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ABSTRACT This article develops a novel multi-microgrids (MMGs) participation framework in the day-ahead energy and ancillary services, i.e. services of reactive power and reserve regulation, markets incorporating the smart distribution network (SDN) objectives based on two-layer power management system (PMS). A bi-level optimization structure is introduced wherein the upper level models optimal scheduling of SDN in the presence of MMGs while considering the bilateral coordination between microgrids (MGs) and 
SDN’s operators, i.e. second layer’s PMS. This layer is responsible for minimizing energy loss, expected energy not-supplied, and voltage security as the sum of weighted functions. In addition, the proposed problem is subject to linearized AC optimal power flow (LAC-OPF), reliability and security constraints to make it more practical. Lower level addresses participation of MGs in the competitive market based on bilateral 
coordination among sources, active loads and MGs’ operator (first layer’s PMS). The problem formulation then tries to minimize the difference between MGs’ cost and revenue in markets while satisfying constraints of LAC-OPF equations, reliability, security, and flexibility of the MGs. Karush–Kuhn–Tucker method is exploited to achieve a single-level model. Moreover, a stochastic programming model is introduced to handle the uncertainties of load, renewable power, energy price, the energy demand of mobile storage, and availability of network equipment. The simulation results confirm the capabilities of the suggested stochastic two-layer scheme in simultaneous evaluation of the optimal status of different technical and economic indices of the SDN and MGs. 
 
INDEX TERMS Two-layer power management system, Energy and ancillary services markets, Multi-criteria objectives, Multi-microgrids, Multi-objective bi-level optimization. 
 
Nomenclature: Abbreviation AC-OPF AC optimal power flow ADN Active distribution network ARO Adaptive robust optimization CHP Combined heat and power 

DA Day-ahead DER Distributed energy resource DG Distributed generation DHN District heating network DRP Demand response program DSO Distribution system operator 
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EEL Expected energy loss EENS Expected energy not-supplied EMS Energy management system ESS Energy storage system EV Electric vehicle FDT Fuzzy decision-making technique FOR Force outage rate FS Flexible source GWO Gray wolf optimization IBF Interactive benefit prioritization  KKT Karush–Kuhn–Tucker LAC-OPF Linearized AC optimal power flow MG Microgrid MGO Microgrid operator MMG Multi-microgrid MOV Maximum overvoltage MVD Maximum voltage drop NRDG Non-renewable distribution generation PDF Probability distribution function PDN Power distribution network PMS Power management system RDG Renewable distribution generation RWM Roulette wheel mechanism SBM Simultaneous backward method SDN Smart distribution network TLBO Teaching–learning‐based optimization VSI Voltage security index WSI Worst security index Indices and sets 
b, i, t,  Indices for buses, MGs, operation hours, and scenario samples j An auxiliary index representing the bus p, m The index related to the piecewise linear in the conventional piecewise linearization method, and the index for sides of a regular polygon pb, pb-1 The weak bus in terms of voltage magnitude, and the bus upstream of pb OB, OMG, OOH, OS 

Sets of buses, MGs, operation hours, and scenario samples OBMG Set of MG buses OP, OM The set related to the piecewise linear in the conventional piecewise linearization method, and the set of sides of a regular polygon Variables 
EEL, EENS, VSI 

Expected energy loss (MWh), expected energy not-supplied (MWh), and voltage security index (dimensionless) F1 The sum of energy loss, expected energy not-supplied, and voltage security based on the sum of weighted functions method (dimensionless) F2 The difference between the expected operation cost of non-renewable sources and 

expected revenue of MGs from energy, reactive power, and reserve market ($) LNS Active power not-supplied in per-unit (p.u.) PCH, PDIS Active charging and discharging power of the storage system (p.u.) PDS, PMG, PL 
Active power of the SDN’s substation, MG’s substation, and the distribution line PNR, PDR Active power of non-renewable source and active power of responsive loads in the demand response program (p.u.) QDS, QMG, QL, QNR, QR, QE 

Reactive power of the SDN’s substation, 

MG’s substation, distribution line, non-renewable source, renewable source, and 
storage’s charger (p.u.) RMG Reserve power of the MG seen from the 
MG’s substation (p.u.) V, V Magnitude and deviation of voltage (p.u.) 

 Voltage angle (rad) WSI The worst security index (dimensionless) Constants 
AL The incidence matrix of buses and distribution lines (if there is a line between buses b and j, AL b,j = 1, otherwise, it is equal to zero) AMG The incidence matrix of MGs and buses in the SDN (if MG i connects to bus b, AMG b,i = 1, otherwise it is equal to zero)  BL, GL Susceptance and conductance of the distribution line (p.u.) , ,E E IE  Minimum energy storable in the storage, size (maximum storable energy) of the storage, and initial energy of the storage (MWh) EENSmax Maximum energy not-supplied (MWh) KQ, KR The ratio between the reactive power price and the energy price, the ratio between the reserve price and the energy price (dimensionless) LP, LQ Active and reactive load (p.u.) np The number of linear pieces in the conventional piecewise linearization technique  PR Active power of the renewable source (p.u.) R, X Resistance and reactance of the distribution line (p.u.) ,s s  The slope of the line used for linearizing a second and fourth power variable based on the conventional piecewise linearization technique , , , , ,DS MG L NR R ES S S S S S  Size (maximum apparent power) of the 

SDN’s substation, MG’s substation, distribution line, non-renewable source, 
renewable source, and storage’s charger (p.u.) Vmin, Vmax Lower and upper limits of voltage magnitude (p.u.) WSImin The minimum value of WSI 
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CR, DR Charging and discharging rates of the storage (p.u.) 
 Fuel price of the non-renewable source ($/MWh) 
DS, MG, 
L 

Availability of the SDN’s substation, MG’s substation, and distribution line  
 Energy price ($/MWh) 
CH, DIS Charging and discharging efficiency of the storage device 
 The probability of occurrence of a scenario 
EEL, 
EENS, 
VSI 

Weighted coefficients  

 The participation rate of consumers in the DRP 
F Flexibility tolerance 
, nm Angle deviation (rad), and the number of sides of the regular polygon,  = 360/nm 

