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Abstract. The massive integration of renewable generators, energy storage systems, and demand 

response requires the development of smart power infrastructures. In this upcoming context, 

microgrids will be essential for the optimal integration of such assets. When different microgrids 

are located near each other, they can be centrally coordinated within a novel paradigm called 

Microgrid Cluster. In such structures, the microgrids involved can collaborate in a cooperative 

way or compete by developing internal market structures. This paper develops a novel optimal 

bidding strategy for a demand response-intensive microgrid partaking in competitive clusters. The 

new proposal is envisaged as a three-stage methodology that aims at reducing the effects of 

response fatigue. Uncertainties related to inflexible demand and renewable generation are 

modeled via scenarios, while the risk associated with uncertain parameters is handled by 

enforcing the Conditional Value at Risk. The resulting computational tool is effective and 

tractable, as shown in the results obtained on a benchmark three-microgrids cluster. Indeed, the 

developed methodology is able to reduce the total response signals by 88 % in some cases. 

Moreover, this case study allows analyzing the effect of response fatigue minimization in the 

overall cluster performance, showing that the collective welfare can be reduced by 32 % when 

response fatigue is taken into account. 

Keywords. Demand response; Microgrid cluster; Response fatigue; Risk-averse optimization; 

Stochastic programming.   
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Nomenclature 

Indices (sets) 

𝑖, 𝑗 (ℳ)    Microgrid 

𝜔 (Ω)    Scenario 

𝑡 (𝒯)    Time 

Θ𝑖
𝐷𝑒𝑓

  Allowable Time window of a deferrable consumer in the ith 

Microgrid 

Superscripts 

𝐶𝑙𝑢𝑠𝑡𝑒𝑟   Microgrid cluster 

𝐷𝐺    Distributed generation 

𝐷𝑅    Demand response 

𝐼𝑚𝑝𝑜𝑟𝑡/𝐸𝑥𝑝𝑜𝑟𝑡  Imported/exported power 

𝐶𝑢𝑟𝑡/𝐷𝑒𝑓/𝑆ℎ𝑒𝑑  Curtailable/deferrable/sheddable demand 

𝑅𝐸𝑆    Renewable energy source 

𝐵𝐸𝑆, 𝑐ℎ/𝑑𝑐ℎ   Battery energy storage in charging/discharging mode 

𝑁𝐶    Inflexible (non-controllable) demand 

(⋅)/(⋅)    Minimum/maximum value of a parameter or variable 

Parameters and constants 

Δ𝑡     Time step [h] 

𝑎𝑖
𝐷𝐺, 𝑏𝑖

𝐷𝐺, 𝑐𝑖
𝐷𝐺 Parameters of the fuel cost curve of distributed generators in the 

ith Microgrid [$/h, $/kWh, $/kWh²] 

𝜅     Penalty cost for applying DR programs [$/h or $/kWh] 

L𝑖
𝐷𝑒𝑓

 Preferred earliest time step of the time window of deferrable 

demand in the ith Microgrid  

𝛼     CVaR parameter [-] 

𝜌     Probability of occurrence [pu] 

𝑅𝐷/𝑅𝑈    Downward/upward ramping rate [kW] 

DC𝑖
𝐷𝑒𝑓

    Duty cycle of deferrable demand in the ith Microgrid  

𝜂     Efficiency [pu] 

𝛽    Risk-averse parameter [-] 

𝜋     Bidding/offering price of microgrids [$/kWh] 

𝑀    Large positive number (~105) [-] 

Γ    Incremental cost [-] 

Decision variables 

𝑝    Power [kW] 

𝑦    Commitment status [Binary] 

on/off    ON/OFF status [Binary] 

𝑣/𝑢    CVaR auxiliary variables [-] 

𝑆𝑂𝐶    State-of-charge [kWh] 

𝜇/𝜇 Dual variable associated with lower/upper bound of imported or 

exported powers [-] 

𝜆 Cluster price [$/kWh] 

𝜓 Auxiliary variable for linearization of complementarity terms 

[Binary] 

  



1 - Introduction 

1.1 - Context and motivation 

The decarbonization of the electricity sector requires the massive integration of renewable 

energy sources (RESs) and energy storage. In this regard, Microgrid (MG) has emerged as a 

valuable framework to integrate and coordinate such resources in upscale systems [1]. When 

different MGs are located near each other and connected to a common network, they can be 

centrally coordinated within a novel paradigm called MG cluster (MGC) [2]. Gathering MGs in 

clusters brings multiple advantages, like optimal participation in energy markets or continuous 

supply [3]. From a mercantilist point of view, MGCs can be cooperative or competitive. In the 

former case, the MGs partaking in the cluster sharing resources with others without expecting a 

monetary counterpart. In contrast, energy markets are launched in competitive platforms similar 

to conventional electricity markets [4]. 

This paper focuses on competitive MGCs. In particular, we discuss the optimal bidding 

strategy of a demand response (DR) intensive MG within clusters. It is well-known that DR, when 

successfully applied, helps to improve the economy and efficiency of the system [5]. However, 

DR initiatives must be planned and applied appropriately. Otherwise, these programs may fail. 

One of the main reasons for DR failure is the so-called response fatigue [6], which describes the 

discouragement experienced by flexible consumers when they are required to partake in DR 

initiatives repeatedly [7, 8]. For instance, if a curtailable consumer is frequently required to reduce 

her consumption, she may leave the DR program in the long-period because the dissatisfaction 

that multiple calling cause on herself. Due to its importance in DR implementation, the 

consideration of response fatigue in DR-oriented systems is worth to be investigated. 

1.2 - Literature review 

Most of existing works do not refer to the term MGC specifically. Instead, a number of them 

are referred to multi-MGs systems. Since both terms are similar and frequently used indistinctly, 

this review collects work referred to both MGCs and multi-MGs systems. Actually, some existing 

works deal with distribution networks including MGs, focusing on optimal coordination or 

scheduling problems. In [9], a game-based bi-level decision-making framework was developed 

for distribution systems in the presence of MGs. This reference contemplates the possibility of 

DR agreements between the distribution system operator and the MGs. A bi-level price-settling 

mechanism was developed in [10], focusing on distribution networks with MGs. In that 

framework, the distribution system operator acts as a leader, whereas MGs partake as followers 

within a Stackelberg-based game approach. Qiu, et al. [11] proposed a two-stage coordination 

framework for distribution networks and MGs, considering uncertainties in renewable generation 

and loads. This reference employs the column-and-constraint generation algorithm to convert the 



original nonlinear problem into mixed-integer-linear programming (MILP). A stochastic-based 

approach was developed in [12] for optimal coordination of the distribution network operator and 

MGs. In this case, the problem was raised as a bi-level framework converted to a single-level 

scheme via mathematical programming with equilibrium constraints (MPEC). In [13], the optimal 

coordination between the distribution network and MGs was solved using different algorithms. 

In particular, column-and-constraint generation and target-cascading algorithms were applied in 

a decentralized manner. Likewise, [14] established an equilibrium problem with equilibrium 

constraints (EPEC) for optimal price-settling in a distribution network incorporating MGs. Yan, 

et al. [15] propose a bi-level framework with peer-to-peer (P2P) transactions among MGs. This 

reference concerns privacy issues, for which two distributed algorithms were proposed for power 

allocation among peers. 

In other cases, the authors refer to the term multi-MG without specifying if the participants 

are integrated into an upscale system involving a central operator. To coordinate the operation of 

various MGs on the whole, [16] considers a central aggregator responsible for transactions among 

peers. To optimally operate the whole system, a bi-level optimization model was developed, 

considering perfect cooperation among agents. To preserve peers' privacy, [17] uses the 

alternating direction of multipliers on an isolated multi-MGs system. Nezamabadi and 

Vahidinasab [18] developed an optimal bidding strategy based on MPEC for multi-MGs systems. 

