considered in this case study. Fig. 4 demonstrates the energy consumption of aluminum and cement industrial units, small industrial loads, and total microgrid load. As shown, industrial units set their goal on maximum production for greater financial profits given the lack of demand response programs and power consumption restrictions, which puts their power consumption level at its maximum. As Table 5 indicates, the net profit of the aluminum and cement industrial units is estimated at $188,103 and $104,350, respectively. Table 3 indicates that the resulting profit is merely from the sales of the products manufactured by the industrial units. The profit from demand response programs plays no part in it.
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5.2.2 Case Study 2

In the second study, the microgrid’s participation in demand response programs was investigated aiming to reduce the peak consumption of the microgrid and increase the profitability of its industrial units. Fig. 5 demonstrates the energy consumption of the microgrid and the industrial units. It can be observed that the total load consumption of the microgrid and industrial units declined.
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Figure 5: Load profile of the microgrid and the industrial units in it in case study 2

Besides, Table 6 indicates that the net profit resulting from the industrial units increased compared to the first case study, the amount of which is estimated at $237,805 and $233,195.3 for aluminum and cement factories, respectively. As indicated in Table 6, the profit is obtained from the two sectors of participation in demand response programs and product sales, unlike in case study 1. As can be seen, both industrial units reduced their production to increase their profit through participation in demand response programs. However, the cement industrial unit gained the majority of its profit increase through participation in demand response programs. In contrast, the aluminum industrial unit reduced its production by a smaller amount and tried to increase its interest by providing rotating storage. Therefore, the industrial units increased their profits although their energy consumption and the grid’s energy consumption were declined. Besides, Table 6 demonstrates that 1MW declined the consumption peak of the microgrid. Fig. 5 specifies the optimal power consumption of the industrial units in the microgrid in the second case study. Also, the compared consumed load in case studies 1 and 2 are presented in Fig. 6.
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Figure 6: Comparing the consumed load in case studies 1 and 2

Figs. 7 and 8 investigate the technical and economic indices of the industrial units in the microgrids under the two mentioned case studies, respectively. As observed, total microgrid load, microgrid consumption, and peak consumption of its industrial units were declined. Moreover, the profit of the industrial units and total profit of the units increased in the second case study, while the changes were more significant in the cement industrial unit, indicating that this factory was more flexible.
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Figure 7: Studying the technical indices in case studies 1 and 2
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Figure 8: Studying the economic indices in case studies 1 and 2

5.3 Sensitivity Analysis

This section presents a sensitivity analysis of the study outputs to the market prices given the price fluctuations in various countries. The sensitivity of the net profit of the industrial units in the microgrid compared to the parameters of grid energy purchase price from the industrial units and the profit resulting from the product sales were examined in both case studies. Fig. 9 demonstrates the microgrid profit sensitivity to the changes in grid energy purchase price from the industrial units ranging from −40% to 40%. It can be observed from Fig. 9 that the lack of the industrial unit’s participation in demand response programs led the microgrid profit sensitivity to be insensitive to the changes in grid energy purchase price from the industrial units. However, the microgrid profit maintained its ascending or descending trend in proportion to the increase or decrease in the grid energy purchase price from the industrial units in the second case study.
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Figure 9: Sensitivity analysis of the microgrid profit to the changes in grid energy purchase price from the industrial units

Fig. 10 examines the microgrid profit sensitivity to the changes in grid energy purchase price from the industrial units ranging from −40% to 40%. It can be observed that case study 1 was more sensitive to the changes in profits resulting from product sales; the, reason for each could be the direct dependence of the first case study on product sales. Meanwhile, the microgrid profits in case study 2 depended on both the profit from product sales and the grid energy purchase price from the industrial units.
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Figure 10: Sensitivity analysis of the microgrid profit to the changes in industrial units’ product sales