  I.Introduction To achieve clean energy supply conditions in the power system and prevent early exhaustion of fossil fuels, the utilization of environmentally-friendly technologies such as electric vehicles (EVs) and renewable distribution generations (RDGs) placed at consumption sites is a promising solution [1]. Thanks to their low emission level, non-RDGs (NRDGs), such as fuel cells and microturbine, are widely used at consumption points to supply energy as concentrated power plants [1]. In this regard, energy storage systems (ESSs) and demand response programs (DRPs) are highly potential choices [1]. Nevertheless, achieving desirable environmental conditions besides improving technical and economic situations of energy networks requires appropriate energy management of these elements within the network. Hence, the first step is to integrate these elements in different coordinating forms like micro-grids (MGs) [2]. Following this, a distribution network is expected to consist of several MGs. In this scheme, an MG is composed of a specific number of sources, storages, and consumers, each with its local controller. Moreover, the MG itself has a central controller known as the MG operator (MGO). By executing smart and communication infrastructure in the MG, it is expected that bilateral coordination is met among sources, storages, and consumers with the MGO [3]. In this case, by adopting an energy management system (EMS) or power management system (PMS) in the second step, an MG with various capabilities in economic and technical terms such as operation, reliability, and security can be obtained [4]. Additionally, several MGs or multi-MGs (MMGs) have bilateral coordination with the distribution system operator (DSO) in this scheme; thus, it is predicted that a suitable situation from DSO’s viewpoint is obtained for the distribution network in these conditions [5].  A great deal of research has been conducted on the management of the operation of distribution networks or MGs. To exploit a mixture of active and reactive power 

control capabilities of EVs, a model is introduced in [6] to manage these powers simultaneously in an smart distribution network (SDN). The model forms an optimization formulation, the objective function of which attempts to minimize the energy cost and improve voltage profile. The problem is subject to operation constraints of the network and charging and discharging constraints of EVs batteries and chargers. Adopting the adaptive robust optimization (ARO), the authors in [7] put forward a model to optimally schedule an active distribution network (ADN) composed of RDGs and flexible sources (FSs). An optimization model with two objective functions is used in the deterministic programming to minimize the difference between the operating costs of the network and NRDGs and the revenue of the RDG, NRDG, and FS gained by selling active and reactive power (the first objective function). The voltage deviation is minimized by the second objective function. The problem takes into account the AC optimal power flow constraints for the ADN with RDGs and FSs. Uncertainties of the load, market price, EVs, and RDG specifications are also considered in the problem; hence, the ARO was adopted to model/find uncertainty parameters/robust capabilities of renewable and flexible sources aiming to enhance the status 
of the network’s operation indices. An energy management system is used for the optimal multi-objective operation of MGs with distributed generations (DGs) and a thermal block [8]. A combined heat and power (CHP) system, a boiler, and a thermal storage system supply the load of the thermal block. The proposed solution minimizes three operation objectives of an MG: cost, energy loss, and voltage deviation functions. The problem is constrained by AC power flow equations, system operation limits, and limitations on DGs and the thermal block. Then, the teaching–learning-based optimization (TLBO) and firefly algorithm are incorporated to solve the problem and achieve a reliable optimal solution. Interconnected power distribution network (PDN) and district heating network (DHN) infrastructures through CHP units and heat pumps are discussed in [9]. Accessing nodal electricity prices in the market framework, the DHN’s operator solves an optimal thermal flow problem and explores the best strategy for generating heat. The performance factors of heat pumps concerning variable load levels are taken into account and modeled by a disciplined convex optimization format. A two-step hydraulic-thermal decomposition method is used to find the solution for the optimal thermal flow problem via a quadratic cone program. 
Meanwhile, the PDN’s operator clears the distribution power market using an optimal power flow problem considering the 
DHN’s demand. Electrical energy prices are represented using dual variables in the optimal solution. The problem results in a Nash-type game between the two systems. Then, a best-response decentralized algorithm is adopted to find the optimal operation scheduling of the infrastructure, which interprets a market balance because none of the systems is inclined to change their strategies. Taking into account the electrical energy price response of distributed energy resource (DER), a coordinated operation strategy for ADN is 
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presented based on a bi-level agent framework [10]. The DER agent responds according to the technical operability and economic consideration, while the ADN agent will finally coordinate each participant by using the interactive benefit prioritization (IBP) principle.  The authors in [11] present an optimal scheduling model for an MG that is involved in electrical energy distribution market, in which the distribution market operator is also participates. To minimize the operation cost of off-grid MGs, ref. [12] models the spinning reserve uncertainty and employs a novel optimal scheduling model. In this method, the confidence levels related to probability constraints of spinning reserve are suitably set; thus, the MG finds a compromised solution between reliability and economic situation. Cooperative operation of several MGs that work interconnected is optimally scheduled in [13]. The proposed structure minimizes the expected profit of individual MGs and reduces the power loss of the distribution system.  Reconfiguration of MGs is realized in [14] by using a strategy while taking into account the capability constraints of islanding. To this end, the capability of islanding is modeled by a probability of islanding operation index to present the probability of sufficient spinning reserve of the MG in supplying the required demand.  An energy management system (EMS) is used has also been adopted [15] to find highly reliable MGs with pollution-less energy and optimal operation. Another interesting method called stochastic multi-layer energy management was incorporated in [16] to interconnected MGs operating based on smart distribution networks. Energy management was realized by individual MGs aiming to specify the suitable scheduling of 
MGs’ units. The operator of the smart network uses the received data to prepare a priority list for units that can inject power into the smart network. Then, energy is globally managed.  

In an attempt to enhance reliability of MGs, make their operation optimum, and use clean energy, the multi-objective operation is introduced for MMGs [17]. Such an operation helps minimize the expected operating cost of MGs and non-renewable energy sources (NRESs), the expected energy not-supplied (EENS) as the reliability index, expected environmental emission level, and voltage deviations function in different objective functions. The problem is limited by AC optimal power flow (AC-OPF) equations, constrictions of reliability, and mathematical models of power sources and active loads. The authors in [18] propose a similar study although it uses an unbalanced model for MGs. A novel energy management method with two stages is introduced for interconnected MGs with the penetration of high renewables. The aim is to deal with the stochastic changes of renewable energy output occurring during the day, changes in the electrical demand, and electricity price. The first stage (with hourly step intervals) adopts a hierarchical hybrid control method for interconnected MGs so that the operating cost of the system is minimized. To evaluate the risk of changes in the operating cost caused by uncertainties, the mean–variance Markowitz theory is utilized. The second stage (with 5-min step intervals) adjusts the elements of MGs in an optimal way so that the imbalance cost between day-ahead and real-time markets is minimized. Ref. [20] proposes a new operation method for grid-connected MGs highly influenced by renewables and electric vehicles for day-ahead and real-time markets, in which MGs are managed via a multi-layer EMS. In this approach, MGs are either single MGs or interconnected MGs. Single MGs are managed through the first layer of the EMS, while the interconnected MGs are managed using the second layer and this is realized in hourly based in the day-ahead market. Table 1 tabulates the studied carried out in this realm.Table I: Taxonomy of recent research works 
Ref. Indices Market model PMS strategy Economic Operation Security Reliability  Flexibility [6] Yes Yes No No No Energy  One-layer [7] Yes Yes No No No Energy and reactive  One-layer [8] Yes Yes No No No - One-layer [9] Yes Yes No No No Energy  One-layer [10] No Yes No No Yes - Two-layer [11] Yes Yes No No No Energy One-layer [12] Yes Yes No Yes No - One-layer [13] Yes Yes No No No Energy One-layer [14] Yes Yes No Yes No - One-layer [15] Yes Yes No Yes No - One-layer [16] Yes Yes No No No - Two-layer [17-18] Yes Yes No Yes No - Two-layer [19-20] Yes Yes No No No Energy Two-layer Proposed strategy Yes Yes Yes Yes Yes Energy, reactive and reserve  Two-layer 