This reference proposes an interval-based notation for uncertainties based on three representative 

scenarios (favorable, unfavorable, and expected). Then, the algorithm becomes risk-averse by 

enforcing the conditional value-at-risk (CVaR). The coordination among MGs allows them to 

partake in upscale markets, where individual MGs could not be integrated effectively. This issue 

was contemplated in [19], where an EPEC model was established for optimal price settling of 

multi-MGs systems partaking in local energy and reserve markets. This reference analyzes the 

role of interruptible loads as a form of DR to improve the overall performance of the system. 

The concept of MGC is relatively new and became to be seriously studied in the mid-2010s 

[20]. In essence, an MGC is a group of MGs that are coordinated centrally or in a distributed 

manner. Some recent works refer specifically to the term MGC, e.g. [21], where the concept of 

combined cooling-heating MGCs was introduced, referring to clusters where different energy 

vectors (i.e., electricity, heat, and cool) are encompassed and managed on the whole. In particular, 

[21] introduced various consensus mechanisms for the optimal coordination of MGCs. To 

preserve the robustness against uncertain parameters, chance-constrained models are incorporated 

on the basis of scenarios and seek a risk-averse solution. In [22], an MPEC-based model was 

developed for the optimal coordination of competitive MGCs. This reference deals with hybrid 

AC/DC clusters, incorporating uncertainties via robust formulation solved using the column-and-

constraint generation algorithm. Xu, et al. [23] focused on optimal controlling converter-based 

DC MGs through droop curves. Then, the MGs involved are coordinated within a cluster structure 



via scenarios. In [24], decentralized coordination of MGCs was investigated, for which a solution 

methodology based on the alternating direction of multipliers was employed. In this sense, the 

operation of the different agents is inhibited by privacy data from others. It is worth mentioning 

that [24] deals with multi-energy clusters, encompassing electricity, heating, and cooling sub-

systems. For the sake of simplicity, Table 1 shows a summary of the studied literature. 

1.3 - Research gaps and contributions 

This work is motivated by various gaps encountered in the literature above. On the basis of 

the summary of Table 1, the following gaps are worthy of mention: 

 Most of the existing works focus on the figure of the central coordinator or similar. This 

agent is responsible for price-settling in the cluster. However, optimal bidding strategies 

are frequently more useful and implementable for only one strategic MG. In this regard, 

only [18] focused on optimal bidding for strategic MGs. 

 Although most of the relevant works present MILP formulations, some references use 

quadratic or nonlinear models, which are hardly solvable and often require the use of off-

the-shelf solvers. 

 DR programs have not been widely studied, and most of the existing works recur to only 

one type of DR initiative. In this sense, DR-intensive MGs have not been profusely 

studied yet.  

 In the same line, the effect of response fatigue has only been modeled and analyzed in 

MGs context in [8]. However, this reference focuses on isolated MGs, ignoring 

interactions with other systems and how the response fatigue affects to the collective 

welfare and energy transactions among MGs. 

 Many works ignore the impact of uncertainties recurring in simplistic deterministic 

problems. On the other hand, other references recur to stochastic programming but 

without including a risk measurement indicator that accounts for the overall impact of 

uncertainties. Finally, other works raised complex two-stage or bi-level frameworks that 

may be hardly implementable. 

  



Table 1 - A summary of the relevant literature 

Ref. Problem Formulation Model DR 
Uncertainty 

model 

Response 

fatigue 

[9] Price-settling MILP 

Bi-level with a single 

leader and multiple 
followers 

Load shifting No No 

[10] Price-settling MILP 

Bi-level Stackelberg-

based clearing 
mechanism 

Shiftable demand 
Two-stage 

robust 
No 

[11] 
Optimal 

scheduling 
MILP 

Two-stage robust model 

using column-and-
constraint generation 

No 
Two-stage 

robust 
No 

[12] Price-settling MILP 

Bi-level MPEC model 

with a single leader and 

multiple followers 

Sheddable loads Stochastic No 

[13] 
Economic 

dispatch 
MILP 

Bi-level MPEC model 

solved using cascading 

target and column-and-
constraint algorithms 

No Robust No 

[14] Price-settling MILP 

Bi-level EPEC approach 

solved using 

diagonalization 

Curtailable loads No No 

[15] Price-settling 

MILP + 

privacy 

preserved 
heuristic 

Distributed optimization 

model based on optimal 

behavior of buyers and 
sellers 

Curtailable demand No No 

[16] Price-settling Nonlinear 

MPEC with multiple 

followers and a single 

leader 

No No No 

[17] 
Market 

participation 
Quadratic 

Bi-level model solved 

using alternating 

direction method of 
multipliers 

No No No 

[18] Optimal bidding MILP 

Bi-level MPEC focused 

on only one strategic 
MG 

Curtailable demand 

Equivalent 

scenarios 
(CVaR) 

No 

[19] 
Market 

participation 
MILP EPEC formulation Interruptible loads No No 

[21] Price-settling MILP 
Consensus-based 

coordinated solution 
No 

Chance-

constrained 
No 

[22] Price-settling Quadratic 

Bi-level model solved 

using column-and-

constraint generation 
algorithm 

No Robust No 

[23] Price-settling Quadratic 

Bi-level MPEC solved 

using the alternating 
direction of multipliers 

No Stochastic No 

[24] Price-settling Quadratic 

Decentralized 

framework based on the 

alternating direction of 
multipliers 

No Stochastic No 

Present Optimal bidding MILP 

Bi-level MPEC +  

developed solution 

algorithm 

 Curtailable loads 

 Sheddable loads 

 Deferrable loads 

Risk-averse 

stochastic 

(CVaR) 

Yes 

To fill the gaps commented above, this paper contributes with some important points to the 

existing literature. Maybe the two major contributions are: firstly, developing an optimal bidding 

for DR-intensive MGs for partaking in MGCs; secondly, incorporating and analyzing the effect 

on DR fatigue on the operation of this kind of MGs and its effect on the overall cluster 

performance. In this regard, this paper presents important improvements over other existing 

works. For instance, [8] considers minimizing the effect of response fatigue on optimal operation 

of MGs. However, this reference focuses on isolated MGs and therefore their interactions with 

other agents are ignored. On the other hand, [18] developed an optimal bidding strategy for MGs 

in clusters. Nevertheless, the effect of response fatigue was ignored and only curtailable demand 



was modelled, neglecting the flexibility provided by other kind of DR initiatives. Moreover, we 

develop an original three-stage solution methodology which can be considered an original 

contribution. Indeed, this methodology serves to solve bi-objective optimization problems by 

simply exchanging information among stages. In this regard, this procedure supposes a 

contribution in the field of multi-objective optimization together with other well-known 

methodologies like weighting functions and Lexicographic optimization. For simplicity, the main 

contributions of this paper are listed below: 

i. Developing a risk-averse optimal bidding strategy for DR-intensive MGs partaking in 

MGCs. The problem is formulated as a bi-level framework, which is converted to a 

single-level problem (MPEC) and further linearized to be totally MILP, being so easily 

solvable by conventional solvers. 

ii. Uncertainties are modeled via scenarios, and a scenario-reduction methodology is 

proposed. Then, the problem becomes risk-averse by enforcing the CVaR term in the 

objective function. This way, risk associated to uncertainties is properly managed using 

a simple approach, in contrast to other more complicated models like interval notation. 

iii. In contrast to most of the existing works that only focused on one DR model, this paper 

considers different DR initiatives (curtailable, deferrable and sheddable loads) which are 

specifically modeled and introduced in the problem. Their impact on final performance 

is analyzed. 

iv. The effect of response fatigue is included in the model. To do that, DR signals are 

modeled and a three-stage solution procedure is developed to minimize the effect of 

response fatigue while the economy of the system is maximized on a whole. 

