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A B S T R A C T   

The optimal management of distributed energy resources (DERs) and renewable-based generation in multi- 
energy systems (MESs) is crucial as it is expected that these entities will be the backbone of future energy sys
tems. To optimally manage these numerous and diverse entities, an aggregator is required. This paper proposes 
the self-scheduling of a DER aggregator through a hybrid Info-gap Decision Theory (IGDT)-stochastic approach in 
an MES. In this approach, there are several renewable energy resources such as wind and photovoltaic (PV) units 
as well as multiple DERs, including combined heat and power (CHP) units, and auxiliary boilers (ABs). The 
approach also considers an EV parking lot and thermal energy storage systems (TESs). Moreover, two demand 
response (DR) programs from both price-based and incentive-based categories are employed in the microgrid to 
provide flexibility for the participants. The uncertainty in the generation is addressed through stochastic pro
gramming. At the same time, the uncertainty posed by the energy market prices is managed through the 
application of the IGDT method. A major goal of this model is to choose the risk measure based on the nature and 
characteristics of the uncertain parameters in the MES. Additionally, the behavior of the risk-averse and risk- 
seeking decision-makers is also studied. In the first stage, the sole-stochastic results are presented and then, 
the hybrid stochastic-IGDT results for both risk-averse and risk-seeker decision-makers are discussed. The pro
posed problem is simulated on the modified IEEE 15-bus system to demonstrate the effectiveness and usefulness 
of the technique.   

1. Introduction 

1.1. Background and motivation 

The volume of energy generated from distributed energy resources 
(DERs) is significantly increasing in energy systems. Therefore, it is 
essential to manage the operation of these devices in the energy systems 
and a DER aggregator agent can provide this service. This can be done by 
aggregating the various offers from DERs, including the amount of de
mand response (DR) and the amount of power through distributed 
generations, and trading it into the wholesale electricity market to 
maximize profit [1]. Moreover, it should be considered that the flexi
bility of a DER aggregator can be enhanced by operating within a 

multi-energy system (MES) [2]. As before the modernizing the energy 
system, a microgrid was mainly focused on the electric power sector. 
However, after the introduction of new models that merge different 
independent single energy systems into an MES, the microgrid can be 
utilized for the thermal energy sector as well as the electric energy one 
[3]. 

Additionally, as a direct consequence of energy systems restructur
ing, on one hand, and unprecedented renewable energy utilization on 
the other, the uncertainties of the energy systems are becoming more 
challenging. This fact intensifies the difficulty of decision-making in the 
energy system; therefore, the uncertainty analysis of the system per
formance is necessary. Moreover, one of the characteristic features of 
energy system operation and planning is that the decision-making 
problem is confronted with serious levels of uncertain information in 
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presence of renewable energy resources and wholesale electricity mar
ket prices. Therefore, the management of uncertainty through various 
risk measures such as stochastic programming, information-gap decision 
theory (IGDT), and robust optimization in the energy system models is 
crucial [4]. Meanwhile, each uncertain parameter can have its exclusive 
characteristics which means that employing a single risk-management 
method for all of these sources of uncertainty, might result in 
misleading outcomes for a decision-maker. Therefore, to cope with this 
issue, a hybrid risk management method that manages several uncertain 
parameters in the MESs based on their characteristics can be proposed. 

The DR programs are one of the main solutions to help the energy 
system to cope with several challenges and issues it has [5]. Meanwhile, 
the end-user consumers are playing the main role in this area. Hence, it 
is sufficient to design and offer DR programs in a way to increase the 
participation rate of the consumers in the DR programs. There are two 
main classifications for DR programs, price-based DR (PBDR) and 
incentive-based DR (IBDR) programs [6,7]. Thus, the consumers will 
find it more conformable to adjust their energy usage pattern based on 
the various available DR programs rather than a single DR program. 

1.2. Literature review 

Several studies addressing the management of MESs have been 
proposed in the literature. For example, the planning and operation of 
MESs are investigated in Ref. [8] through a two-stage method that de
termines the optimal type and capacity of electrical and thermal 
equipment. In this study, electrical, heating, and cooling loads partici
pate in DR programs through an energy pricing strategy. The DER un
certainties in the optimization model are not considered in this work. In 
Ref. [9], a cooperative framework is proposed to coordinate the opera
tion of a network of MESs that contain electrical and heating loads 
participating in DR through price-based and incentive-based programs. 
The behavior of EVs is not simulated in the microgrid and there is no EV 
parking lot in the energy hub. The authors of [10] developed a modular 

energy management system for MESs that is generally applicable to 
various possible electrical, heating, and cooling components. 

The management of MESs is subject to several sources of un
certainties such as demand, renewable generation, and electricity mar
ket prices. The uncertainty of wind power generation is taken into 
account in Ref. [11] through a two-stage stochastic formulation that 
seeks to minimize the operational cost of an MES. In Ref. [12], interval 
linear programming theory is used to model uncertainties of renewable 
generation (PV and wind) and demand in the optimal planning of MESs. 
Wang et al. [13] depict the uncertain behavior of electricity market 
prices as stochastic scenarios and use robust optimization to describe the 
uncertainties of renewable generation in a stochastic-robust optimiza
tion model for MESs operation. Yet, in Refs. [11–13], the implementa
tion of DR programs is not studied. The study presented in Ref. [14] 
investigates the use of fuzzy logic to take into account the uncertainties 
of renewable generation and demand when optimizing the operation of 
MESs. In Ref. [15], robust optimization for renewable generation un
certainty and a price-based DR program are considered in the day-ahead 
scheduling of MESs. In another work [16], robust optimization is used 
for renewable generation and demand uncertainties in an MES that 
implements DR based on an incentive program. The authors of [17] 
integrate an incentive-based DR program into a hybrid robust stochastic 
approach for scheduling MESs. Demand uncertainty is modeled through 
stochastic scenarios, and wind power uncertainty is taken into account 
using robust optimization. 

The connection of electric vehicles (EVs) increases the complexity of 
the management of MESs due to the consumption characteristics of the 
load type. Ata et al. [18] present an optimization framework that 
schedules the MESs operation considering the impact of EVs, un
certainties of renewable generation through stochastic optimization, 
and a time-of-use pricing scheme. However, the uncertainty of whole
sale market prices, which has a significant impact on the behavior of the 
decision-maker, is not analyzed. Uncertainties of EVs are considered in 
Ref. [19] by using a stochastic model predictive control framework that 

Nomenclature 

Indexes 
s Scenarios 
n EVs in the microgrid 
b,b′ Buses in the network 

Parameters 
σ Profit deviation value 
ρs Probability of scenarios 
SOCmax

n,t,s ,SOCmin
n,t,s Max/min SOC of EV at time t scenario s 

PCHPmax,PCHPmin Max/min generation of CHP 
ηCHP

el ,ηCHP
th Electric and thermal efficiency of CHP 

PW,max
t,s ,PPV,max

t,s Maximum generation of wind and PV units 
HBoilmin Minimum heat of boiler 
ηBoil

th Thermal efficiency of boiler 
Vmax,Vmin,VNom Max/min and nominal voltage 
Rnn′ ,Xnn′ Resistance and reactance of the lines 
ΔStnn′ Upper limit in the discretization of quadratic flow 

