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Abstract— The sharp increase in renewable energy generation and the number of electric vehicles enhance power systems' modernization, decarbonization, and decentralization. As a result, microgrids (MGs) with renewable energy integration and charging facilities have attracted significant attention. Nonetheless, disregarding uncertainties in optimization models for MGs can lead to either risky or costly decisions. In addition, sustainable development and operation of MGs must enhance the system's resiliency to guarantee functionality during abnormal situations. Therefore, this paper proposes a two-stage stochastic programming model to ensure the resilient operation of microgrids with charging facilities. At the same time, uncertainties associated with renewable generation, demand, and market price are addressed via scenarios. To enhance resiliency against unplanned islanding, a scenario for outages is defined so that preventive actions can be done in the first stage to robust the energy management of the microgrid. 
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I. INTRODUCTION  
Previous studies have shown that a substantial reduction in greenhouse gas (GHG) emissions (between 50% and 80%) is required to achieve global climate targets by 2050 [1]. Renewable energy-based distributed generation and plug-in electric vehicles (EVs) can help to considerably decline GHG emissions [2]. To this end, due to their structures and characteristics, microgrids (MGs) can play an important role in energy transition by accommodating more clean distributed energy generation units and by supplying the required energy for new EVs, in both grid-connected and islanded modes. Furthermore, MGs can enhance the reliability, resiliency, sustainablity, and efficiency of modern power systems. A comprehensive review of the benefits of MGs for current and future energy systems can be found in [3]. 

Despite their advantages, the optimal operation of MGs can be quite complicated since many different technical and economical constraints should be considered. Furthermore, uncertainties related to renewable generation, electric demand, and energy prices can profoundly affect the accuracy of the optimal solutions. As a result, the optimal operation of MGs has been studied widely in previous research and different methods for modeling uncertainties were proposed. For example, a framework for optimal scheduling of microgrids based on two-stage robust optimization was proposed in [4], while interval sets are defined for renewable generation, electricity price, and electric demand. However, EVs are not considered in that framework. In [5], a two-level optimization model for optimal scheduling of microgrids including heat pumps with thermal storages was proposed, yet uncertainties and power flow were not considered in the proposed model. A stochastic model for the optimal energy management of resilient MGs was proposed in [6], while the uncertainty of the voltage reference at the point of common coupling is considered; nevertheless, due to computational burden, the unplanned islanding scenarios (i.e., outage scenarios) are selected arbitrarily. Although numerous models have been proposed for the optimal operation of MGs in the literature, some of the previous works neglect power flow in the steady-state modeling of the electrical power systems. In addition, some studies did not include EVs or did not address the resiliency issue. To address that gap, a novel algorithm based on a two-stage stochastic model is proposed in this paper to not only enhance the resiliency of MGs against unplanned islanding but also incorporate power flow and uncertainties within the proposed model. Hence, the major contributions of this study can be summarized as: 
• A mixed-integer second-order cone programming model for the two-stage stochastic optimal energy management of microgrids considering EV charging stations. 
• Rescheduling microgrids to enhance its resiliency against unplanned outages when microgrids are more vulnerable and dependent on the main grid. 

II. UNCERTAINTY MODELING 
Well-suited probability density functions (PDFs) for modeling uncertainties associated with solar irradiation, wind speed, and electric demands are presented in this section. In addition, a set of scenarios is derived from the PDFs for each uncertain parameter. Furthermore, the generation of photovoltaic and wind turbine units are computed based on the respective scenarios of solar irradiance and wind speed. 
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A. Weibull PDF for Wind Speed 
In this paper, Weibull PDF is used to model the uncertainty of wind speed. The shape of the Weibull density function can vary depending on the values of its two parameters, the scale and shape of the distribution. In general, the distribution tends to be skewed towards one end of the range or the other, with a decre asing hazard rate over time for values of one parameter and an increasing hazard rate for the other. The Weibull PDF for the variable 𝑦 is presented in (1), where parameters 𝑘  and 𝑐  are shape and scale indices and their values are obtained based on (2). Additionally, parameters 𝜎 and 𝜇 are the standard deviation and expected value of the random variable 𝑦 [7]. Furthermore, the relation between wind speed (𝑆𝑊𝑇) and the generation of WT units (𝑃𝑊𝑇) is presented in (3) and variables 𝑆𝑐𝑜𝑊𝑇, 𝑆𝑐𝑖𝑊𝑇, and 𝑆𝑛𝑜𝑊𝑇 in (3) are cut-out, cut-in, and nominal speed, while variable 𝑃𝑛𝑜𝑊𝑇  represents nominal capacity [8]. 
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B. Photovoltaic Unit and Beta PDF 
In this study, the Beta PDF is selected to model the solar irradiance distribution, as shown in (4) [9]. The shape of the beta density function can vary widely depending on the values of its two parameters, which determine the location and spread of the distribution. I n general, the distribution tends to be skewed towards one end of the range or the other, but it can also be symmetrical or U-shaped depending on the parameter value. Shape parameters (𝛼 and 𝛽) are calculated according to the expected value and standard deviation, as presented in (5). To achieve the generation of PV units based on the value of solar irradiation, (6) is used [8]. Parameters 𝜂𝑃𝑉 , 𝐴𝑃𝑉 , Γ𝑃𝑉 , and 𝑇𝑂 , which are related to characteristics of photovoltaic panels or environmental conditions, denote conversion coefficient, array area, solar irradiance, and temperature. 
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C. Electric Demand and Gaussian PDF 