 In the field of energy management of distribution networks and MGs, different models in proportion to the background research are provided in the literature review section and Table I.  However, the noticeable research gaps 
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concerning energy management of distribution network and MGs include the following items: 
 Most studies employ integrated or single-layer management for distribution networks or MGs. Such management strategy considers only the direct coordination between sources and active loads and the DSO. Nonetheless, implementing such coordination in the distribution network with MMGs, i.e. realization of coordination between sources and active loads and the DSO, leads to a huge volume of data for the DSO, thus complicating the decision-making procedure and system processing by the DSO. Therefore, the optimal and desirable conditions are those with a two-layer PMS to manage distribution network power in the presence of MMGs. In this type of scheme, the coordination between sources and active loads and the MGO is considered in one layer of the PMS while the coordination of MGOs and the DSO is assumed in the other layer. Thus, it is anticipated that the decision-

making speed and operators’ processing actions are high thanks to dividing and sharing the whole data of system players among several operators. This has been discussed in few studies such as in [10, 16-20]. But, in [17-18] / [10, 19-20], the multi-bus mode of distribution network / MGs is not considered.  
 As it was observed in the literature review section, implementing energy management in MGs helps improve the technical status of the distribution network. So, MGs can participate in different energy markets and enhance their financial benefit. Yet, most research pieces generally use the energy market model for MGs. MGs using base generator sources such as microturbines and based inverter elements such as renewables, ESSs, and EVs can control active and reactive power simultaneously [21]. Hence, they can participate in active ancillary services markets such as reserve regulation and reactive ancillary services, in addition to participating in the energy market.  
 In most studies [6-9, 11, 13, 16], the optimal status of one or two indices such as economic and operation indices are generally taken into account. However, a network is subject to various indices including reliability, security, flexibility, operation, etc. Achieving a suitable situation of a specific index does not guarantee to enhance the status of another index. For instance, high amounts of energy need to be injected by sources, and active loads placed at consumption points to improve reliability. But from an operation aspect, this may result in overvoltage. So, it is expected to consider simultaneous modeling of different indices in the problem of management of network power.  To fill the aforementioned gaps, the present study suggests the participation of SDN-connected MMGs in the energy and ancillary services, i.e. services of reactive power and reserve regulation, markets using a two-layer PMS, as shown in Fig. 
1. In the proposed scheme, the PMS’s first layer refers to the bilateral coordination between sources, storages, and 

responsive loads and the MGO, while the bilateral coordination of MGOs and the DSO is considered in the second layer of the PMS. Then, first (second) layer of PMS based on Fig. 1 refer to active and reactive power management is MG (SDN). It is a bi-level problem, in which the upper level deals with the optimal scheduling modeling of the SDN in the presence of MMGs based on the second 
layer’s PMS, that is the coordination between MGOs and the DSO. In the formulation of the lower level, the participation of MMGs in the day-ahead (DA) energy, reactive power, and 
reserve markets is modeled based on the first layer’s PMS, i.e. according to the coordination of sources and active loads and the MGO. The objective function in the upper level aims to minimize the total loss of energy, reliability, and network security, formulated in the form of Pareto optimization based on the sum of weighted functions technique. Moreover, it is subject to the AC optimal power flow (AC-OPF) equation and constraints of reliability and voltage security in the 
presence of MGs’ data. In the lower level, the objective function attempts to minimize the difference between the expected cost of MGs and their expected revenue in the mentioned markets, constrained to AC-OPF equations, equations ruling the renewable and non-renewable sources, and active loads such as ESSs, EVs parking lot, DRP, reserve model of the MG, and constraints of reliability, security, and flexibility of MGs. To find an integrated and single-level model, the Karush–Kuhn–Tucker (KKT) technique is adopted. The lower level problem being convex is the necessary condition to use the KKT and other methods to transform the multi-level problem into a single-level one. Since the mentioned problem is subject to AC-OPF constraints, it is non-convex [15-16]. To compensate for this issue, a linearized model is used for the proposed scheme in which linearized AC optimal power flow (LAC-OPF) constraints are used instead of AC-OPF equations. For stochastic programming is incorporated to model the uncertainties of consumption load, market price, power generation by renewables, energy demand of EVs, and availability of network equipment. In this programming, first, the roulette wheel mechanism (RWM) generates a high number of scenarios for the previously-mentioned uncertainties. The simultaneous backward method (SBM) then selects a certain number of the generated scenarios with a small distance to each other to apply to the proposed problem. The contributions of the present scheme are summarized as follows: 
 Bi-level modeling of the optimal scheduling of the SDN in the presence of MGs based on a two-layer power management system to rapidly process the data in the DSO; 
 Optimal participation of MGs in the DA energy, reactive power, and reserve markets to achieve higher financial benefit for sources, storages, and responsive loads; and 
 Simultaneous formulation of economic, operation, reliability, voltage security, and flexibility indices in the problem of optimal scheduling of the SDN with MMGs. 
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Note that, based on Fig. 1, MGO is responsible for the management of MG power, meaning that it receives the information of sources and active loads and, based on that and technical limitations of the MG, makes decisions for the MG and its elements. However, in the SDN, DSO is responsible for power management. DSO receives the information from the MGOs and, based on that the technical limitation of the SDN, makes decisions. Since the DSO is in the upper-level problem, the DSO is the chief program manager because MGO should manage the power in the MG 

in a way that technical limitations and the SDN and MG are observed. This is achieved by mutual cooperation between MGOs and the DSO. Therefore, it can be stated that the DSO and MGOs are the main and minor management elements, respectively. In the remaining, the bi-level stochastic formulation of the proposed scheme is presented in Section 2. Its single-level modeling is described in Section 3. Section 4 evaluates the numerical results obtained for the problem. In the end, conclusions are provided in Section 5.      MG i 

Source Storage  DRP  

MGO Objective: Minimize of MG cost in DA markets constrained to network operation constraints (AC-OPF or LAC-OPF model), flexibility, reliability and security limits 

…………… First layer PMS ………………. 