Variables 
αopportunity Optimum opportunity value 
αrobust Optimum robustness value 
PRsole stochastic Sole stochastic profit of the DER aggregator 
PRcritical Critical profit of the DER aggregator 
PRtarget Target profit of the DER aggregator 
PW

t,s, PPV
t,s Power generation of wind and PV units 

COPHP Coefficient of the heat pump 
Preq,HP

t Power required by the heat pump 
PCHP

t Generation of CHP 
HBoil

t Heat rate of boiler 
HCHP

t Heat rate recovered by the CHP 
RUCHP,RDCHP Ramp-up/ramp-down generation of CHP 
PL

b,t,s Demand of customers 
Pent Penalty in DR programs 
At Incentive of DR programs 
PL,DR

b,t,s Demand by implementing DR 
PCon

b,t,s Contracted power in DR programs 
PBoilmax Maximum generation of boiler 
PCh,EV

n,t,s , Pdis,EV
n,t,s Charging and discharging power of EVs 

λL
t Electricity price after DR 

λg Price of natural gas 
λdis

t Discharging tariff of EVs 
λEV

t Price of electricity bought by EVs 
λDA

t Price of electricity from DA market 
PLoss

t,s Power loss of the system 
V, V2 Voltage, squared voltage 
I, I2 Current flow, Squared current flow 
P+, P Active power flows in down/upstream sides 
Q+, Q Reactive power flows in down/upstream sides 
biBoil

t Binary variable of boiler 
biCHP

t Binary variable of CHP  
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optimizes the MES schedule considering the TOU pricing for electricity. 
Stochastic optimization is also used in Ref. [20] to model uncertainties 
of renewable generation and EVs in the MES scheduling problem, 
considering price-based and incentive-based DR programs. All uncertain 
parameters in Refs. [19,20] are modeled through a risk-management 
method disregarding the characteristics and nature of the uncertainties. 

A salient characteristic of IGDT is its property of handling the un
certainty problem without depending on the descriptions of the function 
or fluctuations in the range of uncertain variables. IGDT has been used to 
model uncertainties in issues related to the power systems, such as the 
optimal bidding of DER aggregators and optimal bidding of smart 
microgrids [21,22]. 

The authors of [23] present a comprehensive approach that models 
the optimal scheduling of MESs considering uncertainties due to wind 
energy, demand, EV consumption patterns, and electricity market prices 
through robust optimization. Further, responsive loads participate in an 
incentive-based DR program. However, the impact of the favorable 
variations of the uncertain parameters for a risk-seeking decision-maker 
is not demonstrated. The authors in Ref. [24] proposed a 
stochastic-IGDT approach for the management of integrated energy 
systems. This energy hub consists of a PV unit, a CHP unit, a heat pump 
(HP) unit, an absorption chiller (AC) unit, a thermal energy storage 
(TES) system, electric energy storage (EES) system, and an energy de
mand for heat, cooling, and electricity. The uncertainty of the wholesale 
market prices is not included in this model. It should be noted that 
addressing the risk posed by the electricity market prices is crucial for 
the decision-maker to better inform the self-scheduling strategy. More
over, the effects of demand-side management methods on the operation 
of the energy hub and its correlated benefits are neglected. 

Wang et al. considered the IGDT method to handle the uncertainty in 
their proposed MES model [25]. To this end, the uncertainties on 
renewable energy and load are addressed through a single IGDT method. 
However, considering the characteristics of the uncertain parameters 
are ignored in this paper. Moreover, consideration of a single shifting DR 
program might reduce the tendency of the end-user consumers to 
participate in the demand-side management process. 

The authors in Ref. [26] utilized a hybrid IGDT-robust approach for 
the self-scheduling of multi-carrier energy systems. The uncertainty 
posed by wind power generation is handled through the implementation 
of an IGDT method and the uncertainty of the electricity market price is 
modeled by the robust optimization approach. The applied IGDT-robust 
method aims to maximize the horizon of the uncertainty of wind power 
generation in the worst-case scenarios. Therefore, the IGDT applied to 
the wind power generation and robust method is managing the 
day-ahead market prices. The differences between our work relative to 
this work are mentioned as follows: The generation from various power 
sources including wind turbines and PV panels and EV charging/di
scharging patterns is managed through stochastic programming through 
generation of various scenarios. While the uncertainty of wind power 
generation in Ref. [26] is handled through robust optimization where 
only it is managing the worst-case scenarios. Two DR programs from 
each of the DRP categories are considered in our work to encourage the 
consumers and end-users to participate more actively in the proposed 
DR programs. In other words, this provides more flexibility for the 
consumers to choose the DRP which is more suitable for them. The 
behavior of both risk-averse and risk-seeking decision-makers is 
analyzed in our model. While the authors in Ref. [26] only consider the 
risk-averse behavior of the decision-maker. The study of the risk-seeking 
behavior of the DER aggregator is beneficial as there is the possibility to 
have large spikes in the observed electricity market prices which is 
favorable for the decision-maker and the risk-seeking decision-maker 
would be interested in having this information beforehand. Thus, 
risk-seeking decision-makers prefer to pursue the additional benefits of 
uncertainty therefore can pursue an improved goal, and minimize the 
negative disturbance of uncertain parameters. Furthermore, the authors 
in Ref. [27] have implemented a hybrid decentralized stochastic-robust 

model for the optimal coordination of an EV aggregator and energy hub 
entities. Stochastic programming is used to model the uncertainties of 
the EVs patterns, while the uncertainties of the locational marginal 
prices are modeled via robust optimization to capture the worst-case 
realization. In this work, the authors considered the EV aggregator 
and the energy-hub operator as two independent entities while in our 
model, the DER aggregator is responsible for managing the EVs as well 
as controlling the generation from the renewable energy resources, 
designing the demand response programs and offering them to the 
end-users. While the demand response programs are not taken into ac
count in Ref. [27]. Besides that, merging the role of the EV aggregator, 
DR aggregator, and the energy-hub operator could lead to making the 
transaction procedure simpler. Having three different independent en
tities which in some situations have conflicts of interest might make the 
optimization procedure more complex. 

2. Contributions 

As shown in the literature review, the consideration of a suitable risk 
management method based on the nature and characteristics of the 
uncertain parameters is found to be an important issue for the DER 
aggregators in the management and scheduling of MESs. For instance, 
according to the features of the generation of renewables and DERs, 
applying the stochastic approach can more accurately address their 
corresponding uncertainty since the generation of these entities controls 
the DER aggregator. An aggregator has enough information about the 
amount of generation from their devices in the MES. However, the DER 
aggregator does not control the wholesale energy market prices as the 
aggregator is a price-taker, not a price-maker. 