The Gaussian density function, also known as normal distribution, is a probability distribution that is often used in statistics and data analysis to model continuous random variables. The shape of the Gaussian density function is bell-shaped and symmetric around its mean value, with the majority of the data clustered around the mean and the tails of the distribution tapering off to zero as they approach positive and negative infinity. Uncertainties of parameters linked to electricity demand and EVs are usually modeled via Gaussian PDF [10]. 
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D. Scenario Generation 

Probability density function approximation via scenario generation involves generating a set of scenarios that represent 

possible outcomes of a random variable. The Gaussian, Beta, and Weibull PDFs are used in this study to generate scenarios for the uncertain parameters. By taking advantage of these scenarios, a two-stage stochastic programming optimization is formulated. For scenario generation, the method that is presented in [11] is deployed. In this approach, the probability (𝜌𝑥,𝑟𝑥) of the set scenarios ( 𝑟𝑥) of uncertain parameter (𝑥) is calculated based on (8). Albeit, in [11], only 7 scenarios are generated and considered for uncertain parameters, 13 scenarios are generated in this paper to model uncertainty more accurately. 
𝜌𝑥,𝑟𝑥 = ∫ 𝑥𝑃𝐷𝐹(𝑥)𝑑𝑥

𝑥𝑒𝑛𝑑

𝑥𝑠𝑡𝑎𝑟𝑡

  (8) 
III. MATHEMATICAL FORMULATION  

In this section, a mixed-integer second-order cone programming model for the optimal operation of MGs is presented. Then, the MG is rescheduled to improve the resiliency against outages when it is most dependent on the main grid. 
A. Two-stage Stochastic Model for Optimal Operation of Microgrids 

Stochastic optimization has been widely used in power system studies to model uncertainty; a generic formulation for two-stage stochastic programming is presented in (9). Variables 𝑥1 and 𝑥2 represent a set of decision variables at the first and second stages, respectively. 𝑓(𝑥1) is the part of the objective function linked to the first stage (before realization of uncertainty), while 𝐸{𝑔(𝑥1, 𝑥2)} is the second part of the objective function (based on expected value) related to the realization of scenarios. 
min
𝑥1,𝑥2

𝑓(𝑥1) + 𝐸{𝑔(𝑥1, 𝑥2)} (9) 
In (10), the objective function (i.e., total cost minimization) of the optimal operation of the MG is presented, where parameters Γ𝑑𝑔𝑎 , Γ𝑑𝑔𝑏 , and Γ𝑑𝑔𝑐  denote cost coefficients of distributed generation (DG) units. Additionally, variables 𝑃𝑑𝑔,𝑡,𝑠𝐷𝐺 , 𝑃𝑡,𝑠𝐺𝑅 , and 𝜓𝑚,𝑡,𝑠𝑆𝐻𝐸𝐷 are the generation of DG units, the power exchanged by the main grid, and the amount of load curtailment. 𝑃𝑚,𝑡,𝑠𝐷  is the power demand and parameters Γ𝑆𝐻𝐸𝐷 and Γ𝑡,𝑠𝐺𝑅  are associated with load curtailment cost and electricity price. The probability of scenarios and time interval are represented by Π𝑠  and 𝛥𝑡 . Moreover, binary variable 𝜗𝑑𝑔,𝑡𝐷𝐺  is defined to model the commitment of DG units in the first stage. The power balance is ensured by including (11) and (12), wherein 𝑅𝑚𝑛 and 𝑋𝑚𝑛 represent the resistance and reactance of the line 𝑚𝑛. Here, 