In the rest of this paper, Section 2 describes the problem and the uncertainty modeling. Section 

3 presents the mathematical formulation for the optimal bidding strategy proposed. Section 4 

models the DR signals. Section 5 develops a multi-stage algorithm for response fatigue 

minimization. Section 6 presents and comments on various numerical results. The paper is 

concluded with Section 7. 

2 - Preliminaries 

2.1 - System model 

This paper focuses on an MGC such as that outlined in Fig. 1. The cluster is formed by 𝑛 

MGs, which are individually operated by MG operators. There exists a cluster operator who is 

responsible for determining the cluster price and scheduling energy transactions among peers. 

This way, the MGs submit their bidding/offer prices (𝜋), and the cluster operator performs a price-

settling mechanism to establish the final prices in the cluster (𝜆) in order to maximize the 

collective welfare. 



 

Fig. 1 - Scheme of the considered MGC structure 

It is assumed that each MG counts with own assets. However, this work focuses on the 

optimal bidding strategy of the ith MG partaking in the cluster. Thus, this MG can schedule 

distributed generators (DGs), renewable units, and battery energy storage (BES). Moreover, this 

MG can import or export energy from other peers in the cluster under the established price 𝜆. 

Moreover, it is assumed that the ith MG in the cluster is DR-intensive, i.e., it is focused on 

optimally exploiting flexible consumers to improve its monetary results. In particular, three 

different DR programs are considered [25]: 

 Curtailable demand: these consumers can adjust their consumption within predefined 

bounds. They are compensated for each kWh curtailed. 

 Sheddable demand: these consumers can be disconnected from the network for 

convenience, and, in consequence, they are disabled to import energy from the MG. They 

are compensated for each hour disconnected. In this regard, we assume that these 

consumers agree with the operator the possibility of being disconnected, passing this 

responsibility to this agent. Therefore, although they voluntary agree the participation in 

sheddable programs, they are disconnected from the system under the operator’s decision. 

 Deferrable demand: these consumers can defer their consumption within predefined time 

windows. Nevertheless, they must complete a preestablished duty cycle. This way, these 

consumers are similar to the controllable appliances in home energy management 

problems [26]. These consumers are compensated for each hour their operation is 

advanced/delayed. 

2.2 - Uncertainty modelling 

Essentially, the MG operation is affected by uncertainties in renewable generation and non-

controllable demand. To deal with these uncertain parameters, probabilistic or robust 

methodologies can be adopted. Each approach has pros and cons; nevertheless, if probability 



distributions of uncertain parameters are known and available, probabilistic methodologies are 

widely preferred because their simplicity and adaptability. In this sense, both uncertainties (i.e. 

renewable generation and non-controllable demand, are normally considered predictable and 

subjected to low random patterns [26, 27]. This way, we adopt a scenario-based representation of 

such uncertainties. In this regard, we assume that both renewable generation and demand can be 

day-ahead predicted with acceptable accuracy. However, conventional forecast techniques are 

subjected to errors and therefore predicted profiles are not 100 % accurate. Typically, it is 

assumed that forecast errors can be modelled following a well-established probability distribution. 

In this work, we assume that forecast errors follow Gaussian distribution [28], which is a feasible 

assumption since the expected profiles, although not exact, are more probable than large errors. 

Based on this distribution, around 1000 scenarios are generated to represent the deviation of 

uncertain parameters from their expected values. Since this number of scenarios is hardly tractable 

in practice (note that decision variables present the same dimension as the number of scenarios 

generated), a scenario-reduction methodology is proposed in this paper. The proposed 

methodology is based on the k-medoids method, which generally shows good features [29]. This 

clustering technique is based on the traveller problem and reduces the original scenario space to 

a minimum set of representative profiles called medoids. In practice, these medoids are assumed 

to be a good representation of the entire scenario space. The k-medoids method presents a degree 

of freedom, i.e., the total number of clusters (representative scenarios). Fixing this number 

heuristically is difficult since it should be sufficiently high to accurately represent the original 

scenarios but low yet to keep the model tractable. To select this number, we propose to use a 

combination of the elbow method and triangle threshold. This methodology is sketched in Fig. 2, 

and its main steps are given below: 

 

Fig. 2 - Sketch of the proposed methodology for cluster number selection 

1. Perform the k-medoids method for only one cluster to a sufficiently large number of 

clusters (~50). 

2. Calculate the distortion (i.e. the total sum of distances of all the data with respect to their 

corresponding medoids [27]) for each cluster number (orange line in Fig. 2). 



3. Draw a line that crosses the extreme points in the distortion line (green discontinuous line 

in Fig. 2). 

4. Draw an orthogonal line from the line drawn in Step 3 and each point of the distortion 

curve. 

5. The longest line is associated with the optimum and therefore represents the ideal number 

of clusters. 

6. Calculate the probability of occurrence of each cluster as explained in [26]. 

It is worth noting that both uncertain profiles (i.e. renewable generation and non-controllable 

demand) can be gathered in the same matrix notation to serve as common inputs to the proposed 

clustering model. It can be done since the number of generated scenarios is high, thus eliminating 

possible interdependences between parameters. 

3 - Optimal bidding strategy of a DR-intensive MG 

This section presents the mathematical model referred to the optimal bidding strategy for a 

DR-intensive MG partaking in an MGC. The model is developed as a bi-level framework, which 

is further converted to a single-level problem (MPEC) and finally linearized (MILP) to be easily 

tractable. 

3.1 - MG operational model 

The MG operational cost encompasses the cost of exchanging energy in the cluster, fuel costs, 

and compensatory payments to flexible consumers, as follows: 

𝐶𝑜𝑠𝑡𝑖,𝜔,𝑡 = Δ𝑡 ⋅ (𝐶𝑖,𝜔,𝑡
𝐶𝑙𝑢𝑠𝑡𝑒𝑟 + 𝐶𝑖,𝜔,𝑡

𝐷𝐺 + 𝐶𝑖,𝜔,𝑡
𝐷𝑅 ) (1) 

In (1), the first term stands for the cost of energy exchanging with the cluster, which is 

calculated as a function of the cluster price, as follows: 

𝐶𝑖,𝜔,𝑡
𝐶𝑙𝑢𝑠𝑡𝑒𝑟 = 𝜆𝜔,𝑡

𝐶𝑙𝑢𝑠𝑡𝑒𝑟 ⋅ (𝑝𝑖,𝜔,𝑡
𝐼𝑚𝑝𝑜𝑟𝑡

− 𝑝𝑖,𝜔,𝑡
𝐸𝑥𝑝𝑜𝑟𝑡

); ∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯 (2) 

The second and third terms in (1) represent the fuel cost of DGs and expenditures for applying 

DR programs, respectively. These two terms are developed in (3) and (4). As seen, the fuel cost 

is calculated as a quadratic function of the energy generated [25], while DR payments respond to 

the premises explained in Section 2.1. 

𝐶𝑖,𝜔,𝑡
𝐷𝐺 = 𝑦𝑖,𝑡

𝐷𝐺 ⋅ 𝑎𝑖
𝐷𝐺 + 𝑝𝑖,𝜔,𝑡

𝐷𝐺 ⋅ 𝑏𝑖
𝐷𝐺 + (𝑝𝑖,𝜔,𝑡

𝐷𝐺 )
2
⋅ 𝑐𝑖

𝐷𝐺; ∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯 (3) 

𝐶𝑖,𝜔,𝑡
𝐷𝑅 = 𝜅𝑖

𝐶𝑢𝑟𝑡 ⋅ (𝑝𝑖,𝑡
𝐶𝑢𝑟𝑡

− 𝑝𝑖,𝜔,𝑡
𝐶𝑢𝑟𝑡) + 𝜅𝑖

𝑆ℎ𝑒𝑑 ⋅ (|𝒯| − 𝑦𝑖,𝑡
𝑆ℎ𝑒𝑑) + 𝜅𝑖

𝐷𝑒𝑓
⋅ ||[

on𝑖,1
𝐷𝑒𝑓

⋮

on𝑖,|𝒯|
𝐷𝑒𝑓

]

𝑇

⋅ [
1
⋮
|𝒯|
] −

L𝑖
𝐷𝑒𝑓

|| ; ∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯 (4) 



It is worth noting that (3) can be easily linearized using piecewise representations [25], 

whereas the absolute value in (4) can be further linearized using the big-M method as described 

in [26].  