Therefore, with uncertain parameters, the application of the IGDT 
method is deemed practical. Moreover, the consideration of various DR 
programs from price-based and incentive-based categories provides 
flexibility for consumers and encourages them to participate more 
actively in the DR programs, which is included in this paper. The novel 
contributions are presented as follows:  

• Proposing a hybrid IGDT-stochastic approach for the self-scheduling 
of a DER aggregator in an MES. Therefore, through the application of 
this hybrid method, solutions for two different types of DER aggre
gators (risk-averse and risk-seeker decision-makers) are provided 
which makes it easier for the decision-makers to choose the model 
based on their preferences. 

• Considering multiple uncertainties posed from both sides of the en
tity, which are the market side of the aggregator and the consump
tion side of it, simultaneously. Besides that, the most suitable risk 
measures for the decision-maker are chosen based on the charac
teristics of the uncertain parameters, which leads to a more precise 
decision. 

2.1. Paper organization 

The organization of the paper is presented as follows. The proposed 
hybrid IGDT-stochastic model is explained in detail in Section 2. In 
Section 3, the numerical results are discussed to demonstrate the 
model’s effectiveness. Finally, the conclusion includes the most critical 
findings, as presented in Section 4. 

3. Proposed optimization model 

The main objective of the proposed model in the first step, i.e., the 
sole stochastic programming step, is the maximization of the profit of 
the DER aggregator through handling the risks associated with the 
generation of RES and EVs charging/discharging patterns. In the second 
step, based on the risk strategy, the maximum or minimum deviation of 
the uncertain parameter from the predetermined values is obtained, 
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while the critical or target profits of the risk-averse or risk-seeker DER 
aggregator are met and guaranteed. Hence, the proposed MES frame
work for the DER aggregator includes several sources of DERs such as 
CHP, boiler units, RESs such as PV and wind units, and thermal energy 
storage (TES). An EV parking lot is also considered in our model. The 
inclusion of EVs in the MES could significantly reduce the amount of 
excess renewable energy produced and also provide more flexibility for 
the DER aggregator to reduce its management and operational costs, 
making our model more comprehensive. The schematic of the proposed 
model is depicted in Fig. 1. As shown in this figure, this model has two 
inputs (gas and electricity) and two outputs (electrical and thermal 
loads). As illustrated in Fig. 1, the electricity from the MES is being 
supplied to two different directions, electrical loads of buildings and the 
EVs. It should be noted that the DR programs are only implemented on 
the electrical load of the buildings. The MES under consideration studies 
several DERs, including CHP units, ABs, and TES systems. Additionally, 
wind and PV units are included as renewable energy producers. EVs are 
also included. 

As mentioned in the previous section, the two main classifications 
are price-based DR (PBDR) and incentive-based DR (IBDR) programs. In 
this paper, DR programs from both categories are considered to provide 
more flexibility to consumers and encourage them to actively participate 
in the DR programs. In this case, the flexibility of consumers willing to 
participate in the DR programs will be increased. A time-of-use (TOU) 
program is from the PBDR group and the emergency DR programs are 
from the IBDR group. 

To describe the model characterization more in detail, a flowchart of 
the proposed approach is depicted in Fig. 2. Several sources of uncer
tainty are managed through a hybrid approach. The behavior of EV 
owners and the amount of power generated through renewable units, 
including PV and wind turbines, are modeled with stochastic program
ming. The uncertainty relating to the wholesale market prices is 
managed using IGDT. This combination of stochastic and IGDT risk 
management methods leads to a hybrid IGDT-Stochastic model. In the 
MES, the DER aggregator has several costs and revenues and this model 
aims to optimize the self-scheduling model for the aggregator. The 
proposed model finds the most suitable solution for risk-averse decision- 
makers. The hybrid IGDT-Stochastic function is modeled in such a way 
as to protect the aggregator against unfavorable deviations of the un
certain parameter [28], as shown in Fig. 2. Moreover, it can be seen that 
two sub-stages are considered which form the main hybrid stage. In the 
first stage, it is assumed that the stochastic risk management method is 
applied to the associated uncertain parameters such as PV and wind 
units’ generation and the charging pattern of the EVs. Therefore, the 

uncertainty posed by the electricity market prices is disregarded. In 
other words, in the first step, it is assumed that there is no uncertainty in 
the electricity market prices and that the aggregator has perfect fore
sight about the market prices. Thus, the objective function in this step 
will become a typical stochastic approach to maximize the profit of the 
DER aggregator in the MES. Then, in the second sub-section, the IGDT 
programming is taken into account. The uncertainty of the market prices 
is measured and addressed in this step. Therefore, the output from the 
stochastic risk-management method is being used as the input for the 
IGDT model these two steps together form the main stage, i.e., the 
hybrid stochastic-IGDT approach. The mathematical model is formu
lated from two different perspectives to analyze the risk-averse and 
risk-seeking behaviors of the DER aggregator. Therefore, the optimiza
tion strategy is determined at the beginning of the second sub-section. It 
should be stated that the associated constraints of each step are listed in 
the flowchart. These constraints will be described in detail in the 
mathematical formulation subsection. 

3.1. Sole stochastic problem formulation 

In this step, the stochastic approach is applied to the MES. Hence, to 
address the uncertainty of the PV, wind units, and EVs, stochastic 
modeling is well-suited and has been used extensively [20]. Historical 
data are used to produce the probability distribution functions for each 
hour to generate the scenarios. The scenario tree method is utilized to 
generate the scenarios, and the Kantorovich distance method is utilized 
to reduce the number of scenarios to ease the computation burden. This 
is done by measuring the distance between several generated scenarios. 
Then, the scenarios with the minimum Kantorovich distance are found. 
These scenarios will be omitted and their correlated probability will be 
added to the reference scenario. Finally, this procedure is repeated until 
the last batch of scenarios is found [29]. 

In this step, the objective is to maximize the profit of the DER 
aggregator considering the uncertainty posed by the PV, wind units, and 
EVs. It should be noted that the aggregator model contains several 
terms, which are the primary terms indicating the profit sources and 
other terms showing the costs of the entity. The energy purchased to 
satisfy the loads is the main source of income, as well as the DR sold to 
the customers in peak demand. Finally, the energy sold to the EV owners 
is the last income term for the aggregator. On the other hand, the main 
sources that impose costs on the aggregator are the gas and electricity 
bought from the grid; the DR purchased from the participants in DR 
programs, the battery degradation cost, and the electricity purchased 
from the EVs. Thus, the objective function for this stage is written as 

Fig. 1. The schematic of the proposed model.  
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follows: 

Max PRsole stochastic =
∑S

s=1
ρs
(
F1,s +F2,s − F3,s − F4,s

)
(1)  

where PRsole stochastic is the sole stochastic objective function. The first 
parameter is the probability of each scenario. F1,s is the aggregator’s 
income from selling electricity to the consumers in the MES. F2,s is the 
amount of profit obtained through trading with the EVs. F3,s is the cost of 
purchasing energy from the upstream network. Finally, F4,s is the cost of 
implementing the DR programs on the proposed MES. 