P Q P, Q P 
Load: P, Q 

DA markets 

Energy  

Reserve   

Reactive power 

Lower level problem 

Upper level problem SDN 
DSO Objective: Three-objective scheduling limited to operation constraints (AC-OPF or LAC-OPF model), reliability and security model   

Load: P, Q 

P, Q 
Second layer PMS 

Deviation of operation, reliability and security limits 
Active and reactive power data 
Active, reactive and reserve power data 
Market price and MG cost  
Optimal scheduling   
Capacity data  

Stochastic programming  

RWM  

SBM  

Uncertainty parameter  

Generated scenario  

Reduced scenario 

Uncertainty modeling   

 Fig. 1. The scheme of the scheduling of SDN in the presence of MGs based on two-layer PMS 
II.Model of Proposed Problem A. A bi-level formulation for the operation of the SDN with MGs This section describes the two-layer power management of SDN-connected MGs based on MGs’ participation in the DA energy, reactive power, and reserve markets. The 

coordination between sources, storages, and responsive loads located in the MG and the MGO is considered in the first layer of PMS, and the coordination between MGOs and the DSO is assumed in the second layer. It is assumed that the main objectives of DSO are achieving maximum reliability and security as well as suitable situation for SDN 
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operation indices such as minimum energy loss and voltage drop. Other assumption, MGO tries to obtain maximum profit for MG in the mentioned markets with considering reliability, security, operation and flexibility constraints. Following this strategy, bi-level optimization is implemented, where its upper level refers to the multi-criteria objectives operation of the SDN in the presence of MGs to minimize the energy loss, EENS, and voltage security index (VSI) in the form of a three-objective function using Pareto optimization based on the sum of weighted functions by satisfying LAC-OPF constraints and the reliability and voltage security limitations. The upper-level problem deals with the power management of the second layer. Furthermore, the formulation of participation of MGs in the mentioned markets in proportion to the PMS of the first layer is considered in the lower-level problem. Its objective function attempts to minimize the difference between its cost and revenue in the mentioned markets. Its constraints include LAC-OPF equations and reserve, flexibility, reliability, and voltage security constraints. Noted that in the SDN operation problem, it needs to value of active, reactive and reserve powers of MGs. Hence, the MGs operation model is used in lower-level formulation, and SDN optimal scheduling is presented in upper-level model. Thus, the mathematical model of the suggested scheme is presented as follows: (1) 
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A) Upper level problem: The formulation of the upper-level problem is given in (1)-(12). The objective function of the problem as shown in (1) is a three-objective function based on Pareto optimization using the sum of weighted functions [22]. In the first part of this equation, the expected energy loss (EEL) of the SDN is minimized, which is equal to the difference between the energy generation and consumption during the operation horizon. In the second term of Eq. (1), the EENS caused by the occurrence of an N - 1 event due to an internal fault in the network equipment is minimized. This energy similar to the mentioned equation is equal to the sum of load not-supplied of the SDN for internal faults in different equipment during operation horizon. In the end, the third part of Eq. (1) minimizes the symmetry of the VSI [23]. The worst security index (WSI), with a value between 0 and 1, is employed here to analyze voltage security. If the value is zero, it means that voltage collapse has happened; and a value of 1 means that the SDN is in the no-load situation. Moreover, this index is only calculated for a weak bus in terms of voltage magnitude. Such a bus can be found from power flow results. That being said, in case the third part of Eq. (1) is maximized, the SDN with high voltage security is expected to be accessible. Thus, a negative coefficient is used for the third part of the objective function given in (1) [23].  As Eq. (1) has a three-objective form, the sum of weighted coefficients EEL, EENS, and VSI must be 1 [22]. To this end, different values are expected to be obtained for EEL, EENS, and VSI functions for different values of these coefficients, the depiction of which in a 3D coordinate plane represents the Pareto front for the proposed scheme [22]. To find an optimal point equal to the best optimal compromise solution among the mentioned functions, the fuzzy decision-making technique (FDT) is used in this paper [24]. In the FDT, first, a linear membership function is obtained for EEL, EENS, and VSI functions for different values of weighted coefficients. The membership value of each function is 1 (0) 
if the function’s value is smaller (greater) than its upper (lower) limit [24]; otherwise, the membership value of a function will be equal to the difference between the function with respect to its upper limit and the difference between the upper and lower limits of the function [24]. The upper and lower limits of EEL, EENS, and VSI functions can be calculated using EEL = 1, EENS = 1, and VSI = 1. Then, the minimum value among the membership values of EEL, EENS, and VSI functions are determined for each of the 

weighted coefficients. This number is represented by  in this paper. Finally, the point corresponding to the best compromise solution among the mentioned functions is equal to the maximum value of  for all values selected for weight coefficients [24].  Equations (2)-(12) represent the constraints of the upper-level problem, where (2)-(6) refer to the LAC-PF constraints in the SDN [1, 7]. These constraints indicate active and reactive power balance at each bus, active and reactive power flow through the distribution line, and voltage angle of the slack bus. The real models of Eqs. (4)-(5) are nonlinear non-convex in the form of 
      2, , , ,- cos sinLb j Lb j b b j Lb j b j Lb j b jP G V V V G B      

and 
      2, , , ,cos sinLb j Lb j b b j Lb j b j Lb j b jQ B V V V B G          

[6]. However, since the difference between voltage angles of both near- and far-end buses of the distribution line in the distribution network is generally less than 6°, the terms 
 cos b j  and  sin b j   can be approximated to 1 

and  b j   [25-26]. Moreover, using the conventional 
piecewise linearization technique, the voltage magnitude 
variable can be expressed as, min

P
pp

V V


  where V 

represents voltage deviation. By adopting a higher number of piece-wises, V will take smaller values. Following this, the terms V2, V4, VbVj and can be written as
 

2min
P

p pp
V s V



  ,  
4min

P
p pp

V s V


  ,and
   2min min , ,

P
b p j pp

V V V V


    . Thus, by neglecting the 
terms V2 and V.(b - j) due to their minuscule values, the mentioned nonlinear terms can be formulated as Eqs. (4) and (5) [25]. The operation constraints of the SDN are given in (7)-(9), which respectively show the limitations on the 
apparent power transferrable through the SDN’s substation and the distribution line and voltage deviation limits on the 
SDN’s buses [1]. The real model of limits on the size of substation and distribution line is a circular plane with the 
origin in zero and a radius of S,    