To measure the risk against uncertainties, we consider a well-established chance-constrained 

measurement. Chance-constrained programming problems ensure that the probability of 

occurrence of some constrains is kept beyond a predefined threshold. In practice, these constraints 

do not have a closed-form expression and are, in general, non-convex. To overcome such issues, 

the Value-at-Risk (VaR) can be used to linearize the model [30]. However, CVaR is normally 

preferred as it approximates the value of the Value-at-Risk keeping the model convex [31]. In this 

regard, (5) represents the CVaR term, which considers the risk associated with uncertainty. In (5), 

𝛼 ∈ [0,1] is the so-called CVaR parameter, which means that the 𝛼 − CVaR is the average of the 

expected monetary loss for potential loss values that exceed the 𝛼 − VaR threshold. In this paper, 

𝛼 = 0.9 is taken, whereas (6) and (7) complete the CVaR model [32]. 

CVaR𝑡(𝛼) = 𝑣𝑡 +
1

1−𝛼
⋅ ∑ 𝜌𝜔 ⋅ 𝑢𝜔,𝑡∀𝜔 ; ∀𝑡 ∈ 𝒯 (5) 

𝐶𝑜𝑠𝑡𝑖,𝜔,𝑡 − 𝑣𝑡 ≤ 𝑢𝜔,𝑡; ∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯 (6) 

𝑢𝜔,𝑡 ≥ 0; ∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯 (7) 

In subsequent headings, we describe the components modelling involved in MG operation. 

Power balance 

The power balance in the MG is ensured by imposing (8), which takes into account the 

flexibility provided by DR, while (9) ensures that simultaneous imports and exports are avoided 

(note that ⊥ stands for complementarity, which is equivalent to 𝑝𝑖,𝜔,𝑡
𝐼𝑚𝑝𝑜𝑟𝑡

⋅ 𝑝𝑖,𝜔,𝑡
𝐸𝑥𝑝𝑜𝑟𝑡

= 0). 

𝑝𝑖,𝜔,𝑡
𝐼𝑚𝑝𝑜𝑟𝑡

+ 𝑝𝑖,𝜔,𝑡
𝐷𝐺 + 𝑝𝑖,𝜔,𝑡

𝑅𝐸𝑆 + 𝑝𝑖,𝜔,𝑡
𝐵𝐸𝑆,𝑑𝑐ℎ = 𝑝𝑖,𝜔,𝑡

𝐸𝑥𝑝𝑜𝑟𝑡
+ 𝑝𝑖,𝜔,𝑡

𝑁𝐶 + 𝑝𝑖,𝜔,𝑡
𝐶𝑢𝑟𝑡 + 𝑦𝑖,𝑡

𝑆ℎ𝑒𝑑 ⋅ 𝑝𝑖,𝑡
𝑆ℎ𝑒𝑑

+ 𝑦𝑖,𝑡
𝐷𝑒𝑓

⋅

𝑝
𝐷𝑒𝑓

+ 𝑝𝑖,𝜔,𝑡
𝐵𝐸𝑆,𝑐ℎ; ∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯 (8) 

0 ≤ 𝑝𝑖,𝜔,𝑡
𝐼𝑚𝑝𝑜𝑟𝑡

⊥ 𝑝𝑖,𝜔,𝑡
𝐸𝑥𝑝𝑜𝑟𝑡

≥ 0;∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯 (9) 

It is worth commenting that since the non-controllable demand is inhibited from any 

scheduling plan and only responds to unpredictable human decisions, the parameter 𝑝𝑖,𝜔,𝑡
𝑁𝐶  is 

considered uncertain and modelled using input scenarios, as described in Section 2.2. 

DG modelling 

DGs are modelled by upper and lower bounds in power generation (10) and ramping limits 

in (11). 

𝑦𝑖,𝑡
𝐷𝐺 ⋅ 𝑝𝐷𝐺 ≤ 𝑝𝑖,𝜔,𝑡

𝐷𝐺 ≤ 𝑦𝑖,𝑡
𝐷𝐺 ⋅ 𝑝

𝐷𝐺
; ∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯 (10) 

𝑝𝑖,𝜔,𝑡−1
𝐷𝐺 − 𝑅𝐷𝑖

𝐷𝐺 ≤ 𝑝𝑖,𝜔,𝑡
𝐷𝐺 ≤ 𝑝𝑖,𝜔,𝑡−1

𝐷𝐺 + 𝑅𝑈𝑖
𝐷𝐺; ∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯\𝑡 = 1 (11) 

RES modelling 



Eq. (12) ensures that renewable generation does not surpass the predicted potential power. 

This potential generation is considered unknown and treated as an uncertain parameter, as 

explained in Section 2.2. 

𝑝𝑖,𝜔,𝑡
𝑅𝐸𝑆 ≤ 𝑝𝑖,𝜔,𝑡

𝑅𝐸𝑆
; ∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯 (12) 

Curtailable demand modelling 

Curtailable loads can adapt their consumption within bounds for convenience. Therefore, the 

dispatched curtailable power must be properly limited, as said (13). 

𝑝𝑖,𝑡
𝐶𝑢𝑟𝑡 ≤ 𝑝𝑖,𝜔,𝑡

𝐶𝑢𝑟𝑡 ≤ 𝑝𝑖,𝑡
𝐶𝑢𝑟𝑡

; ∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯 (13) 

Deferrable demand modelling 

Deferrable loads can be scheduled within preestablished time windows. In any case, they must 

complete their duty cycles within time windows, as said (14), while (15) and (16) impose 

continuous operation. 

∑ 𝑦𝑖,𝑡
𝐷𝑒𝑓

𝑡∈Θ𝑖
𝐷𝑒𝑓 = DC𝑖

𝐷𝑒𝑓
 (14) 

𝑦𝑖,𝑡
𝐷𝑒𝑓

− 𝑦𝑖,𝑡−1
𝐷𝑒𝑓

= on𝑖,𝑡
𝐷𝑒𝑓

− off𝑖,𝑡
𝐷𝑒𝑓

; ∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯\𝑡 = 1 (15) 

∑ on𝑖,𝑡
𝐷𝑒𝑓

∀𝑡 = 1 (16) 

BES modelling 

State-of-charge (SOC) is calculated by (17) as a function of the SOC in the previous step and 

power exchanged. On the other hand, SOC must be limited by the nominal capacity of batteries 

and depth-of-discharge settings, as said (18). The maximum power that batteries can exchange 

with the system is upper limited to rated values by (19), whereas (20) ensures that charging and 

discharging processes are complementary. Lastly, since (17) is not defined at the beginning of the 

time horizon, the BES initial SOC is given by (21). To keep the model coherent, this same 

constraint ensures that the initial and final SOC are the same. 