The detailed problem formulation for the first source of income, i.e., 
F1,s is given as follows: 

F1,s =
∑B

b=1

∑T

t=1
PL

b,t,s λL
t dt (2) 

Thus, in Eq. (2), PL
b,t,s indicates the load demand on bus b, time t, and 

scenario s that is being sold at the electricity price of λL
t and dt is the time 

interval. The second income source of the DER aggregator is the amount 
of revenue obtained from selling energy to the EVs minus the cost of 
buying energy from the EV owners as given in Eq. (3). In this equation, 
PCh,EV

n,t,s and Pdis,EV
n,t,s are the charging and discharging values of the EVs 

where n is the index for the EV, t is the correlated charging time, and s 
indicting the scenario. The charging and discharging prices of EVs are 
denoted by λCh

t and λdis
t , respectively. Then, in the last term of this 

constraint, the degradation cost of the EV battery is calculated, which 
usually occurs during the discharge. As stated in Ref. [30], the life cycle 
of EV batteries is usually affected by the depth of discharge. Therefore, 
to motivate the EV owners to participate in the scheduling plan of the 
DER aggregator, this cost is reasonable to be covered by the aggregator. 
Otherwise, the EV owners will not be encouraged to follow the charging 
and discharging patterns managed by the aggregator. Hence, the 
aggregator pays the degradation cost on each discharging period based 
on a specific price denoted by Cd. 

F2,s =
∑N

n=1

∑T

t=1

⎛

⎝
PCh,EV

n,t,s λCh
t dt

− Pdis,EV
n,t,s λdis

t dt − Pdis,EV
n,t,s Cddt

⎞

⎠ (3) 

Eq. (4) shows the costs of trading energy with the upstream elec
tricity and gas markets. PDA

Sb,t,sλ
DA
t dt shows the cost of buying electricity, i. 

e., PDA
Sb,t,s from the day-ahead market with a λDA

t electricity day-ahead 
market price. The second and third terms are the costs of purchasing 
gas to feed the CHP units. Thus, PCHP

t /HCHP
t is the amount of power/heat 

generated through CHP, ηCHP
el and ηCHP

th are the electric and thermal ef
ficiency of CHP and LHVg showing the lower heat value of natural gas. 
The last term in this constraint is the cost of the auxiliary boiler, where 
HBoil

t is the heat that is generated by the unit considering the thermal 
efficiency of the boiler and LHVg. The upstream gas price is denoted by 
λg

t . 

F3,s =
∑Sb

Sb=1

∑T

t=1

(

PDA
Sb,t,sλ

DA
t dt +

[
PCHP

t(
ηCHP

el LHVg
)+

HBoil
t(

ηBoil
th LHVg

)

]

λg
t dt

)

(4) 

The cost of implementing the DR programs in the proposed frame
work is considered in Eq. (5). Two DR programs are assumed for this 
model, the TOU and the emergency DR programs. These programs are 
applied to make the proposed framework more comprehensive by 
providing more flexibility to the consumers to choose the DR method 
based on their preferences and encouraging the consumers to participate 
more actively. The TOU program belongs to the price-based DR cate
gory, and the emergency DR is categorized as an incentive-based DR 
program. In the following constraint, At is the value of the incentives of 
the DR program; PL

b,t,s indicating the initial demand of the end-user 
consumer at bus b, time t, and scenario s. Then, PL,DR

b,t,s is the amount of 
demand after the implementation of the DR program from the consumer. 
The difference between these two values is the amount of DR available 
for the DER aggregator. However, there is a possibility that the con
sumers do not participate in the DR program which is deducted from the 
cost that is imposed on the aggregator which is calculated through the 
second part of the constraint that is indicated by a negative sign, where 
PCon

b,t,s is showing the contracted power in DR programs. 

F4,s =
∑Nb

b=2

∑T

t=1

⎛

⎜
⎝

At

(
PL

b,t,s − PL,DR
b,t,s

)
−

Pent

(
PCon

b,t,s − PL
b,t,s + PL,DR

b,t,s

)

⎞

⎟
⎠ (5) 

The related constraints regarding the DR program are given as 
follows: 

E=
λ0

P0
.
∂P
∂λ

(6) 

Fig. 2. Flowchart of the proposed hybrid model.  
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Et,t =
λ0 ,t

P0,t
.

Pt − P0,t

λ(t) − λ0,t
≤ 0 (7)  

Et,t′ =
λ0,t′

P0,t
.
Pt − P0,t

λt′ − λ0,t′
≥ 0 (8)  

PL,DR
b,t,s =PL

b,t,s

{

1+
∑

t′ ∈T

λt′ − λ0,t′ + At′ + Pent′

λ0,t′
Et,t′

}

(9) 

The price elasticity is introduced in Eq. (6), which is the reaction of 
the load change to a change in the price. The self-elasticity and cross- 
elasticity values are calculated through Eq. (7) and Eq. (8), respec
tively. The load value after implementing the DR programs is calculated 
by Eq. (9). PL

b,t,s is the initial load without activating the DR programs. 
The new and initial prices are denoted by λt and λ0,t, respectively. At is 
the incentive amount of the emergency DR program, Pent is the amount 
of penalty that must be paid if the DR is not exercised and Et,t is the 
elasticity value based on the time of the DR application. This elasticity 
calculation method is extracted from Ref. [31]. 

The related constraints of the renewables, DERs, EV and the network 
and line limitations for the proposed model are presented as follows: 

PW,min
t ≤PW

t,s ≤ PW,max
t (10)  

PPV,min
t ≤PPV

t,s ≤ PPV,max
t (11) 

The constraints (10) and (11) ensure that the renewables in the MES 
have a minimum and maximum capacity of generation for each time 
interval and that their generation cannot exceed these values. Then, the 
following section presents the constraints for each DER. In these con
straints, the binary variables are denoted by biDER X

t representing whether 
the devices are active or not.  

1) CHP: 

The constraints related to the CHP unit are written as follows: 

biCHP
t PCHP,min ≤PCHP

t ≤ biCHP
t PCHP,max,∀t (12)  

RDCHP ≤PCHP
t − PCHP

t− 1 ≤ RUCHP,∀t (13)  

HCHP
t =PCHP

t
ηCHP

th

ηCHP
e

, ∀t (14)  

where PCHP
t is the total amount of the generated power by the CHP unit 

in Eq. (12). This value should be within the allowed range as it cannot be 
lower or higher than the minimum and maximum capacities, respec
tively. The ramping constraints are presented in Eq. (13). This constraint 

shows that the amount of increase or decrease in electric power gener
ation of CHP is dependent on various parameters such as its amount of 
generation in the previous time interval (PCHP

t− 1 ), ramp-down value 
(RDCHP) and ramp-up value (RUCHP). In Eq (14), the heat generated by 

the CHP unit is calculated, which is dependent on the generated power 
through the CHP unit, and the thermal and electrical coefficients.  

2) Boiler 

The constraint related to the boiler is presented as follows: 

biBoil
t HBoil,min ≤HBoil

t ≤ biBoil
t PBoil,max,∀t (15) 

The heating generation through the boiler is limited through this 
constraint, where HBoil

t is the heating generation value limited by its 
min/max capacities where they are denoted by HBoil,min/PBoil,max, 
respectively. The binary variable (biBoil

t ) indicates whether the boiler is 
being exercised in time interval t or not.  