𝑃𝑘𝑚,𝑡,𝑠 denotes the active power flows through line 𝑘𝑚 (from bus 𝑘 to 𝑚), while 𝑃𝑝𝑣,𝑡,𝑠𝑃𝑉 , 𝑃𝑤𝑡,𝑡,𝑠𝑊𝑇 , 𝑃𝑏𝑠,𝑡,𝑠𝐵𝑆 , and 𝑃𝑒𝑣,𝑡,𝑠𝐸𝑉  represent the power produced by PV units, power produced by WT units, the charging/discharging power of batteries, and charging power of EVs. In analogous fashion, variables 
𝑄𝑘𝑚,𝑡,𝑠, 𝑄𝑡,𝑠𝐺𝑅, 𝑄𝑑𝑔,𝑡,𝑠𝐷𝐺 , and parameter 𝑄𝑚,𝑡,𝑠𝐷  denote the flow of reactive power from bus 𝑘  to bus 𝑚 , the reactive power exchanged between the main grid and the MG, the reactive power generated by DG units, and the reactive power demanded by consumers in the MG, respectively. Constraint (13) models the relation between the voltage levels of buses and the active power, reactive power, and current flowing in the lines of the MG. Here, 𝑉𝑚,𝑡,𝑠𝑠𝑞𝑟  and 𝑍𝑚𝑛 represent the square of voltage magnitude at bus 𝑚 and the impedance of line 𝑚𝑛, respectively. Constraint (14) captures the connection between 



the current, active power, reactive power, and voltage levels of buses. Additionally, the physical constraints on voltages and currents in the MG are modeled using (15) and (16), in which the upper bound of voltage (𝑉), the lower bound of voltage (𝑉), and the upper bound of current (𝐼) denote the acceptable range of voltages and currents. The technical limitations associated with DG units are taken into account by utilizing equations (17)–(20), where 𝑃𝑑𝑔  and 𝑃𝑑𝑔  denote the lower and upper boundaries for power generated by DG units and 𝜑𝑑𝑔𝐷𝐺 indicates the power factor of DG units. Constraints that pertain to the operation of batteries are presented in (21)–(27), where 𝑃𝑏𝑠,𝑡,𝑠𝐵𝑆+  and 𝑃𝑏𝑠,𝑡,𝑠𝐵𝑆−  are variables that are non-negative and defined to simulate the charging and discharging power of batteries. Additionally, 𝜚𝑏𝑠,𝑡,𝑠+  and 𝜚𝑏𝑠,𝑡,𝑠−  are binary variables defined to prevent simultaneous charging and discharging, as stipulated in equation (24). In (25) and (26), the relation between power and energy of batteries is modeled, while the energy loss in batteries is also included and constraints corresponding to energy capacity of batteries are represented in (27). Parameters 𝐸̌𝑏𝑠𝐵𝑆 , 𝜂𝑏𝑠𝐵𝑆 , 𝛽𝑏𝑠𝐵𝑆 , 𝐸𝑏𝑠 , and 𝐸𝑏𝑠 denote the initial energy, efficiency, self-discharge rate, and the minimum and maximum capacity of batteries. Constraints (28)–(32) are used to represent how EVs function as controllable electric loads in the microgrid (MG) [12]. Additionally, this formulation assumes that each EV has a known initial state-of-charge. The primary objective concerning the EVs is to fulfill the energy requirement, specifically for a trip. Constraint (28) sets the power limit for charging of EVs (𝑃𝑒𝑣,𝑡,𝑠𝐸𝑉 ) by defining the maximum charger 
power as 𝑃𝑒𝑣 . The power for motion attained by each EV relies on its availability state indicated by the binary parameter 
𝜁𝑒𝑣,𝑡,𝑠 . This parameter takes on a value of 1 if the EV is accessible for charging and 0 if it is not connected to the MG. The amount of energy stored in the batteries of the EVs during the initial time period of the charging schedule, denoted by (29), is dependent on several factors, including the initial stage of charge (𝐸𝑒𝑣,𝑠𝐼𝑛𝑖 ), the energy required for the EV to travel 
(𝐸𝑒𝑣𝑇𝑟𝑖𝑝), and a binary parameter that indicates whether the EV is currently in use for transportation or not (𝐶𝑒𝑣,𝑡). Equation (30) is similar to (29), but is applied to time periods after 𝑡1. Constraint (31) ensures that the amount of energy stored in the battery of EV is greater than the energy required for transportation. Additionally, constraint (32) sets limits on the minimum and maximum amounts of energy can be stored in each battery of EV. 
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𝐵𝑆− ≤ 𝑃𝑏𝑠