𝑆𝑂𝐶𝑖,𝜔,𝑡
𝐵𝐸𝑆 = 𝑆𝑂𝐶𝑖,𝜔,𝑡−1

𝐵𝐸𝑆 + Δ𝑡 ⋅ (𝑝𝑖,𝜔,𝑡
𝐵𝐸𝑆,𝑐ℎ ⋅ 𝜂𝑖

𝐵𝐸𝑆,𝑐ℎ −
𝑝𝑖,𝜔,𝑡
𝐵𝐸𝑆,𝑑𝑐ℎ

𝜂𝑖
𝐵𝐸𝑆,𝑑𝑐ℎ) ; ∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯\𝑡 = 1 (17) 

𝑆𝑂𝐶𝑖
𝐵𝐸𝑆 ≤ 𝑆𝑂𝐶𝑖,𝜔,𝑡

𝐵𝐸𝑆 ≤ 𝑆𝑂𝐶𝑖
𝐵𝐸𝑆

; ∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯 (18) 

𝑝𝑖,𝜔,𝑡
𝐵𝐸𝑆,𝑥 ≤ 𝑝𝑖

𝐵𝐸𝑆
; ∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯 ∧ 𝑥 ∈ {𝑐ℎ, 𝑑𝑐ℎ} (19) 

0 ≤ 𝑝𝑖,𝜔,𝑡
𝐵𝐸𝑆,𝑐ℎ ⊥ 𝑝𝑖,𝜔,𝑡

𝐵𝐸𝑆,𝑑𝑐ℎ ≥ 0;∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯 (20) 

𝑆𝑂𝐶𝑖,𝜔,1
𝐵𝐸𝑆 = 𝑆𝑂𝐶𝑖,𝜔,|𝒯|

𝐵𝐸𝑆 = 𝑆𝑂𝐶𝑖
𝐵𝐸𝑆

; ∀𝜔 ∈ Ω (21) 

Integrity constraints 

The MG operational model is completed by imposing integrity in binary constraints with (22). 

𝑦𝑖,𝑡
𝐷𝐺 , 𝑦𝑖,𝑡

𝑆ℎ𝑒𝑑 , 𝑦𝑖,𝑡
𝐷𝑒𝑓

, on𝑖,𝑡
𝑆ℎ𝑖𝑓𝑡

, off𝑖,𝑡
𝑆ℎ𝑖𝑓𝑡

∈ {0,1}; ∀𝑡 ∈ 𝒯 (22) 

3.2 - MG optimal bidding - upper level 



The MG optimal bidding problem is formulated as a bi-level optimization framework. In the 

upper level, the MG operational cost is minimized, considering the risk associated with 

uncertainty through CVaR. At this level, the bidding strategy of the ith MG is decided according 

to the following optimization problem: 

{

min
Ξ𝑖
𝑀𝐺∪𝜋𝑖,𝜔,𝑡

∑ {(1 − 𝛽) ⋅ ∑ {𝜌𝜔 ⋅ 𝐶𝑜𝑠𝑡𝑖,𝜔,𝑡}∀𝜔 + 𝛽 ⋅ CVaR𝑡(𝛼)}∀𝑡

subject to: (6) − (22)                                                                       
𝜋𝑖,𝜔,𝑡 ≥ 0;∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯                                                               

 (23) 

where Ξ𝑖
𝑀𝐺 stands for the vector of decision variables of the ith MG operational model, and 𝛽 is 

the risk-aversion factor [32], which measures the degree of robustness of the problem. Indeed, if 

𝛽 = 0, the problem adopts a risk-neutral strategy, while the optimization procedure becomes 

more conservative as the value of 𝛽 grows. 

3.3 - MG optimal bidding - lower level 

In the lower level, the cluster price 𝜆𝜔,𝑡
𝐶𝑙𝑢𝑠𝑡𝑒𝑟 is settled in order to maximize the collective 

welfare, which can be calculated as follows [33]: 

𝑊𝐹𝜔,𝑡 = Δ𝑡 ⋅ ∑ 𝜋𝑗,𝜔,𝑡 ⋅ (𝑝𝑗,𝜔,𝑡
𝐼𝑚𝑝𝑜𝑟𝑡

− 𝑝𝑗,𝜔,𝑡
𝐸𝑥𝑝𝑜𝑟𝑡

)∀𝑗 ; ∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯 (24) 

In the lower level, the power exchanged among MGs is bounded by either contractual or 

physical limits in (25), while (26) ensures the power balance in the cluster. 

0 ≤ 𝑝𝑗,𝜔,𝑡
𝑥 ≤ 𝑝𝑗,𝑡: 𝜇𝑗,𝜔,𝑡

𝑥 , 𝜇𝑗,𝜔,𝑡
𝑥

; ∀𝑗 ∈ ℳ ∧ 𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯 ∧ 𝑥 ∈ {𝐼𝑚𝑝𝑜𝑟𝑡, 𝐸𝑥𝑝𝑜𝑟𝑡} (25) 

∑ 𝑝𝑗,𝜔,𝑡
𝐼𝑚𝑝𝑜𝑟𝑡

∀𝑗 = ∑ 𝑝𝑗,𝜔,𝑡
𝐸𝑥𝑝𝑜𝑟𝑡

∀𝑗 : 𝜆𝜔,𝑡
𝐶𝑙𝑢𝑠𝑡𝑒𝑟; ∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯 (26) 

It is worth noting that dual variables associated with constraints (25) and (26) are shown on 

the right-hand side of their respective equations. Finally, the lower level of the presented optimal 

bidding strategy is stated in (27). 

{
max
Ξ𝑝𝑟𝑖𝑚𝑎𝑙
𝐶𝑙𝑢𝑠𝑡𝑒𝑟

∑ {∑ {𝜌𝜔 ⋅ 𝑊𝐹𝜔,𝑡}∀𝜔 }∀𝑡

subject to: (25), (26)              
 (27) 

where Ξ𝑝𝑟𝑖𝑚𝑎𝑙
𝐶𝑙𝑢𝑠𝑡𝑒𝑟 stands for the vector of primal variables of the lower level problem. 

3.4 - MG optimal bidding - MPEC reformulation 

The optimal bidding problem described above is stated as a bi-level framework. This kind of 

problems are NP-hard and normally require the use of off-the-shelf solvers, which make them 

difficult to solve. However, due to the lower level is linear, it can be passed to the upper level 

using its Karush-Kuhn-Tucker (KKT) conditions [33], thus describing a MPEC model. In this 

regard, (28) and (29) represent the stationary conditions of the lower level, while (30) stands for 

the complementarity conditions. Lastly, (31) imposes positivity in the dual variables 𝜇 [18]. 

−𝜋𝑗,𝜔,𝑡 − 𝜇𝑗,𝜔,𝑡
𝐼𝑚𝑝𝑜𝑟𝑡

+ 𝜇𝑗,𝜔,𝑡
𝐼𝑚𝑝𝑜𝑟𝑡

+ 𝜆𝜔,𝑡
𝐶𝑙𝑢𝑠𝑡𝑒𝑟 = 0;∀𝑗 ∈ ℳ ∧ 𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯 (28) 



𝜋𝑗,𝜔,𝑡 − 𝜇𝑗,𝜔,𝑡
𝐸𝑥𝑝𝑜𝑟𝑡

+ 𝜇𝑗,𝜔,𝑡
𝐸𝑥𝑝𝑜𝑟𝑡

− 𝜆𝜔,𝑡
𝐶𝑙𝑢𝑠𝑡𝑒𝑟 = 0; ∀𝑗 ∈ ℳ ∧𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯 (29) 

0 ≤
𝜇𝑗,𝜔,𝑡
𝑥

⊥ (𝑝𝑗,𝑡 − 𝑝𝑗,𝜔,𝑡
𝑥 )

𝜇𝑗,𝜔,𝑡
𝑥 ⊥ 𝑝𝑗,𝜔,𝑡

𝑥
≥ 0;∀𝑗 ∈ ℳ ∧ 𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯 ∧ 𝑥 ∈ {𝐼𝑚𝑝𝑜𝑟𝑡, 𝐸𝑥𝑝𝑜𝑟𝑡} (30) 