3) Thermal energy storage 

In the proposed MES, TES stores the extra heat that is not required by 
the consumers. This energy will be supplied to the consumers when 
there is a demand for heat and the heat generation in that period is not 
enough. 

HTES
t =HTES

t− 1

(
1 − φTES)+

(
HCh,TES

t − HDis,TES
t

)
,∀t (16)  

HTES
t ≤ HTES

max (17)  

HTES
t ≥ 0 (18)  

HCh,TES
t ≥ 0 (19)  

HDis,TES
t ≥ 0 (20)  

HCh,TES
t ≤ HCHP

t (21) 

The heat stored in time interval t is dependent on its previous value 
and the amount of energy added or removed as stated in Eq. (16). In this 
equation, the losses are denoted by φTES, which indicates the thermal 
energy loss for each time interval. The charge and discharge rates of the 
TES are denoted by HCh,TES

t and HDis,TES
t , respectively. The remaining 

constraints (17)–(21) clarify the capacity limitations of the TES. The TES 
has a maximum capacity which is given in (17). Moreover, the variables 
associated with the stored amount of heat, charge, and discharge rates of 
the TES cannot be negative, as stated in (18) -(20). Finally, the last 
constraint regarding the TES ensures that the charging rate of the TES 
must be lower or equal to the heat stored at time interval t. 

In this step, the constraints related to the active, reactive, and 
heating power balancing equations are presented.   

HCHP
t +HBoil

t + HDis,TES
t = HL

t + HCh,TES
t ,∀t (24)  

PDA
Sb,t,s +PPV

b,t,s +PW
b,t,s +PCHP

b,t,s +
∑

n=1
PDis,EV

n,t,s −
∑

n=1
PCh,EV

n,t,s +
∑

b′ ∈B

(

P+

t,b,b′ − P−

t,b,b′

)

−
∑

b′ ∈B

[(

P+

t,b,b′ − P−

t,b,b′

)

+Rb,b′ I2t,b,b′

]

=PL,DR
b,t,s , ∀t, ∀b (22)  

QDA
Sb,t,s +QPV

b,t,s +QW
b,t,s +QCHP

b,t,s +
∑

n=1
QDis,EV

n,t,s −
∑

n=1
QCh,EV

n,t,s +
∑

b′ ∈B

(

Q+

t,b,b′ − Q−

t,b,b′

)

−
∑

b′ ∈B

[(

Q+

t,b,b′ − Q−

t,b,b′

)

+Xb,b′ I2t,b,b′

]

=QL
b,t,s, ∀t,∀b (23)   
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The active power balance is presented in Eq. (22) where the input of 
the power to the MES should be equal to its output. Thus, the amount of 
power traded with the wholesale electricity market and generated 
power from the PV, wind, and CHP units and the charging/discharging 
values of EVs in the parking lot and active power flows in downstream 
directions (P+

t,b,b′ ) and active power flows in upstream directions (P−

t,b,b′ ) 
should be equal to the demand from the consumers after the imple
mentation of the DR programs. Similarly, the reactive power balance is 
also considered in constraint (23). Then, Eq. (24) shows the heating 
power balance. According to the constraint, the heat generated through 
CHP, boiler, and the discharged rate of TES must be equal to the head 
demand of the consumers and the charging rate of the TES. Finally, the 
voltage balance is calculated through Eq. (25). To calculate the active 
and reactive power balance, two auxiliary constraints should be calcu
lated as shown by Eq. (26) and Eq. (27). The nominal voltage is denoted 
by VNom and maximum current flow from bus b to bus b′ is denoted by 
IMax
b,b′ . The linearized power flow calculations for the radial network are 

considered in equations (28)–(35), where the linearization technique is 
taken from Ref. [32]. The authors in Ref. [32] validated the accuracy of 
this linearization technique for optimal power flow through an illus
trative example. The correlated constraint for calculating the power 
factor is given in Eq. (36). 

P+

t,b,b′ +P−

t,b,b′ ≤ VNomIMax
b,b′ , ∀t, ∀b (26)  

Q+

t,b,b′ +Q−

t,b,b′ ≤ VNom × IMax
b,b′ , ∀t,∀b (27)  

V2Nom
t,b I2t,b,b′ =

∑

τ
(2τ − 1)ΔSt,b,b′ ΔPt,b,b′ +

∑

τ
(2τ − 1)ΔSt,b,b′ ΔQt,b,b′ , ∀t,∀b

(28)  

P+

t,b,b′ +P−

t,b,b′ =
∑

τ
ΔPt,b,b′ (τ), ∀t, ∀b (29)  

Q+

t,b,b′ +Q−

t,b,b′ =
∑

τ
ΔQt,b,b′ (τ), ∀t,∀b (30)  

ΔPt,b,b′ (τ)≤ΔSt,b,b′ ,ΔQt,b,b′ (τ) ≤ ΔSt,b,b′ , ∀t, ∀b (31)  

I2t,b,b′ ≤
(

IMax
b,b′

)2
, ∀t,∀b (32)  

V2
Min ≤V2 ≤ V2

Max, ∀t,∀b (33)  

V2Nom
t,b =

(
VNom)2

, ∀t,∀b (34)  

ΔSt,b,b′ =
VNomIMax

b,b′

τ ∀t, ∀b (35)  

Pt,b
U tan

(
cos− 1(− θ)

)
≤Qt,b

U ≤ Pt,b
U tan

(
cos− 1(θ)

)
, ∀t, ∀b (36)  

In addition, it should be noted that each line in the considered MES has 
limits regarding its thermal energy capacity. Thus, the apparent power 
in each bus in each scenario is denoted by Sb,t,s should be lower or equal 
to its maximum value denoted by SMax

b,t at time interval t, as in Eq. (37). 
Similar limitations also exist for the voltage in each bus voltage, as 
stated in Eq. (38). In other words, the voltage level of bus b in scenario s 
and time t (Vb,t,s) should be higher or equal to 0.95 and lower or equal to 
1.05. 