2 2P Q S  . A 
circular plane can be approximated by a regular polygon in the form of    .cos . .sin .P m Q m S      [1], where if 
the number of sides is high, the approximation will lead to a negligible calculation error. In this inequality, m represents a side of the set OM = {1, 2, …, nm}, nm is the number of sides, and  denotes the angle deviation (360/nm). In the real model of AC-OPF of a network, the voltage magnitude limit is used as min , , maxb tV V V  . However, since the voltage 
deviation variable is used in the LAC-OPF, Eq. (9) substitutes the voltage magnitude constraint. As another remark, it is assumed that the SDN connects to the upstream 
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network via the distribution substation placed at the slack bus. Thus, variables PDS and QDS will have values only on the slack bus. Eventually, Eq. (10) represents the reliability constraint of the SDN, referring to the boundary on the interrupted load at consumption points due to an N - 1 event.  Equations (11) and (12) give the voltage security constraint of the SDN, where the value of worst security index (WSI) for the weakest bus in terms of voltage magnitude is calculated by (11). Then, the limit on this index is provided in (12) [23]. In other words, the SDN should always have a secure voltage margin, which is considered in (12). Note that the real model of WSI is stated as
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, where 

the second and third terms have very small values compared to the first term [23]. Hence, taking this in mind, Eq. (12) replaces this relation. The first term in (12) represents the linear model of V4 based on the conventional piecewise linearization technique. The third term is discarded because of its minuscule value. Also, as the multiplication of
P

p pp
s V



 and  1, 1, 1, 1,pb pb L pb pb pb pb L pb pbR P X Q     
gives a negligible value, this term is removed from (12).  B) Lower level problem: Equations (13)-(27) describe the lower-level model of the problem, referring to the participation of MGs in the energy, reactive power, and reserve markets. The objective function of this problem, given by (13), minimizes the difference between the cost of MGs (including the operating cost of non-renewables in the first part of this equation) and their expected revenues in the mentioned markets (the second term of the equation). Based on the second part of (13), in case active, reactive, or reserve power variables have a positive value, MGs will produce revenue in the mentioned markets; otherwise, if the variables are negative, MGs will pay a cost in the market. Moreover, it is considered the operation cost of RDGs is low, where it can be ignored [1]. It is not formulated in equation (13). Constraints (4)-(12) holds for MGs as well, so they are presented in (14). Active and reactive power balance constraints in different buses of MGs in the presence of sources, storages, and responsive loads will be as (15) and (16), respectively. Equation (16) assumes that sources and storages can control reactive power. Non-renewable sources are generally base generators, so their generator can control the reactive power of these sources. Renewable sources and storages, in general, are connected to the network via power electronics. The reactive power of these elements can be controlled by adopting a proper structure for these converters, such as using an IGBT bridge [21].  Constraints (17)-(18) present the formulation of incentive-based DRP [27]. In this model, consumers reduce their consumption energy during peak hours (corresponding to high energy prices) in accordance with the energy price 

signal and receive energy during off-peak hours (in proportion to low energy prices). Thus, constraint (17) represents the power control limit on consumers in the form of a DRP. Constraint (18) ensures that the total energy reduced during peak hours is supplied within the off-peak interval. Equations (19)-(22) refer to the operation model of storages, respectively presenting the limit on energy stored in the storage device, limitations on charge and discharge rates, and the limit on the size of storages chargers [1]. Concerning mobile storages such as EVs, the model given in (19)-(22) can be applied except that the number of EVs differs at each scenario and time. Hence, subscripts t and 𝜔 
are used for parameters IE, αCR, αDR, and ES . As per [1, 7], 
αCR/ αDR/ ES  at hour t is equal to the sum of charge 
rate/discharge rate/charger size of EVs connected to the parking lot during this hour. IE at hour t is equal to the sum of the initial energy of EVs recently connected to the parking lot at hour t. The parameter E will have an ω subscript due to the variable number of EVs at each scenario, and it is equal to the sum of energy consumption required by EVs for their travel. In the operation model of EVs, the inequality term on the right side of constraint (19) will be stated in the form of equality. The constraints on the model of operation of renewables and non-renewables are provided in (23)-(24), presenting the limit on the size of the apparent power of these sources. The reserve power that always takes a positive value is calculated using (25). In (26), the limit on EENS for each MG is considered. Note that the economic objectives of MGs in the electricity market are considered as the objective function in this paper; thereby, considering the reliability constraint of MGs is given by a constraint similar to (26). In Eq. (27), the flexibility limit of MGs is presented. The active power generation by RDGs is uncertain because of prediction error in meteorological conditions forecast, so it is expected that the active power of MGs (seen from the distribution substation or slack bus of this network) takes different values in different scenarios. This will lead to unbalance between the results of DA and real-time operation [19]. This is known as flexibility shortage conditions and, from an economic viewpoint, the cost imposed by MGs will increase as the penalty of reduced flexibility. Hence, to avoid this problem, a constraint such as (27) is used for MGs, whereby choosing a small value for flexibility tolerance (∆F), the MGs are expected to provide higher flexibility, meaning that the active power of MGs should be minimized in various scenarios. It is worth noting that the flexibility status of MGs in this paper is modified by active loads (ALs) and non-renewables, and these elements are known as flexibility sources.  In the end, it should be noted that variables PNR, PDR, PDIS, PCH, QNR, QR, and QE are decision variables, and other variables of the proposed problem are dependent variables. In addition, reactive power limitation of sources and storage devices is given in (22)-(24). These equations are in the form of a circular plane in the PQ coordinates and is known as 
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capability curve of the mentioned elements. Also, the above papers are considered in [28-30].  B. Stochastic programming of uncertainties In the problem described by (1)-(27), parameters of load (LP, LQ), renewable power (PR), energy price (γ), charge and discharge rates (αCR, αDR), initial energy and charger size of 
EVs (IE, ES ), consumption energy by EVs ( E ), availability 
of SDN equipment and MGs (DS, MG, L) are uncertainty parameters. To address this, stochastic programming based on the RWM and SBM is utilized to model these uncertainty parameters. The RWM generates a high number of scenarios, where the first 9 uncertainty parameters in each scenario are determined based on their mean and standard deviation. However, the values of the three last uncertainties are found based on the force outage rate (FOR) of network equipment and MGs [27, 31-32]. Moreover, the probability of the selected values for load and energy price parameters is calculated in each scenario using the normal probability distribution function (PDF) [1]. The probability of values of renewable power for wind and photovoltaic systems are specified based on Weibull and Beta PDFs, respectively [1]. The probability of values for parameters of EVs is found using Rayleigh PDF [27], and it for the three last uncertainties calculates based on Bernoulli PDF [24]. The probability of occurrence of an event in each scenario (0) is equal to the multiplication of the probabilities of uncertainty parameters in that scenario. In the next step, the SBM chooses a small number of the generated scenarios and applied them to the proposed problem. It should be noted that scenarios with a small distance from each other are selected in this method. The probability of new scenario () is equal to rate of its 0 and sum of 0 for all scenarios obtained by SBM. The detailed information about the formulation of the mentioned method is accessible in [33].   III.Single-level model of the proposed problem Reaching a single-level model is a necessity to find an optimal solution for the problem (1)-(27) by using traditional solvers [27]. Since that this problem includes linear formulation, thus, it includes a convex model. Hence, the KKT is employed as follows. The model of the problem that early has been discussed has a general structure of the problem (28)-(32). The upper- and lower-level problems are described by (28)-(29) and (30)-(32), respectively. The vector for variables of the upper or lower level problem is denoted by x (y). Parameters  and 
 are the Lagrangian multipliers.   (28) 1min T TF a x b y    
Subject to: (29) 1 1 1. ( / / )c x d y e     