𝐵𝑆
𝜚𝑏𝑠,𝑡,𝑠
− ;  ∀𝑏𝑠, 𝑡, 𝑠 (22) 

𝑃𝑏𝑠,𝑡,𝑠
𝐵𝑆 = 𝑃𝑏𝑠,𝑡,𝑠

𝐵𝑆+ − 𝑃𝑏𝑠,𝑡,𝑠
𝐵𝑆− ;  ∀𝑏𝑠, 𝑡, 𝑠 (23) 

𝜚𝑏𝑠,𝑡,𝑠
+ + 𝜚𝑏𝑠,𝑡,𝑠

− ≤ 1; ∀𝑏𝑠, 𝑡, 𝑠  (24) 
𝐸𝑏𝑠,𝑡,𝑠
𝐵𝑆 = 𝐸̌𝑏𝑠

𝐵𝑆 + 𝛥𝑡 (𝑃𝑏𝑠,𝑡,𝑠
𝐵𝑆+ 𝜂𝑏𝑠

𝐵𝑆 −
𝑃𝑏𝑠,𝑡,𝑠
𝐵𝑆−

𝜂𝑏𝑠
𝐵𝑆 − 𝐸𝑏𝑠,𝑡,𝑠

𝐵𝑆 𝛽𝑏𝑠
𝐵𝑆) ;∀𝑏𝑠, 𝑡, 𝑠|𝑡 = 1   

(25) 
𝐸𝑏𝑠,𝑡,𝑠
𝐵𝑆 = 𝐸𝑏𝑠,𝑡,𝑠

𝐵𝑆 + 𝛥𝑡 (𝑃𝑏𝑠,𝑡,𝑠
𝐵𝑆+ 𝜂𝑏𝑠

𝐵𝑆 −
𝑃𝑏𝑠,𝑡,𝑠
𝐵𝑆−

𝜂𝑏𝑠
𝐵𝑆 − 𝐸𝑏𝑠,𝑡,𝑠

𝐵𝑆 𝛽𝑏𝑠
𝐵𝑆) ; ∀𝑏𝑠, 𝑡, 𝑠|𝑡 ≥ 1 

(26) 
𝐸𝑏𝑠 ≤ 𝐸𝑏𝑠,𝑡,𝑠

𝐵𝑆 ≤ 𝐸𝑏𝑠; ∀𝑏𝑠, 𝑡, 𝑠 (27) 
0 ≤ 𝑃𝑒𝑣,𝑡,𝑠

𝐸𝑉 ≤ 𝜁𝑒𝑣,𝑡,𝑠𝑃𝑒𝑣; ∀𝑒𝑣, 𝑡, 𝑠   (28) 
𝐸𝑒𝑣,𝑡,𝑠
𝐸𝑉 = 𝐸𝑒𝑣,𝑠

𝐼𝑛𝑖 + 𝑃𝑒𝑣,𝑡,𝑠
𝐸𝑉 ∆𝑡𝑡 − 𝐸𝑒𝑣

𝑇𝑟𝑖𝑝 𝐶𝑒𝑣,𝑡
∑ 𝐶𝑒𝑣,𝑘𝑘∈𝑇

; ∀𝑒𝑣, 𝑡, 𝑠|𝑡 = 𝑡1 (29) 
𝐸𝑒𝑣,𝑡,𝑠
𝐸𝑉 = 𝐸𝑒𝑣,𝑡−1,𝑠

𝐸𝑉 + 𝑃𝑒𝑣,𝑡,𝑠
𝐸𝑉 ∆𝑡𝑡 − 𝐸𝑒𝑣

𝑇𝑟𝑖𝑝 𝐶𝑒𝑣,𝑡
∑ 𝐶𝑒𝑣,𝑘𝑘∈𝑇

; ∀𝑒𝑣, 𝑡, 𝑠|𝑡 ≥ 𝑡1 (30) 
𝐸𝑒𝑣,𝑡,𝑠
𝐸𝑉 ≥ 𝐸𝑒𝑣

𝑇𝑟𝑖𝑝 𝐶𝑒𝑣,𝑡
∑ 𝐶𝑒𝑣,𝑘𝑘∈𝑇

; ∀𝑒𝑣, 𝑡, 𝑠   (31) 
𝐸𝑒𝑣
𝐸𝑉 ≤ 𝐸𝑒𝑣,𝑡,𝑠

𝐸𝑉 ≤ 𝐸𝑒𝑣
𝐸𝑉
; ∀𝑒𝑣, 𝑡, 𝑠 (32) 

B. Outage Modeling and Scenario Selection 
The islanding of the MG can be modeled by adding (33) and (34) to the normal operation model [6]. In this study, the time interval when the MG receives the maximum amount of power from the main grid during the time horizon is selected as a plausible outage interval (𝑡∗) to be used for rescheduling purpose. 