Sb,t,s ≤ SMax
b,t (37)  

0.95≤Vb,t,s ≤ 1.05 (38) 

As stated before, in the proposed framework, it is considered that the 
microgrid has several EVs and their corresponding effects on the prob
lem formulation should be taken into account. Therefore, the constraints 
related to the EVs are written as follows: 

0≤PCh,EV
n,t,s ≤ biCh,EV

n,t,s Pmax
n ∀n,∀t, ∀s (39)  

0≤PDis,EV
n,t,s ≤ biDis,EV

n,t,s Pmax
n ∀n,∀t,∀s (40)  

0≤ biCh,EV
n,t,s + biDis,EV

n,t,s ≤ 1∀n, ∀t, ∀s (41)  

SOCEV
n,t,s = SOCEV

n,t− 1,s +

(
PCh,EV

n,t,s ηchdt

ECH,Max

)

−

(
PDis,EV

n,t,s dt

ECH,Maxηdis

)

+ SOCEV,Arv
n,t,s (42)  

SOCmin
n,t ≤ SOCEV

n,t,s ≤ SOCmax
n,t ∀n,∀t, ∀s (43)  

SOCEV
n,t,s =SOCEV,dep

n,t,s ∀n,∀t, ∀s (44) 

In our proposed model, the charging and discharging power of each 
EV is denoted by PCh,EV

n,t,s and PDis,EV
n,t,s in time interval t and scenario s cannot 

be more than their maximum capacities, as stated in (39) and (40), 
respectively. Moreover, the binary variables (biCh,EV

n,t,s and biDis,EV
n,t,s ) indicate 

that EVs cannot be charged or discharged simultaneously, which this 
limitation is employed through Eq. (41). The state of charge (SOC) for 
each EV is determined by its SOC in the previous time interval 
(SOCEV

n,t− 1,s) plus the amount of charging or discharging in the current 
time interval considering the charging and discharging coefficients, 
which are denoted by ηCh and ηDis, see Eq. (42). Moreover, ECH,Max is the 
maximum energy level of the EV battery which is required in the 
calculation of SOC. It should be noted that the SOC cannot exceed its 
maximum and minimum values, as seen in Eq. (43). The last equation 
related to the EV, Eq. (44), shows that when the EV departs from the 
charging point, the SOC of the EV should reach the value desired by the 
consumer, denoted by SOCEV,dep

n,t,s . 

3.2. Hybrid IGDT-stochastic optimization framework 

In this stage, the uncertainty of the wholesale energy market price is 
considered by implementing the IGDT approach. In other words, the 
output of the stochastic programming is now utilized as a baseline to 
employ the IGDT approach. Therefore, this requires converting the 
solely stochastic problem formulation into a hybrid IGDT-stochastic 
problem formulation based on the characteristics of the uncertain pa
rameters and considering the most suitable risk measure. The robust 
structure of the IGDT approach is applied to manage the proposed model 
for a risk-averse decision-maker. In contrast, the opportunity structure 
of the IGDT approach is applied to a risk-seeker decision-maker. Risk 
seekers prefer to pursue the additional benefits of uncertainty, have the 
opportunity to pursue an improved result, and minimize the negative 
disturbance of the uncertain parameters. As we considered the 
electricity-market prices as the uncertain parameter which is being 
addressed by IGDT, it should be mentioned that unexpected high price 
spikes occur in electricity markets, and are favorable price variations for 
the DER aggregator. A risk-seeker decision-maker desires to benefit from 

V2t,b − 2Rb,b′
(

P+

t,b,b′ − P−

t,b,b′

)
− 2Xb,b′

(
Q+

t,b,b′ − Q−

t,b,b′

)
−
(

R2
b,b′ +X2

b,b′

)
I2t,b,b′ − V2t,b′ = 0, ∀t,∀b (25)   
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these favorable variations using an opportunity function. 
The problem formulation is presented in two different designs, that 

is, robust and opportunity forms. In the formulation for the risk-averse 
DER aggregator, the objective is to maximize the horizon of the uncer
tainty (denoted by αrobust) of the energy market prices, while the critical 
profit of the entity is guaranteed, which is denoted by PRcritical. The 
critical profit is defined as the minimum possible amount of profit 
considering the horizon of uncertainty. Thus, the hybrid IGDT-stochastic 
model for the risk-averse aggregator is formulated mathematically 
through Eq. (45) to Eq. (49). The defined robust function requires 
fulfillment of a set of constraints that can happen in the worst-case 
scenarios. In other words, the DER aggregator wants to immune its 
self-scheduling from the scenarios that can prevent the aggregator from 
achieving lower profits than the critical value. 

As stated in (46), the robust profit of the DER aggregator should be 
higher or equal to the predetermined critical profit denoted (PRcritical). 
The critical profit is calculated by a percentage of the result obtained 
from the stochastic programming (PRsole stochastic). Therefore, σ is the 
profit deviation factor. As the profit deviation factor increases, the 
decision-maker would become more conservative against the unfavor
able variations of the wholesale electricity market prices. Hence, σ 
controls the level of uncertainty which is a value between 0 and 1. σ = 0 
means that the DER aggregator is risk-neutral against the electricity 
market prices while the uncertainties managed through stochastic pro
gramming are applied. In constraint (47), the fractional info-gap un
certainty model is presented [33]. The model is also still governed by Eq. 
(10) through Eq. (44). 

α⌢(P,PRcritical)=Max αrobust (45) 

Subject to: 

PRrobust ≥PRcritical =(1 − σ)PRsole stochastic (46)  

(
1 − αrobust)PRsole stochastic ≤ PRrobust ≤

(
1+ αrobust)PRsole stochastic (47)  

Eq. (10) – (44) (48) 

To formulate the problem in a way that the worst-case scenario oc
curs, the low range of the uncertain parameter, which is the day-ahead 
electricity market prices, should be chosen. Thus, if PRrobust = (1 −

αrobust)PRsole stochastic, the lowest amount of the profit will be obtained. 
Therefore, in the above problem formulation, Eq. (48) is replaced by Eq. 

(49). 

PRrobust =
(
1 − αrobust)PRsole stochastic (49) 

On the other hand, the objective of the risk-seeker DER aggregator is 
to determine the minimum value for the uncertainty horizon denoted by 
αopportunity of the energy market prices, which can lead to the achievement 
of target profit for the entity, denoted by PRtarget. Therefore, the full 
hybrid IGDT-stochastic model for the risk-seeker aggregator is formu
lated mathematically by Eqs. (50) – (53). The objective function is 
formulated in Eq. (50). The risk-seeker decision-maker desires to 
analyze the amount of uncertainty horizon if the uncertain parameter 
deviates favorably using the opportunity form of the IGDT method. As it 
is common to observe high spikes in the electricity market prices. The 
opportunity profit, denoted by PRopportunity is profit the DER aggregator 
will gain if the uncertain parameter deviates favorably. This value 
should be greater or equal to the target profit denoted by PRtarget . Target 
profit is calculated based on the percentage of the result obtained from 
the stochastic programming. Similar to the robust form, the degree of 
risk-seeking is chosen by σ as the profit deviation factor. As σ increases, 
the decision-maker becomes more risk-seeking relative to the wholesale 
market prices. The constraint (52) indicates that the opportunity profit 
can be within a range that is dependent on the horizon of the uncertainty 
(αopportunity) and profit of the aggregator gained from the stochastic pro
gramming. The model is also still governed by Eq. (10) through Eq. (44). 

β
⌢(

P,PRtarget
)
=min αopportunity (50) 

Subject to: 

PRopportunity ≥PRtarget =(1+ σ)PRsole stochastic (51)  

(
1 − αopportunity)PRsole stochastic ≤ PRopportunity ≤

(
1+αopportunity)PRsole stochastic

(52) 

Fig. 3. The structure of the studied modified IEEE 15-bus test system.  

Table 1 
Matrix of elasticity.   