(30)  2arg min Ty F f y   
Subject to: 

(31) 1 1 :g y h   
(32) 2 2 :g y h   

We need to use the constrained found using the KKT of the lower-level problem in the upper-level problem, aiming to find the single-objective model of the problem being discussed [27]. One solution is to find the Lagrangian function (L) of the lower level problem (33). The objective function and penalty functions related to the problem constraints are put together to find the Lagrangian function. The penalty function for constraints a  b and a = b are given by .max(0, a - b) and .(b - a), respectively [27]. (33)    2 1 1 2 2. .max 0,L F h g y g y h        
The constraints found by KKT are in proportion to making derivative of the Lagrangian function equal to zero by differentiating it with respect to its variables (y, , and ) [27]. As a result, the single-level formulation of the problem (28)-(32) are according to (34)-(39). In the newly formed problem, Eqs. (34), and (35) equivalent to (28)-(29) describe the upper-level problem. Equation (36) is found by making of the differentiation of the Lagrange function zero with respect to the primal variable of the lower-level problem (y). 

Equation (37) is formed through 0L






, which will be same 

as constraint (31). The result of 0L






 ( is the Lagrange 

multiplier of an inequality constraint) is constrained by two conditions as Eq. (38), where (32) is reached according to its 
first condition, and  2 2. 0g y h   is extracted as per the 
second condition. This constraint is nonlinear. To express its linear form, . .M z M z   and 

 2 2.(1 ) .(1 )M z g y h M z      are used in 
 2 2. 0g y h   , where M represents a large fixed number 

like 106 and z denotes a binary variable [27]. Equation (39) provides the range of Lagrange multipliers. (34) 1min T TF a x b y    
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Finally, the flowchart of the problem solving is as Fig. 2. 
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Check all values of EEL, EENS, and VSI ? 

FDT 

Print the best compromise solution 

Initial value of EEL, 
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 Fig. 2. Flowchart of the solving of proposed problem  IV.Numerical results A. Case studies The proposed scheme is implemented on a 33-bus radial SDN [34-36] with three MG1, MG2, and MG3 microgrids, as shown in Fig. 3. The peak load data and specifications of distribution lines and substation of the SDN are reported in [13], and this data for MGs is given in [16]. Bus 1 for the SDN is the slack bus, and buses 10, 20, and 26 are the slack buses for the first to third MGs, as depicted in Fig. 3. The limitation on the voltage magnitude for the mentioned networks is [0.9, 1.1] p.u. There are renewable sources such as wind and photovoltaic systems and non-renewable sources such as diesel generators in the MG, the data of which can be found in [16]. Ref. [16] does not discuss the charger size of batteries, but we set it to 50% of the battery size in this paper. The authors in [16] also do not provide the data of EVs parking lot, but the present study assumes that there are renewable sources on the buses of MGs and the capacity of EVs parking lot is 300 vehicles. Specifications of EVs, including charge and discharge rates, charger size, etc. are expressed in Table II [6, 7]. In MGs, it is assumed that consumers participate in the DRP with a rate of 30% [27]. Energy price for the DA energy market during 1:00-7:00, 8:00-16:00, 23:00-00:00, and 17:00-22:00 is set 16 $/MWh, 24 $/MWh, and 30 $/MWh, respectively [7]. The term KQ is set at 0.08 as per [7], and KR is set 1. The hourly data of load (power generation by renewable source) is equal to the multiplication of peak load (size of source) and load factor (power rate). The number of EVs connected to the parking lot at each hour is equal to the total number of EVs connectable to the parking lot and the penetration rate of EVs. The daily load factor curve, the power rate of renewable sources, and the penetration rate of EVs in the parking lot are depicted in Fig. 4 [1]. The value of WSImin is 0.8 [23]. The weak buses in terms of voltage magnitude obtained based on power flow studies in the SDN and the first to third MGs are buses 18, 14, 12, and 14, respectively. The RWM generates 

2000 scenarios. The SBM then applies 80 of the scenarios to the problem. The s.t of uncertainties of load, energy price, renewable power, and energy demand of EVs is set 10%. The FOR value for network equipment and elements of MGs is considered 1%.  
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MG2 
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MG3 

 Fig. 3. Case study of system [34] 

 (a) 

 (b) Fig. 4. Daily curve of, a) RDG power rate and load factor, b) EVs penetration rate [1]  Table II: Specifications of EV [6-7]  Battery capacity ( E ) in kWh BC≤8 8≤BC≤15 BC≥15 
IE/ E   0 0.15 0.25 

Charger capacity (kVA) 3.3 4.6 6.6 
Charge (Discharge) rate (kW)  2.5 4 6 EVs in each group (%)  20 60 20  B. Results The proposed scheme is simulated in GAMS optimization software in accordance with the data provided in subsection IV.A. The CPLEX solver is then used to solve the problem [37-40]. Five pieces are considered for the conventional piecewise linearization technique. Also, the circular plane is approximated by a regular 45-gon [25]. Based on the results obtained in [25], it is observed that the computational error of the linear approximation model used for the AC-OPF problem, described by (1)-(10), is 2% and 0.5% for power and voltage variables in comparison to the original 



This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/ACCESS.2022.3167826, IEEE Access

 