𝜇𝑗,𝜔,𝑡
𝑥 , 𝜇𝑗,𝜔,𝑡

𝑥
≥ 0;∀𝑗 ∈ ℳ ∧ 𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯 ∧ 𝑥 ∈ {𝐼𝑚𝑝𝑜𝑟𝑡, 𝐸𝑥𝑝𝑜𝑟𝑡} (31) 

Incorporating the constraints (28)-(31), the lower level can be integrated into the upper level, 

thus forming a single-level structure as follows: 

{
 
 

 
 

min
Ξ𝑖
𝑀𝐺∪𝜋𝑖,𝜔,𝑡∪

Ξ𝑝𝑟𝑖𝑚𝑎𝑙
𝐶𝑙𝑢𝑠𝑡𝑒𝑟∪Ξ𝑑𝑢𝑎𝑙

𝐶𝑙𝑢𝑠𝑡𝑒𝑟

∑ {(1 − 𝛽) ⋅ ∑ {𝜌𝜔 ⋅ 𝐶𝑜𝑠𝑡𝑖,𝜔,𝑡}∀𝜔 + 𝛽 ⋅ CVaR𝑡(𝛼)}∀𝑡

subject to: (6) − (22), (25), (26), (28) − (31)                           
𝜋𝑖,𝜔,𝑡 ≥ 0;∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯                                                                

         

 (32) 

where Ξ𝑑𝑢𝑎𝑙
𝐶𝑙𝑢𝑠𝑡𝑒𝑟 stands for the vector of dual variables of the lower level problem. 

3.5 - MG optimal bidding - MILP reformulation 

The MPEC model (32) is nonlinear due to 1) complementarity constraints (9), (20), and (30), 

and 2) bi-linear terms in the objective function. To linearize the complementarity terms, we use 

the big-M method, as follows [33]: 

0 ≤ 𝛿𝑣1 ⊥ 𝛿𝑣2 ≥ 0 ≡

{
 
 

 
 𝛿𝑣1 ≥ 0, 𝛿𝑣2 ≥ 0     

𝛿𝑣1 ≤ 𝑀 ⋅ 𝜓𝑣             

𝛿𝑣1 ≤ 𝑀 ⋅ (1 − 𝜓𝑣)

𝜓𝑣 ∈ {0,1}                

; ∀𝑣 ∈ {(9), (20), (30)} (33) 

While the strong-duality theorem [34] is used to linearize (1) as follows: 

𝐶̃𝑖,𝜔,𝑡
𝐶𝑙𝑢𝑠𝑡𝑒𝑟 = ∑ {𝜋𝑗,𝜔,𝑡 ⋅ (𝑝𝑗,𝜔,𝑡

𝐼𝑚𝑝𝑜𝑟𝑡
− 𝑝𝑗,𝜔,𝑡

𝐸𝑥𝑝𝑜𝑟𝑡
) − 𝑝𝑗,𝑡 ⋅ (𝜇𝑗,𝜔,𝑡

𝐼𝑚𝑝𝑜𝑟𝑡
+ 𝜇𝑗,𝜔,𝑡

𝐸𝑥𝑝𝑜𝑟𝑡
)}∀𝑗≠𝑖  (34) 

𝐶𝑜𝑠𝑡̃𝑖,𝜔,𝑡 = Δ𝑡 ⋅ (𝐶𝑖,𝜔,𝑡
𝐷𝐺 + 𝐶𝑖,𝜔,𝑡

𝐷𝑅 − 𝐶̃𝑖,𝜔,𝑡
𝐶𝑙𝑢𝑠𝑡𝑒𝑟) (35) 

With the linearization tricks above, the MPEC model (32) is transformed into the MILP 

single-level optimization problem (36), easily solvable by off-the-shelf solvers. 

{
 
 

 
 

min
Ξ𝑖
𝑀𝐺∪𝜋𝑖,𝜔,𝑡∪Ψ∪

Ξ𝑝𝑟𝑖𝑚𝑎𝑙
𝐶𝑙𝑢𝑠𝑡𝑒𝑟∪Ξ𝑑𝑢𝑎𝑙

𝐶𝑙𝑢𝑠𝑡𝑒𝑟

∑ {(1 − 𝛽) ⋅ ∑ {𝜌𝜔 ⋅ 𝐶𝑜𝑠𝑡̃𝜔,𝑡}∀𝜔 + 𝛽 ⋅ CVaR𝑡(𝛼)}∀𝑡

subject to: (6) − (22), (25), (26), (28) − (31), (33)              
𝜋𝑖,𝜔,𝑡 ≥ 0;∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯                                                              

         

 (36) 

where Ψ is the vector of the 𝜓’s auxiliary variables. 

4 - Modelling DR signals 

To consider the effect of response fatigue in our model, DR signals have to be properly 

modelled. We understand that any flexible consumer receives a DR signal when she is required 

to modify her predefined consumption pattern. This way, the total DR signals received by 

sheddable consumers are easily modellable, as follows: 

Υ𝑖
𝑆ℎ𝑒𝑑 = |𝒯| − ∑ 𝑦𝑖,𝑡

𝑆ℎ𝑒𝑑
∀𝑡  (37) 



Indeed, as (37) said, sheddable consumers receive as many DR signals as hours are required 

to be disconnected from the MG. On the other hand, curtailable consumers receive DR signals 

when they are required to adjust their consumption. To model these signals, we introduce the 

virtual commitment status 𝑦𝑖,𝑡
𝐶𝑢𝑟𝑡, which responds to the following model: 

𝑦𝑖,𝑡
𝐶𝑢𝑟𝑡 = {

1, if 𝑝𝑖,𝑡
𝐶𝑢𝑟𝑡

> 𝑝𝑖,𝜔,𝑡
𝐶𝑢𝑟𝑡

0, o.w.                     
; ∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯 (38) 

As observed in (38), 𝑦𝑖,𝑡
𝐶𝑢𝑟𝑡 effectively represents the DR signals received by curtailable 

consumers as this variable is equal to 1 when the dispatched power is lower than the predefined 

power profile. However, constraint (38) represents a logical rule that cannot be directly integrated 

into MILP frameworks. To solve this, we use the big-M method, as follows [25]: 

{
𝑀 ⋅ 𝑦𝑖,𝑡

𝐶𝑢𝑟𝑡 ≥ 𝑝𝑖,𝑡
𝐶𝑢𝑟𝑡

− 𝑝𝑖,𝜔,𝑡
𝐶𝑢𝑟𝑡           

𝑀 ⋅ (1 − 𝑦𝑖,𝑡
𝐶𝑢𝑟𝑡) ≥ 𝑝𝑖,𝜔,𝑡

𝐶𝑢𝑟𝑡 − 𝑝𝑖,𝑡
𝐶𝑢𝑟𝑡 ; ∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯 (39) 

Thus, making use of (39), the total DR signals received by curtailable consumers can be 

calculated as follows: 

Υ𝑖
𝐶𝑢𝑟𝑡 = ∑ 𝑦𝑖,𝑡

𝐶𝑢𝑟𝑡
∀𝑡  (40) 

Lastly, we assume that deferrable consumers are keen to be scheduled at the beginning of her 

preferred time windows [26]. Nevertheless, they could be yet scheduled within allowable time 

slots. Therefore, they receive as many DR signals as hours are advanced/delayed in their preferred 

timetable. Keeping this in mind, the total DR signals received by deferrable consumers can be 

calculated as follows: 

Υ𝑖
𝐷𝑒𝑓

= ||[

on𝑖,1
𝐷𝑒𝑓

⋮

on𝑖,|𝒯|
𝐷𝑒𝑓

]

𝑇

⋅ [
1
⋮
|𝒯|
] − L𝑖

𝐷𝑒𝑓
|| (41) 

With the models established above, the total DR signals are calculated by (42) and minimized 

using the Lexicographic procedure (43). 