Peak Mid-peak Off-peak 

Peak − 0.3 0.15 0.1 
Mid-peak 0.15 − 0.3 0.01 
Off-peak 0.1 0.01 − 0.3  
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Eq. (10) – (44) (53) 

To formulate the model in the opportunity form, the best-case sce
narios should ensure that the profit of the DER aggregator reaches the 
target profit. This situation happens only if favorable deviations for the 
uncertain parameter from the baseline values occur. Thus, the highest 
amount of value for opportunity profit will be obtained if PRopportunity =

(1 + αopportunity)PRsole stochastic. Therefore, the constraint (52) in the above 
form of problem formulation is replaced by Eq. (54). 

PRopportunity =
(
1+ αopportunity)PRsole stochastic (54)  

4. Discussion of results 

4.1. Data preparation and assumptions 

The proposed hybrid IGDT-stochastic model is formulated as a 
mixed-integer non-linear programming (MINLP) problem. The problem 
is modeled in GAMS and two different solvers are utilized: SBB and 
DICOPT. The model is simulated using a PC with 6 GB RAM and 2.43 
GHz CPU speed and The Network-Enabled Optimization System (NEOS) 
Server [34]. Load data is taken from Ref. [20], where the model is 
employed on the modified IEEE 15-bus system which is illustrated in 
Fig. 3. The expected wholesale day-ahead market prices are taken from 
Ref. [35]. However, MESs were not considered in Ref. [35], while this 
paper considers a multi-energy framework for the DER aggregator with 
CHP, boiler units, RESs (namely wind and PV units, installed on bus 12 
with nominal power of 200 kW), and TES. 

The EV parking lot is allocated to bus 11 in the test system with a 
capacity of 50 EVs. For the implementation of the DR programs, the time 
horizon is divided into three time slots, namely peak periods 
(11:00–15:00 and 19:00–21:59), mid-peak periods (7:00–10:59 and 
15:00–18:59), and an off-peak period (22:00–6:59). The elasticity 

matrix for the DR programs is presented in Table 1. The charge and 
discharge efficiencies of the EVs are 95% and 90%, respectively. The 
nominal capacity of the EV battery is equal to 50 kWh with a 10 kW/h 
SOC. It is assumed that the EV batteries can be charged to a maximum of 
85% of the nominal value. 

4.2. Sole stochastic optimization stage 

In the first stage, it is assumed that there is no uncertainty in the 
electricity market prices, which are the same as the expected values. 
Hence, the only uncertainty on the demand side is the generation of the 
DERs and this is modeled through stochastic programming. Hence, 
several scenarios are being generated based on historical data. In this 
case, the value of the objective function, which is the profit of the DER 
aggregator, is equal to €112,900. 

In the MES, there is a set of CHP units used to produce a percentage of 
power supplied to the consumers. Based on the details of the problem 
formulation, Fig. 4 illustrates the cumulative value of the power 
generated from each CHP unit. Due to its characteristics and size, CHP 5 
is responsible for the highest generation among the CHP units. The 
generation of the units is managed by the aggregator. According to this 
figure and the generation of wind units and PV arrays presented in Fig. 5 
and Fig. 6, the CHP units are being used at their maximum capacities 
when there is low generation from the other DERs. For instance, at 
13:00, there is insufficient generation from both PV and wind units. 
Therefore, the CHPs generate a significant amount of energy to meet the 
demand and control the fluctuations due to renewables. The generation 
of renewable energy resources is highly dependent on the weather 
conditions such as wind speed and solar radiation. 

There are hours with low solar irradiation, for example at 14:00 in 
Fig. 5. Similarly, the wind speed also fluctuates rapidly causing high 
output in some periods and low output in others, such as at 13:00 in 
Fig. 6. These fluctuations are controlled and managed by the DER 
aggregator through other generation units and the implementation of 
the DR program. A DR program is applied to the proposed model to shift 
a percentage of the demand from the peak period to the off-peak or mid- 
peak hours. Fig. 5 Shows the load demand profile in the studied time 
horizon. 

Fig. 4. Power generation of CHP units.  

Fig. 5. Power generation of the PV unit.  

Fig. 6. Power generation of the wind turbines.  

Fig. 7. Daily profile of the consumers before and after DR implementation.  
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According to Fig. 7, when there is no DR program, there is a signif
icant difference in consumption. There is low demand during the off- 
peak period and high demand during the high-peak period. By imple
menting the DR program, some of the demand is shifted from the peak 
hours to the off-peak or mid-peak periods. In the early hours of the 
morning, with a low demand before the DR program, this load is now 
increased. The DR program increases electricity usage during the off- 
peak period and decreases consumption during the peak period. 

4.3. Hybrid IGDT-stochastic optimization stage 

In the next stage, the uncertainty of the electricity market price is 
considered through IGDT. In this case, the uncertain parameters from 
both sides are considered The uncertainty around the wholesale market 
side is managed through the IGDT method, and the uncertainty of 
renewable energy resources and EV charging/discharging patterns are 
assessed through stochastic programming. Therefore, the hybrid IGDT- 
stochastic optimization is implemented in this stage which is 
mentioned as one of the contributions of our work as considering the 
different risk measure for multiple sources of uncertainty based on their 
characteristics. The DER aggregator is assumed to have the forecasted 
wholesale market prices, i.e., {λ1, λ2, …, λ24}. Then, the hybrid IGDT- 
Stochastic model is solved for several variations of σ. Therefore, 
several PRcritical values are obtained. As stated in the problem formula
tion section, the proposed model for both types of decision-makers, risk- 
averse and risk-taker DER aggregators, is studied. The risk-averse deci
sion-maker aims to guarantee the critical profit even if the worst-case 
scenario occurs. This type of uncertainty can be studied by implement
ing the robust function of the IGDT approach. On the other hand, the 

risk-seeking aggregator accepts the risks when targeting higher profits if 
a favorable scenario happens. Thus, the behavior of risk-seeking deci
sion-makers is addressed through the opportunistic function of the IGDT 
approach. Therefore, the effect of considering the uncertain parameters 
in several risk strategies is depicted in Figs. 8–10. 

In Fig. 8, the optimum robustness value for different σ variations is 
presented. As expected, increasing σ leads to higher amounts of α̂. To 
explain the behavior of the optimum robustness function value for 
different variations of σ, an arbitrary value is chosen. Let us assume that, 
for σ = 0.2, the risk-averse decision-maker wants to be sure that in the 
worst-case scenario, its critical profit won’t be lower than PRcritical =

(1 − σ)PRsole stochastic = (1 − 0.2) 112,900 = €90300. In this case, the 
optimum robustness value will be equal to 0.08. This means that if the 
observed market prices deviate by a maximum α̂ = 0.08 or 8%, unfa
vorably, this amount of critical profit is still guaranteed for the aggre
gator. In Fig. 9, the optimum opportunity function values for different σ 
variations are shown. By increasing the electricity market prices, higher 
values for β̂ can be found. Similar to the explanation given for the 
robustness function, an arbitrary σ amount is selected. If σ = 0.2, the 
target profit of the risk-seeking DER aggregator will be equal to PRtarget =

(1 + σ)PRsole stochastic = (1 + 0.2)112,900 = €135,500. To reach the € 
135,500 aggregator profit, the wholesale market prices should be at 
least β̂ = 0.08 or 8% lower than the forecasted values. 