Fig. 11 investigates the sensitivity of the microgrid profit to the changes in industrial units’ product sales. It can be observed that the aluminum industrial unit was more sensitive to the changes in both case studies. As mentioned earlier, maintaining industrial unit showed less flexibility in manufacturing its products and tried to maintain its interests by providing rotating storage. Thus, it indicated higher sensitivity than the cement industrial unit since it had a higher production level. The profit of the industrial units in both case studies was proportionate to the changes in the profit resulting from grid energy purchase price from the industrial units. The net profit from the aluminum industrial unit was always higher than the cement industrial unit in case study 1, although the same trend was not observed in case study 2. It was observed that the profit from the cement industrial unit was higher than the aluminum unit. Still, the profitability of the aluminum unit increased with a greater gradient with the increase in the product sales profits. It exceeded the cement unit’s profit at high product sales prices.
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Figure 11: Sensitivity analysis of the industrial units’ profit to the change in the profit resulting from product sales

5.4 Analysis of the Proposed Algorithm

In this section, the proposed optimization algorithm is compared with other models. For this purpose, Rastrigin benchmark functions have been considered to testing the optimization methods. As presented in Table 7, the obtained numerical analysis proves the validity of the proposed method with ten variables compared with honey bee mating optimization, artificial bee colony, and particle swarm optimization. According to this table, it should be claimed that the proposed algorithm could provide better results than other algorithms. The mathematical relationship of this benchmark is presented in (32) as:

f(x)=20+∑i=1n(xi2−10.cos(2.π.xi))−3≤xi≤12.14.1≤x(2)≤12.8(32)

[image: images]

All the mentioned factors in Table 7, i.e., Run Time (RT), Standard Deviation (SD), iteration, minimum, mean, and maximum values, are presented for all compared methods. At the same time, the suggested algorithm could outperform all methods in all factors.

6  Conclusion

Demand response is among the concepts in intelligent grids that can be used to ensure the balance between demand and supply. Moreover, demand response has a high potential to reduce the load peak, which can postpone the need for increasing production capacity and reduce the operation costs of the system and greenhouse gas emissions. Establishing microgrids can facilitate the implementation of efficient demand response. The concept of microgrids cannot be implemented to a broad extent without establishing an energy management system to achieve a reliable and optimal control process. According to the latest studies, energy management in microgrids seeks to minimize operational costs such as fuel, maintenance, and purchasing energy from the main grid while improving the reliability and environmental features. The present study proposed a new method for industrial microgrid energy management. This management model was formulated to simultaneously produce distribution resources and demand response. The model sought to improve the productivity of the studied industrial units in demand management programs through participation in ancillary services and energy markets. The proposed model was eventually solved using a newly developed algorithm. Results indicated that the possibility to selling and buying power from the main grid reduced the final microgrid operation costs. It was also observed that demand-side management and production management contributed significantly to reducing grid operation costs. Microgrid energy management systems optimize microgrid operation by reducing the network demand at peak consumption hours and transferring it to off-peak times. Actually, renewable sources, fuel cells, and storage devices are rapidly penetrating the power system and supplying part of the required resources. For future work, it will try to examine the presence of these resources with the objective function based on cost and pollution. Also, these resources’ presence makes the demand-side management program’s ability to move flexible loads program more important than before.
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Table 3: Profit resulting from the products of cement industries

Machine name Type of machine process Energy demand ($)
Demand 1 Demand 2  Demand 3
Cement stone crushing Controllable processes 0 2400 2750
Raw material preparation Movable processes 0 1800 1800
Kiln Non-movable processes 2480 2480 2480

Cement product packaging Movable processes 0 1950 1950
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Table 4: Parameters of the aluminum factory melting line

I Py [MWh] P [MWh] g [h]  Ef [MWh]
1 30 70 4 185
2 40 60 3 130
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Input: Optimization problem to be solved (set the dimension on D)
Output: Optimal solution of x

Step 1: Start the respective parameters and select the random initial population of P using water waves.
Calculate each water wave's proportional value f (x) to obtain the optimal answer of x*.

Step 2: If the termination conditions are not satisfied, go to Step 3. If not, end the program and return to
X.

Step 3: Repeat the following steps for each x.