Υ𝑖 = Δ𝑡 ⋅ (Υ𝑖
𝑆ℎ𝑒𝑑 + Υ𝑖

𝐶𝑢𝑟𝑡 + Υ𝑖
𝐷𝑒𝑓

) (42) 

{

min
Ξ𝑖
𝑀𝐺
Υ𝑖                                                                                                    

subject to: (6) − (22), (39)                                                           

∑ ∑ 𝜌𝜔 ⋅ (𝐶̃𝑖,𝜔,𝑡
𝐶𝑙𝑢𝑠𝑡𝑒𝑟 + 𝐶𝑖,𝜔,𝑡

𝐷𝐺 )∀𝜔∀𝑡 ≤ (1 + Γ) ⋅ 𝐶𝑜𝑠𝑡𝐶𝑙𝑢𝑠𝑡𝑒𝑟+𝐷𝐺

 (43) 

where Γ is the so-called incremental cost, which represents the per-unit margin available to 

increment the costs with the objective of reducing the response fatigue. In other words, it is 

evident that response fatigue is minimized at the expenses of incrementing the operational MG 

cost. However, it is assumed that operators are not willing to increment their costs beyond a limit 

given by Γ (see [8] for further details). In (43), 𝐶𝑜𝑠𝑡𝐶𝑙𝑢𝑠𝑡𝑒𝑟+𝐷𝐺 represents a lower bound for the 

cost of exchanging energy in the cluster and DG fuel consumption. How to calculate this bound 

is explained in the following section. 



5 - The developed solution procedure 

Actually, the problem raised in this paper is a bi-objective optimization framework. Indeed, 

the developed procedure aims at improving the economy of the studied MG while response 

fatigue is minimized. Addressing this problem with a single-stage methodology is complicated as 

both objectives must be incorporated in the same objective function using, for example, weighting 

operators. This methodology, although simple, entails multiple issues [26]. Alternatively, we 

propose a three-stage framework in which each objective is optimized separately, but the 

information exchanged among stages makes possible to reach a compromise solution between 

objectives. The main steps of the developed procedure are outlined in the flowchart of Fig. 3 and 

detailed in the following sub-sections. 

 

Fig. 3 - Flowchart of the developed solution procedure 

5.1 - Stage 1 - Price-settling without considering response fatigue 

At stage 1, the cluster operator settles the cluster price, and the bidding strategy for the 

considered MG is decided without considering response fatigue. Hence, this stage corresponds 

with the resolution of the two-level bidding problem described in Section 3, as follows: 



{
  
 

  
 𝜆̃𝜔,𝑡

𝐶𝑙𝑢𝑠𝑡𝑒𝑟;

∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯
→ argmin

Ξ𝑖
𝑀𝐺∪𝜋𝑖,𝜔,𝑡∪Ψ∪

Ξ𝑝𝑟𝑖𝑚𝑎𝑙
𝐶𝑙𝑢𝑠𝑡𝑒𝑟∪Ξ𝑑𝑢𝑎𝑙

𝐶𝑙𝑢𝑠𝑡𝑒𝑟

∑ {
(1 − 𝛽) ⋅ ∑ {𝜌𝜔 ⋅ 𝐶𝑜𝑠𝑡̃𝜔,𝑡}∀𝜔

+𝛽 ⋅ CVaR𝑡(𝛼)
}∀𝑡

subject to: (6) − (22), (25), (26), (28) − (31), (33)                      
𝜋𝑖,𝜔,𝑡 ≥ 0;∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯                                                                     

𝐶𝑜𝑠𝑡𝐶𝑙𝑢𝑠𝑡𝑒𝑟+𝐷𝐺 = ∑ ∑ 𝜌𝜔 ⋅ (𝐶̃𝑖,𝜔,𝑡
𝐶𝑙𝑢𝑠𝑡𝑒𝑟 + 𝐶𝑖,𝜔,𝑡

𝐷𝐺 )∀𝜔∀𝑡                           

         

 (44) 

As observed, the problem (44) does not take care of response fatigue. Thereby, the system is 

only optimized from an economic point of view, no matter how many times the flexible 

consumers are called to partake in the system operation. 

As a result of this stage, we obtain a first approximation of the cluster price 𝜆̃𝜔,𝑡
𝐶𝑙𝑢𝑠𝑡𝑒𝑟. 

Moreover, as the MG operational cost is the unique objective to be minimized, the lower bound 

for the fuel and energy exchanging expenditures can also be calculated. These two values serve 

as inputs for the second stage. 

5.2 - Stage 2 - Minimizing response fatigue via Lexicographic 

Taking the estimated cluster price and minimum cost obtained at the first stage, the second 

stage aims at minimizing the response fatigue, as follows: 

{
 
 

 
 𝑦̃𝑖,𝑡

𝑆ℎ𝑒𝑑 , 𝑦̃𝑖,𝑡
𝐶𝑢𝑟𝑡, 𝑦̃𝑖,𝑡

𝐷𝑒𝑓
;

∀𝑡 ∈ 𝒯
→ argmin

Ξ𝑖
𝑀𝐺

Υ𝑖                                                                      

subject to: (6) − (22), (39)                                                                             

∑ ∑ 𝜌𝜔 ⋅ (𝐶̃𝑖,𝜔,𝑡
𝐶𝑙𝑢𝑠𝑡𝑒𝑟(𝜆̃𝜔,𝑡

𝐶𝑙𝑢𝑠𝑡𝑒𝑟) + 𝐶𝑖,𝜔,𝑡
𝐷𝐺 )∀𝜔∀𝑡 ≤ (1 + Γ) ⋅ 𝐶𝑜𝑠𝑡𝐶𝑙𝑢𝑠𝑡𝑒𝑟+𝐷𝐺

 (45) 

As previously commented, this stage minimizes the response fatigue at the expense of 

incrementing the fuel and energy trading expenditures, representing Γ the allowable incremental 

margin. As a result of this stage, one obtains the scheduling plan for DR loads (the 𝑦̃’s) that 

minimizes response fatigue. 

5.3 - Stage 3 - Price-settling considering response fatigue 

Finally, response fatigue is incorporated into the price-settling mechanism. To do that, the 

DR scheduling plan obtained at stage 2 is taken fixed at this stage. This way, one ensures that 

response fatigue is kept at its minimum. Under this established schedule, the price-settling 

problem is performed again with the object of yielding the overall scheduling plan for MG assets 

and energy exchanging that minimizes the MG operational cost, as follows: 

{
  
 

  
 

min
Ξ𝑖
𝑀𝐺∪𝜋𝑖,𝜔,𝑡∪Ψ∪

Ξ𝑝𝑟𝑖𝑚𝑎𝑙
𝐶𝑙𝑢𝑠𝑡𝑒𝑟∪Ξ𝑑𝑢𝑎𝑙

𝐶𝑙𝑢𝑠𝑡𝑒𝑟

∑ {(1 − 𝛽) ⋅ ∑ {𝜌𝜔 ⋅ 𝐶𝑜𝑠𝑡̃𝜔,𝑡}∀𝜔 + 𝛽 ⋅ CVaR𝑡(𝛼)}∀𝑡

subject to: (6) − (22), (25), (26), (28) − (31), (33), (39)    
𝜋𝑖,𝜔,𝑡 ≥ 0;∀𝜔 ∈ Ω ∧ 𝑡 ∈ 𝒯                                                              

𝑦𝑖,𝑡
𝑆ℎ𝑒𝑑 = 𝑦̃𝑖,𝑡

𝑆ℎ𝑒𝑑 , 𝑦𝑖,𝑡
𝐶𝑢𝑟𝑡 = 𝑦̃𝑖,𝑡

𝐶𝑢𝑟𝑡 , 𝑦𝑖,𝑡
𝐷𝑒𝑓

= 𝑦̃𝑖,𝑡
𝐷𝑒𝑓

; ∀𝑡 ∈ 𝒯              

         

 (46) 

6 - Results 



Various numerical results are presented and commented in this section. The objective of this 

section is, therefore, twofold. On the one hand, we aim at validating the novel proposal, showing 

that the results obtained with the new tool are coherent and its computational burden does not 

suppose a barrier to its implantation in industry tools. On the other hand, we analyze the impact 

of the incremental cost (Γ) and risk-aversion factor (𝛽) on response fatigue minimization. Various 

simulations were performed on a benchmark MGC whose relevant data are reported in the 

following section. The developed solution procedure was coded under Matlab R2021a and run on 

an Intel® CoreTM i7-10700K CPU @ 3.80GHz with 32.00 GB RAM, using Gurobi [35] for 

solving the different optimization problems involved. 