VOLUME XX, 2017 9 

(nonlinear) AC-OPF problem. This error can be neglected due to its low computational time [25].  A) Evaluation of the best compromise solution: Table III 
reports the Pareto front’s results related to the proposed scheme for weighted coefficients EEL, EENS, and VSI with values 0, 0.33, 0.5, and 1. The cases with EEL = 1, EENS = 1, and VSI = 1 in this table calculate the minimum values of EEL and EENS functions and the maximum value of the VSI in the SDN. The minimum values of EEL and EENS are respectively 1.811 MWh and 1.673 MWh, and maximum value of VSI is 22.35. Note that, in Eq. (1), the term min has been used for the symmetry of VSI. On that account, Eq. (1) attempts to maximize the VSI. In these three cases, we can obtain the maximum values of EEL and EENS and the minimum value of the VSI. The maximum value of EEL is 1.957 MWh, which is obtained when EENS is minimized in Eq. (1). The maximum value of EENS is found 4.312 MWh, which was calculated when the symmetry of VSI is minimized. The minimum value of VSI (that is 20.09) is extracted when the EENS is minimized. So, the ranges of changes of these functions are 0.146 (1.957 - 1.811) MWh, 2.639 (4.312 - 1.673) MWh, and 2.26 (22.35 - 20.09). Furthermore, it is observed in Table III that the direction of changes of the mentioned functions is not the same. For instance, the reduction in EENS is commensurate with the increase in EEL because to minimize EENS, high amounts of active power need to be supplied by sources, storages, and responsive loads into the network; although this may swell power loss of distribution lines and thus increase the expected energy loss.  Table IV lists the best solutions compromised among EEL, EENS, and VSI functions when the Pareto optimization technique is based on using the sum of weighted functions, normalized objective function [6], and 
ε-constraint methods [24]. Referring to this table, the values of EEL, EENS, and VSI functions at the best compromise solution point are 1.851 MWh, 2.084 MWh, and 22.03, respectively, that are proportional to the case with EEL = 0.1, 
EENS = 0.0, and VSI = 0.81. The values of the mentioned functions are close to their minimum, minimum, and maximum value, where EEL, in this case, is 27.4% ((1.851 - 1.811)/0.146) close to its minimum value. EENS is 15.6% distant from its minimum, and the distance between the VSI and its maximum value is 14.2%. Table IV also provides the results obtained by applying the sum of weighted functions 
using the normalized objective function and ε-constraint methods for the proposed scheme. In the normalized objective function method, the values of weighted coefficients EEL, EENS, and VSI are such determined that the ranges of changes of terms EELEEL, EENSEENS, and 
VSIVSI are the same [6]. Now, by choosing EENS = 1, the values of EENS and VSI are found 18.075 (2.639/0.146) and 1.168 (2.639/2.26). It is seen in this method that higher values are obtained for the mentioned functions compared to the sum of the weighted functions method. This holds also 
when comparing ε-constraint and the sum of weighted functions method. As a result, the method adopted in this 

paper provides superior capabilities to other methods in the Pareto optimization technique in improving the optimal solution of the proposed scheme. Eventually, based on Table IV, the computational time of the sum of weighted functions 
and ε-constraint methods is about 16-17 s, while it is 9.7 in the normalized objective function method because the former two methods require to extract the Pareto front, which is not the case in the latter method.   Table III: Pareto front of the proposed scheme 
EEL EENS VSI EEL (MWh) EENS (MWh) VSI (%) 1 0 0 1.811 4.121 20.66 0 1 0 1.957 1.673 20.09 0 0 1 1.906 4.312 22.35 0.5 0.5 0 1.884 2.735 20.37 0.5 0 0.5 1.868 4.083 21.76 0 0.5 0.5 1.915 3.052 21.11 0.33 0.33 0.33 1.901 3.142 21.09  Table IV: The best compromise solution between function of EEL, EENS and VSI in 33-bus SDN Method EE

L 
EE
NS V

SI 
EEL (MWh) 

EENS (MWh) 

VSI (%) 
Calculation time (s) 

Sum of weighted functions 

0.15 0.04 0.81 1.851 2.084 22.03 16.2 

Normalized function  

18.075 1 1.168 1.863 2.551 21.87 9.7 

-constrain 1.853 2.114 21.98 17.1 
 B) Evaluation of MGs’ economic status: Fig. 5 illustrates the graph of expected profit for the first to third MGs in terms of changes in flexibility tolerance (∆F) and maximum EENS (EENSmax). Fig. 5(a) shows the profit-flexibility tolerance curve for MGs for EENSmax = 1. According to this figure, increasing ∆F escalates the expected profit of MGs in the energy, reactive power, and reserve market because, under these conditions, the importance of flexibility index decreases in the proposed scheme; thus, the operation of non-renewable sources, storages, and responsive loads will be such that their operating cost is minimized so that higher profit is produced for MGs as per (13). These conditions continue until ∆F = 0.06 MW. For ∆F > 0.06 MW, the expected profit of MGs is fixed. Fig. 5(b) depicts the EENSmax - profit curve for MGs. As EENSmax increases, so does the expected profit of MGs, as given in Fig. 5(b), because the increase in EENSmax is following the increase in the solution space of the problem based on the constraint (26), thus leading to increased profit. For EENSmax > 8 MWh, the profit will have a fixed value. However, for EENSmax < 1 
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MWh, the proposed scheme cannot achieve the optimal solution. So, the results concerning this range of EENSmax are not depicted in Fig. 5(b).  

  (a) 

 (b) Fig. 5. Expected profit curve of MGs in, a) flexibility tolerance (EENSmax = 1 MWh), b) EENSmax (F = 0)  Table V investigates the economic situation of MGs for two case studies: 
 Case I: Implementing the proposed scheme, (1)-(27), with respect to the compromise point EEL = 0.15, EENS = 0.04, and VSI = 0.8 and high flexibility and reliability status for MGs (EENSmax = 1 MWh, ∆F = 0); 
 Case II: Implementing the proposed scheme, (1)-(27), with respect to the compromise point EEL = 0.15, EENS = 0.04, and VSI = 0.8 and the best compromise solution among economic, reliability, and flexibility status of MGs.  In Case II, first, the expected profit of MGs (symmetry of Eq. (13)), EENS of MGs (left side of constraint (26)), and flexibility of MGs (

 , , , , , ,max , , , , ,MG i b t MG i b tP P i b t   
  ) is calculated for 

different values of ∆F and EENSmax. Then, using the FDT, the best compromise solution among the functions is obtained. As per Table V, the expected profit of MGs in Case I is less than in Case II; nevertheless, this case ensures high reliability and flexibility (smaller ∆F and EENSmax) for MGs. In Case II, as the values of ∆F and EENSmax increase by 0.022 MW and 3.12 MWh, a compromised situation can be found for economic, reliability, and flexibility indices of MGs because, in these circumstances, the expected profit of MGs is high and flexibility tolerance and EENSmax have smaller values.   Table V: Expected MGs profit in different cases  Case  F (MW) EENSmax (MWh) Profit ($) I MG1 0 1 206 