Step 3.1: Perform the multiplication operation according to Eq. (56).

Step 3.2: If f (x )> £ (x), go to Step 3.2.1 or Step 3.3.

Step 3.2.1: Replace x * with x.

Step 3.2.2: If f (x ")> f (x *), break the wave according to Eq. (59) and replace x with x.

Step 3.3: Reduce the wave height by 1. If h = 0, perform the breaking operation according to Egs. (60)
and (61).

Step 3.4: Record the optimal solution for the current answer to update the water wavelength.

Step 4: If the current number of cycles is less than [9T/10], go to Step 2; if it is greater than [9T/10]
and less than T, go to Step 5.

Step 5: Do the local search and use the optimal solution searched by the proposed algorithm as the
initial value to perform Powell local optimization and two-step conversion.
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Table 7: Obtained results for Rastrigin benchmark in comparison with other algorithms [30]

Run Algorithm  Proposed HBMO ABC PSO
Time 0.987 6.242 0.3987 0.5443
Iter 13 25 41 64

1 Min 0.0000 0.0000 0.0263 0.0834
Mean 0.0377 0.1458 2.3648 0.9637
Max 1.676 4.1116 5.8899 9.1990
Time 1.345 6.3558 0.3898 0.5128
Iter 12 27 42 68

2 Min 0.0000 0.0000 0.0276 0.0854
Mean 0.0376 0.1476 2.3837 0.9644
Max 1.6799 4.0165 5.9883 9.2310
Time 1.1233 6.3559 0.3898 0.5126
Iter 12 23 37 63

3 Min 0.0000 0.0000 0.0272 0.0844
Mean 0.0376 0.1541 2.3734 0.9636
Max 1.8766 4.1243 5.8783 9.1987
Time 1.117 6.3560 0.3891 0.5127
Iter 11 28 39 61

4 Min 0.0000 0.0000 0.0254 0.0829
Mean 0.0365 0.1615 2.3664 0.9641
Max 1.779 4.0212 5.8789 9.1987
Time 1.4511 6.3555 0.3896 0.5127

5 Iter 10 21 37 69
Min 0.0000 0.0000 0.0272 0.0835
Mean 0.0432 0.1534 2.3648 0.9644
Max 1.776 4.2099 5.8786 9.1988
Min 0.0000 0.0000 0.0007940  0.0008841

SD Mean 0.0003 0.0055 0.0073 0.0003

Max 0.0074 0.0720 0.0430 0.0129
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Table 1: Parameters of the cement factory machines

Machine name Type of machine process Energy demand (MW/h)
Demand 1 Demand2  Demand 3

Cement stone crushing Controllable processes 0 40 50

Raw material preparation Movable processes 0 30 30

Kiln Non-movable processes 45 45 45

Cement product packaging  Movable processes 0 15 15
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Table 6: Net profit of the industrial units in case study 2

Total profit (§) Profit from Profit from Powered Provided
product sales  participation presented in  rotating
&) in DR the market storage
programs ($) (MW) (MW)
Aluminum industrial 237,805 149,539 88,228 686 728
unit
Cement industrial 233,195.3 40,758 192,378.2 2,113 118
unit
Total 471,000.3 190,297 280,606.2 2,799 846
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Table 2: Parameters associated with the amount of profit from aluminum factory products

L=1 {a} [MW] {40,50,60,70,80}

(b} [MW /$] {56,58,60,62}

{c}[8] {1680,2240,2820,3420}
L=2 {a} [MW] {40,45,50,55,60}

(b} [MW /$] {66,68,70,72}

{c)} [9]

{2640,2970,3310,3660}
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Table 5: Net profit resulting from the industrial units in case study 1

Total profit (§) Profit from Profit from Powered Provided
product sales  participation presented in  rotating
&) in DR the market storage
programs ($) (MW) (MW)
Aluminum industrial 188,103 188,103 0 0 0
unit
Cement industrial 104,350 104,350 0 0 0
unit

Total 292,453 292,453 0 0 0
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