𝑃𝑡,𝑠
𝐺𝑅 = 0;    ∀𝑡, 𝑠|𝑡 = 𝑡∗ (33) 
𝑄𝑡,𝑠
𝐺𝑅 = 0;    ∀𝑡, 𝑠|𝑡 = 𝑡∗ (34) 
The steps of the proposed method are summarized as a flowchart and depicted in Fig. 1. In this approach, firstly the developed model is solved to find the best solutions for the scheduling of the MG. Then, the time intervals when the MG imports the largest amount of power from the main grid is determined. The MG is rescheduled based on the assumption that the unplanned outages will happen during this time interval, so preventive actions can be done in the first stage to mitigate the damaging consequences. In other words, the commitment of DG units decisions can be modified to avoid costly consequences of unplanned islanding. 

IV. TEST AND RESULTS 
To evaluate the proposed resilient-oriented model for the optimal operation of the MGs, a modified IEEE 33-bus network consisting of wind turbines, photovoltaic units, batteries, distributed generation units, and charging stations is considered (shown in Fig. 2). The realizations for electric load, solar irradiation, wind speed, and electricity price are illustrated in Fig. 3–Fig. 6. The data on MG components is presented in Table I and Table II. The proposed models were developed in AMPL and solved by CPLEX [13] in a computer with an Intel i5-1135G7 processor and 16 GB of RAM. 



 

 
TABLE I.  PARAMETERS OF DISTRIBUTED GENERATION UNITS 

Characteristic DG unit 1 DG unit 2 DG unit 3 
Bus 10 22 24 
𝑃𝑑𝑔
𝐷𝐺(kW) 500 750 750 
𝑃𝑑𝑔
𝐷𝐺(kW) 50 100 100 
𝜑𝑑𝑔 1.0 0.8 0.9 
𝑎𝑑𝑔($) 27 25 26 
𝑏𝑑𝑔($/MWh) 87 87 81 
𝑐𝑑𝑔($/MWh2) 0.0025 0.0035 0.185 

TABLE II.  PARAMETERS OF BATTERIES 
Characteristic Battery 1 Battery 2 Battery 3 
Bus 6 12 25 
𝑆𝑏𝑠
𝐵𝑆(kW) 200 200 100 
𝐸𝑏𝑠
𝐵𝑆(kWh) 1200 1000 800 
𝐸𝑏𝑠
𝐵𝑆(kWh) 200 150 100 
𝜂𝑏𝑠
𝐶ℎ & 𝜂𝑏𝑠𝐷𝑖𝑠 0.95 0.85 0.90 
𝛽𝑏𝑠 0.002 0.002 0.004 

 Fig. 3. Scenarios for power demand.  

 
Fig. 4. Scenarios for solar irradiation.  

 

 
Fig. 6. Scenarios for electricity price. 
A. Case I: Two-stage Stochastic Without Any Outage Occurrence 

In this case study, the two-stage stochastic model for the optimal operation of MG without any outages is solved. It is worth mentioning that commitment of DG units and charging of EVs are considered here-and-now decisions. The obtained operation cost of the MG was $1959.82. The average, maximum, and minimum power exchanged between the MG 
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Fig. 1. Flowchart of the proposed approach for resilient optimal operation of microgrids. 

Fig. 2. Diagram of the 33-bus test system. 

Fig. 5. Scenarios for wind speed. 



and the main grid are depicted in Fig. 7, illustrating that the MG buys the power from the grid before 𝑡 = 16 and sells the power to the grid from 𝑡 = 17 to 𝑡 = 24.  
Moreover, the maximum power is bought from the main grid at 𝑡 = 13 , which is around 2500 kW. The average generation of DG units and charging (discharging) of batteries are visualized in Fig. 8. According to Fig. 8, DG units generate active power between 𝑡 = 6  and 𝑡 = 8  in the morning and from 𝑡 = 17  and 𝑡 = 23  in the afternoon and evening, showing that at least one of the DG units generates power during this 10-hour time period. The charging of EVs is presented in Fig. 9, showing that the maximum charging occurs at 𝑡 = 12 and 𝑡 = 13. 