In Fig. 10, the optimum robustness function values (α̂) for various 
profit amounts of the DER aggregator are depicted. On the other side of 
the graph, the optimum opportunity function value (β̂) for different 
variations of profits is shown. For the risk-averse aggregator, the robust 
performance of the model is desirable. For instance, as the critical profit 
decreases, the optimum robustness function increases. This indicates 

Fig. 8. Optimum robustness values of α̂ for different variations of σ in a risk- 
averse strategy. 

Fig. 9. The optimum robustness value β̂ for different variations of σ in a risk- 
seeking strategy. 

Fig. 10. Optimal α̂ and β̂ for different profits of DER aggregators in both risk- 
averse and risk-seeking strategies. 

Fig. 11. The optimum stored heat of TESs under various risk strategies.  
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that higher unfavorable deviations of the uncertain parameter are 
possible for lower guaranteed critical profits, α̂, when the decision- 
maker chooses the risk-averse strategy. On the other hand, β̂ is the 
minimum amount of favorable deviation of the observed values from the 
forecasted values of the wholesale market prices that ensure the target 
profit. Another interesting result is that the optimum robustness values 
and opportunity value for the same variation from the deterministic 
profit are almost the same and this is illustrated in Fig. 10. Therefore, the 
optimal values for the two completely different objective functions (risk 
strategies) result in very similar outcomes. 

The optimal values for the stored heat level of the installed TESs are 
illustrated under various risk strategies in Fig. 11. It can be seen that TES 
5 stores a significant level of heat. It should be noted that TES 5 is 
located on the same bus as the hospital. Therefore, it is essential to 
ensure that there is enough heat reserve to supply this important con
sumer. Moreover, it is shown that as the decision-maker chooses to be 

risk-averse, the level of energy in the TES increases. It is due to the 
characteristics of the risk strategy. The risk-averse DER aggregator 
prefers to have the highest possible level of energy stored in the TES to 
make sure it will satisfy the demand of the consumers. In contrast, the 
risk-seeking aggregator is looking for higher profits which results in 
lower costs associated with the TES. Therefore, the total energy level of 
the TES in the risk-seeking strategy would be lower than the other 
strategies, i.e., risk-neutral and risk-averse. 

The behavior of the EVs in the PL in different conditions is shown in 
Fig. 12. Fig. 12 (a) and (b) present the charging of EVs in the robust and 
opportunity conditions, respectively. Similarly, sub-figures Fig. 12 (c) 
and (d) show the discharging of the EVs in the robust and opportunity 
conditions, respectively. Three scenarios are chosen for each of the 
robust and opportunity conditions to analyze the impact of the risk 
attitude of the proposed approach for various scenarios. It can be seen 
that the number of EVs based on the several scenarios considered the 
robust and opportunity strategies do not affect the behavior of the EVs in 
the parking lot significantly. While considering risk management stra
tegies for the decision-maker, being robust or opportunistic does not 
affect the optimal result of the proposed model. Therefore, in either 
strategy, there are periods that the parking lot is occupied at its 
maximum capacity, 50 EVs, regardless of the aggregator’s risk attitude. 

Fig. 12. The behavior of the owners of the EVs in the PL in (a) charging mode in the robust approach; (b) charging mode in the opportunity approach; (c) discharging 
mode in the robust approach; (d) discharging mode in the opportunity approach. 

Fig. 13. The optimum values for the grid to vehicle (G2V) and vehicle to grid 
(V2G) under different risk strategies. 

Table 2 
The robustness cost for various robustness function values.  

σ α̂ Robustness cost (€) 

0 0 0 
0.1 0.043 4327.8 
0.2 0.0812 6874.4 
0.3 0.122 9003.5 
0.4 0.163 11476.3 
0.5 0.204 13994.2 
0.6 0.245 15602.1 
0.7 0.286 18109.5 
0.8 0.327 20478.1  
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To go more in detail, the total amount of power that is exchanged 
between the microgrid and the vehicles is also depicted in Fig. 13. This 
figure indicates that the total amount of power in whether grid to vehicle 
(G2V) or vehicle to grid (V2G) are not affected significantly in both risk- 
seeking and risk-averse strategies. Therefore, this figure validates the 
results achieved from Fig. 12 Where different risk strategies do not have 
a serious impact on the operation and scheduling of EVs and the total 
amount of power exchanged between the EVs and the microgrid is not so 
sensitive against the risk strategy. 

Furthermore, the implementation of any risk management model for 
addressing the uncertainties will impose some costs on the decision- 
maker. It will be essential to identify and quantify these costs to deter
mine what level of risk management the decision-makers should enact 
based on their level of risk-seeking or risk-aversion. Table 2 and Table 3 
display the robustness and opportunity costs of the hybrid stochastic- 
IGDT method for different optimum robustness index values against 
variations in σ. According to these results, increasing the level of the risk 
aversion of the aggregator leads to higher robustness or opportunity 
cost, which is entirely reasonable. The decision-maker is responsible for 
evaluating the MES and deciding the degree to which the aggregator is 
risk-averse in the robustness approach and risk-seeking in the opportu
nity approach. 

5. Conclusion 

A hybrid IGDT-stochastic approach is proposed for a DER aggregator 
in an MES microgrid. The uncertainty posed by the generation of 
renewable resources and DERs is addressed through stochastic pro
gramming. As the DER aggregator is the operator of these entities, the 
level of generation is under the control of the aggregator. However, the 
energy market prices are not under the control of the aggregator, and 
additionally, there is a lack of information about the prices. Therefore, 
the uncertainty posed by market prices is managed through the IGDT 
method. There are two different structures for IGDT approaches, the 
robust structure, and the opportunity structure. The robust IGDT func
tion can find the maximum value of the uncertain horizon, which can 
guarantee the critical profit of the aggregator in the worst case, even if 
unfavorable cases occur, which is the main aim of risk-averse decision- 
makers. However, the opportunity function of the IGDT approach can 
find the minimum value of the uncertain horizon that can lead to higher 
possible profits if favorable deviations of the uncertain parameter occur, 
which is the main goal of risk-seeking decision-makers. The results 
indicate that the aggregator manages the generation of DERs when there 
is a lack of generation from the installed renewable resources. For 
instance, in periods with low PV or wind generation, the CHP unit in
creases its generation to compensate for the shortage. Moreover, the 
optimum robustness and opportunistic function values for various 
amounts of profits of the DER aggregator are calculated to provide 
several risk levels for risk-averse and risk-seeking decision-makers. By 
increasing the deviation of the risk factor, σ, the obtained values for α̂ 
and ̂β also, increase. Therefore, as ̂β arises, the aggregator becomes more 
risk-seeking. Similarly, as α̂ arises, the aggregator becomes more risk- 
averse. Moreover, the imposed cost to the aggregator due to choosing 

the risk measure and its corresponding level is a crucial factor that 
should not be neglected. In terms of future work, different energy 
market structures could be explored to determine the optimal behavior 
of the DER aggregator. 
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