MG2 0 1 629 MG3 0 1 193 II MG1 0.0221 3.12 261 MG2 0.0219 3.10 739 MG3 0.0222 3.12 242  C) Evaluation of MGs’ operation: Fig. 6 shows the daily expected curve of MGs in the energy, reactive power, and reserve market for case study II. According to Fig. 6(a), by proper management of sources, storages, and responsive loads, MGs inject active power into the SDN during all operation hours and gain financial benefit from the energy market. They, however, inject lower active power into the SDN during the early hours of operation (1:00-4:00) and last hours of energy scheduling (18;00-00:00) compared to other hours. The reason is that, based on the data provided in subsection IV.A, the energy price during 1:00-4:00 is the least compared to that during other intervals, and the fuel price of non-renewable sources in these hours (20 $/MWh) is higher than energy price (16 $/MWh). Therefore, to 
minimize MGs’ cost, Eq. (13), EVs, batteries, and responsive loads are energy consumers and non-renewable sources inject lower power into the MGs during these intervals. From 18:00 to 00:00, the passive load of the network is high, meaning that the network is heavily loaded. Thereby, MGs are less capable of injecting active power into the SDN during these periods. Another remark is that renewable sources cannot produce high amounts of active power during 1:00-4:00 and 18:00-00:00, as shown in Fig. 3, and photovoltaics are switched off in these hours. Due to high power generation by sources and reduced energy consumption by EVs, batteries, and responsive loads from 5:00 to 17:00, MGs can inject higher active power into the SDN in comparison to other hours.   The daily expected reactive power curve of MGs for Case II is depicted in Fig. 6(b). Based on this figure, MGs are reactive power generators in the operation horizon because, as per (16), MGs receive reactive power from renewable and non-renewable sources and storages. Since the number of reactive sources and their size in MGs is high according to subsection IV.A, they act as reactive power generators in the SDN. Note that during 1:00-6:00, MGs produce higher amounts of reactive power because, based on Fig. 6(a), storages and responsive loads are in the charging status. Hence, to prevent drastic voltage drop during these hours, the sources inject higher reactive power into the MG. From 7:00-00:00, the reactive power of MGs is low given that sources allocate a higher share of their capacity to generate active power during these intervals, as illustrated in Fig. 6(a). Accordingly, the capacity of reactive power generation by sources has decreased in these conditions. The daily expected reserve power curve of MGs is shown in Fig. 6(c), according to which MGs can meet the reserve during 5:00-18:00 considering that sources can produce higher amounts of energy in this interval, as given in Fig. 6(c) and they allocate a small part of their capacity to generate reactive power. On that account, referring to (25) and the data of 
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subsection IV.A, the capacity of MGs is high and they can play a role in supplying the reserve during these hours. In the rest of the hours, the consumption load is large and considerable amounts of sources, storages, and responsive loads (only during peak hours) are allocated to supply the demand. Also, to hinder extreme voltage drop in these conditions, a share of the capacity of sources and storages needs to be allocated to reactive power generation. Consequently, the capacity of MGs is low within this period and MGs will have no role in supplying the reserve during 1:00-4:00 and 19:00-00:00 as presented in Fig. 6(c).  

  (a) 

 (b) 

 (c) Fig. 6. Expected daily curve of, a) active power, b) reactive power, c) reserve power for different MGs D) Evaluation of technical status of networks: Table VI analyzes the values of operation indices including EEL, maximum voltage drop (MVD), maximum overvoltage (MOV), reliability index (EENS), voltage security index (VSI), and flexibility index (∆F) for MGs and the SDN for two case studies. One of the case studies is Case II and the other (Case III) refers to power flow studies on the mentioned networks. Based on Table VI, by proper management of sources, storages, and responsive loads according to the proposed strategy, (1)-(27), the proposed scheme (Case II) can enhance all technical indices of the networks compared to Case III. The proposed scheme helps MGs to take higher flexibility capability with a maximum tolerance of 0.022 MW. For flexibility of 100%, ∆F is zero. 

The proposed scheme in Case II obtains conditions close to this point for MGs, meaning that the flexibility of MGs is high. Moreover, voltage security of networks, which was around 19.3-19.8 in Case III, has enhanced in Case II. This index for the mentioned networks has increased to 21.88-22.03 in this case. In Case III, the networks have high EENS (greater than 24 MWh) in case an N - 1 event occurs; while it degrades to less than 3.2 MWh in Case II. Concerning the operation index, the proposed scheme with MOV between 0.012-0.015 p.u. (less than the permissible limit, 0.1 (1.1 - 1) p.u.) has succeeded to decrease the MVD to 0.068 p.u. in different networks. In the end, the energy loss of the first to third MGs and the SDN has decreased by approximately 35.5% ((6.581-4.242)/6.581), 34.9%, 30.3%, and 24.8% in Case II compared to Case III.   Table VI: Value of technical indices in SDN and MGs  Case  EEL (MWh) MVD (p.u) MOV (p.u) EENS (MWh) VSI (%) F (MW) III MG1 6.581 0.102 0 31.3 19.41 - MG2 5.345 0.143 0 29.8 19.34 - MG3 1.819 0.091 0 24.4 19.55 - SDN 2.461 0.087 0 26.1 19.78 - II MG1 4.242 0.068 0.0151 3.12 21.93 0.0221 MG2 3.479 0.061 0.0147 3.10 21.88 0.0219 MG3 1.267 0.045 0.0123 3.12 21.96 0.0222 SDN 1.851 0.058 0.0126 2.084 22.03 -  V.Conclusion This paper presented the two-layer power management of MGs in the SDN while considering the participation of MGs in the day-ahead energy, reactive power, and reserve market. The proposed scheme was presented as a bi-level problem, the upper level of which deals with the optimal scheduling 
of the SDN based on the second layer’s PMS (coordination 

between MGs’ operators and the DSO) considering the objective functions of minimizing energy loss, EENS, and symmetry of voltage security index. The problem was formulated in the form of Pareto optimization based on the sum of weighted functions. This problem was constrained to LAC-OPF equations and limitations of reliability and voltage security. The lower-level problem, on the other hand, addressed modeling the participation of MGs in the 
mentioned markets based on the second layer’s PMS (coordination between sources, storages, and responsive loads and MG operators); the objective function of which aims to minimize the difference between the expected cost of non-renewable sources and the expected revenue of MGs from the markets. This problem is also subject to the model of MG and limitations of reliability, operation, security, and flexibility. The KKT method obtained a single-level problem, and stochastic programming was used to model the uncertainties of load, energy price, renewable power, the energy demand of mobile storages, and availability of network equipment. In the end, by evaluating the numerical results it was observed that the sum of weighted functions method in the proposed multi-objective problem can provide a compromised solution, for which the values of energy loss, EENS, and symmetry of VSI are close to their corresponding 
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minimum values. The energy loss in the compromise point is almost 27.4% away from its minimum point. This amount for the expected energy not-supplied is about 15.6% and it is about 14.2% for the symmetry of VSI. Moreover, with proper management of sources, storages, and responsive loads following the suggested strategy and considering the best compromise status among economic, flexibility, and reliability indices in MGs, the new scheme gives maximum flexibility tolerance of 0.022 MW compared to power flow studies. In comparison to power flow studies, the proposed scheme also helps degrade high values of EENS from above 24 MWh down to 3.2 MWh, reduce VSI to around 22, reduce MVD to under 0.068 p.u., and energy loss by about 30%. Furthermore, the profit obtained for MGs from the mentioned markets is dependent on the reliability and flexibility limitations of MGs. As the importance of these indices in the network (relaxation of the problem from these constraints) reduces, the profit of MGs in the mentioned markets increases.  References  [1] S. Abrisham-Foroushan-Asl, L. Bagherzadeh, S. Pirouzi, M.A. 
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