B. Case II: Two-stage Stochastic Including Outage Without Preventive Actions 
This subsection presents the results associated with the proposed two-stage stochastic programming model for the optimal operation of MGs considering smart charging; while (33) and (34) are included to model outages, no preventive actions have been considered. As a result, the commitment of DG units (here-and-now decision) is fixed to the solutions obtained from Case I. The total cost of MG is obtained $2559.6, indicating 30.60% increase in the cost due to outages at t = 12 and t = 13. In other words, if the operators only schedule the MG based on the optimal solution achieved in the Case I and outages occurs at the aforementioned time intervals, the total cost of the MG can increase significantly. 
 In Fig. 10, the average, maximum, and minimum power exchanged between the MG and the main grid is depicted. It can be seen that no power is exchanged at t = 12 and t = 13, so outages are modeled successfully. Furthermore, comparing Fig. 7 and Fig. 10 shows some changes in the power exchanges. In Fig. 11, the scheduling of DG units and batteries is depicted. According to Fig. 11, DG 1 and DG 2 as well as Battery 3 (BS 3) compensate the power shortage due to islanding by injecting power to the MG. The charging of EVs is shown in Fig. 12. 

C. Case III: The Proposed Resiliency-oriented Model 
In this case, the model is solved while the resiliency of the MG is enhanced to reinforce the solution against outages at time intervals t = 12 and t = 13. In other words, equations (10)–(34) are included and the optimal solution is achieved with a cost of $2141.84, showing 16.32% reduction in the  cost of the MG compared to Case II. As a result, the proposed model can reduce the cost of MG by adopting preventive actions in the first-stage decision procedure. Similar to Case I and Case II, in Fig. 13, the average, maximum, and minimum power exchanged between the MG and the main grid are visualized. On one hand, by comparing Fig. 10 and Fig. 13, it can be noticed that the MG buys more power from the main grid in Case III compared to Case II.  
On the other hand, the scheduling for DG units and batteries is depicted in Fig. 14, which indicates that less DG generation is needed in Case III in comparison to Case II. In addition, the pattern for charging and discharging of EVs also has changed to minimize the costly consequences of the unplanned islanding at the respective time intervals, as shown in Fig. 15. It can be seen in Fig. 15, that the charging of EVs have shifted to left, so EVs charge mainly between t = 9 and 

t = 11  in comparison to Case I and Case II, in which the charging has principally done from t = 9 to t = 11. 

 
Fig. 7. Power exchanged between the main grid and microgrid in Case I. 

 

 
Fig. 9. Charging of EVs in Case I. 

 
Fig. 11. Scheduling of DG units and batteries in Case II. 

Fig. 8. Scheduling of DG units and batteries in Case I.  

Fig. 10. Power exchange between the main grid and microgrid in Case II. 



 
Fig. 12. Charging of EVs in Case II. 

 
Fig. 13. Power exchange between the main grid and microgrid in Case III. 

 
Fig. 14. Scheduling of DG units and batteries in Case III. 

 
Fig. 15. Charging of EVs in Case III. 

V. CONCLUSION 
Microgrids (MGs), self-contained power systems, can incorporate renewable energy sources, such as solar and wind power, at a smaller scale. This allows for greater energy independence and reduces the reliance on non-renewable sources. Similarly, electric vehicles (EVs) help to reduce emissions by using electricity instead of gasoline or diesel fuel. When powered by renewable energy sources, EVs can significantly reduce greenhouse gas emissions, improve air 

quality, and decrease dependence on fossil fuels. However, it is essential to address uncertainty and resiliency issues to guarantee the validity of solutions and resilient operations during unplanned outages. Hence, a two-stage stochastic programming model that aims to ensure the resiliency of MGs has been proposed. The model considers uncertainties related to renewable energy generation, market prices, and power demand by employing multiple scenarios. To improve MG resilience, a scenario involving outages is included. This allows preemptive measures to be taken in the first stage to reinforce the energy management system against unforeseen power outages. The results showed that the total cost of the MG can be reduced by 16.32% by the proposed method compared to the indiscriminate scheduling, where likely outages are neglected. This research assumes that EVs can function as controllable loads without considering vehicle-to-grid technology. Additionally, the presented power flow formulation is appropriate for balanced MGs. Consequently, future work may explore EV charging stations with vehicle-to-grid capabilities and adapt the proposed model to accommodate unbalanced MGs. 
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