6.1 - Data 

The simulations were performed over a 24-h time horizon with 1-h resolution (Δ𝜏 = 1). As 

commented throughout this paper, non-controllable demand and renewable generation are 

considered uncertain parameters and therefore modelled using scenarios. According to the 

procedure described in Section 2.2, expected profiles of such uncertainties must be provided, 

which are shown in Fig. 4. Potential renewable generation was constructed using real data of solar 

irradiance and temperature in Madrid (Spain), on May 3, 2016 [36], assuming a 900-kW total PV 

capacity installed and the PV panel model described in [37]. On the other hand, the non-

controllable demand was adapted from real consumption in La Palma Island (Spain) on May 3, 

2016 [38]. Based on such profiles, 1000 scenarios for forecast errors were generated assuming 

Gaussian distributions, which were reduced to 11 representative profiles following the procedure 

described in Section 2.2. 

 

Fig. 4 - Scenarios used in simulations 

Fig. 5 plots the expected demand of curtailable and sheddable consumers. The compensatory 

payments for each DR program are reported in Table 2 [25]. Regarding the deferrable demand, 

we considered a 400-kW total demand with a 7-h duty cycle and schedulable from 1:00 h to 21:00 

h, establishing the preferred time period since 4:00 h. Fig. 5 also plots the expected bidding prices 

of rival MGs. In this case, we considered a simple 3-MG cluster in order to facilitate the analysis 



of results. As seen in Fig. 5, offering price of MG2 is normally higher, except during central 

hours, when assuming large renewable penetration in MG2 being therefore able to exchange 

energy at low prices. Finally, the power exchanged among MGs is limited to 2 MW, and data 

regarding DGs and BES are reported in Table 3. 

 

Fig. 5 - Expected demand of flexible consumers (upper) and bid prices of rival MGs (bottom) 

Table 2 - Compensatory payments for DR programs 

Type of DR Payment 

Curtailable 0.05 $/kWh 

Sheddable 30 $/h 

Deferrable 0.3 $/h 

Table 3 - Data of DGs and BES [8] 

Parameter Value 

DG max/min power 2000/20 kW 

DG ramping rate 750 kW 

𝑎𝐷𝐺,𝑏𝐷𝐺,𝑐𝐷𝐺 0.6 $/h, 0.05 $/kWh, 0.02 $/kWh² 

BES capacity 500 kWh 

BES power rate 250 kW 

BES efficiency 98 % 

BES depth-of-discharge 60 % 

6.2 - Influence of the incremental cost (Γ) 

Firstly, we analyze how the incremental cost (Γ) affects to the response fatigue minimization. 

To do that, we fix 𝛽 = 1 and vary the value of Γ. This way, the optimization procedure is only 

focused on minimizing the costs (the CVaR term in the objective function is ignored), analyzing 

later the effect of the risk-aversion factor. Fig. 6 shows the total DR signals received by flexible 

consumers for various incremental costs (ranging from 0 to 0.1 since the total DR signals were 

zero beyond this value). This figure reports the total DR signals at the different stages involved 

in the developed procedure. As expected, the results obtained at stage 1 entail higher response 

fatigue. Actually, since the incremental cost is not relevant at this stage, the flexible consumers 

were called 17 times regardless of the value of  Γ. When running stages 2 and 3, the number of 

DR signals was notably reduced to 7 with Γ = 0 and 2 with Γ = 0.1 These results put on manifest 



two important conclusions. Firstly, the developed methodology is able to effectively reduce the 

effect of response fatigue. Secondly, the number of DR signals is reduced with Γ, which is a 

logical sense since, as Γ increases, the operator has more flexibility and flexible consumers can 

be scheduled attending to their own preferences and not to the overall cost.  

 

Fig. 6 - Total DR signals for various Γ and 𝛽 = 1 

Reduction of DR signals affects the associated DR costs (compensatory payments for 

applying DR programs), as shown in Fig. 7 for various values of Γ. As observed, total DR costs 

were reduced from ~210 $ to ~60 $ when the incremental cost increases from 0 to 0.1. This result 

was expected and deduced from the results in Fig. 6 since less compensations have to be paid to 

flexible consumers if their participation is less required. However, the collective welfare was also 

reduced by 32 % (~900 $), as also observed in Fig. 7. To better understand this result, let us 

analyze the results in Fig. 8, where the total imported/exported energy in the cluster is reported. 

As observed in this figure, as the value of the incremental cost grows, the energy imported by 

MG1 increased by 12 %, while it is reduced in the case of MG3 by 30 %. This is due to flexible 

consumption is less exploited as Γ increases, as was already commented in Fig. 6. It provokes that 

more energy must be purchased from the cluster to satisfy the demand in order to reduce the 

effects of response fatigue. In contrast, the total exported energy was barely affected by the value 

of Γ. Due to the variation of the imported energy in the MGs 1 and 3, the value of the collective 

welfare was reduced with the incremental cost. 

 

Fig. 7 - Total DR costs (upper) and collective welfare (bottom) for various Γ and 𝛽 = 1 



 

Fig. 8 - Total energy imported (upper) and exported (bottom) for various Γ and 𝛽 = 1 

6.3 - Influence of the risk-aversion factor (𝛽) 

To analyze the effect of the risk-aversion factor, it is taken variable while Γ = 0. This way, 

the effect of the incremental cost is neglected. Fig. 9 is an analogue to Fig. 6 but varying 𝛽. As 

seen, the effect of  𝛽 is contrary to the incremental cost. Indeed, the total DR signals incremented 

from 17 to 26 at stage 1 and from 7 to 15 at stage 2 when incrementing the risk aversion factor 

from 0 to 1. This is due to, as 𝛽 increases, the developed methodology becomes more risk-averse. 

It provokes that pessimistic scenarios are taken into consideration assuming pessimistic profiles 

of uncertainties. In the face of this situation, the MG under study required a more frequent 

participation of flexible consumers in order to keep the costs within acceptable margins. From 

these results, it can be concluded that the risk-aversion character of the scheduling principle has 

a negative effect on response fatigue, incrementing it notably. 

 

Fig. 9 - Total DR signals for various 𝛽 and Γ = 0 

To show how the risk-aversion factor affects the MG operational principle, Fig. 10 plots the 

scheduling result obtained with two extreme values of 𝛽. As seen in this figure, MG1 exported 

energy during dawn and evening, when the cluster price was high, and imported power during 

midday, when the cluster price fell. Regarding the behavior of flexible consumers, it is evident 

that both sheddable and curtailable demands are more frequently called when 𝛽 = 1. Actually, 

the sheddable demand was disconnected during midday in both cases, but also in the period 4:00-



5:00 h when 𝛽 = 1. In the case of the curtailable demand, it is clear that less power was dispatched 

in the case of 𝛽 = 1 (7560 kWh vs. 6300 kWh, thus covering 84 % of the total curtailable demand 

with 𝛽 = 1). With these results, the sheddable loads received 9 signals while the curtailable 

consumers were called 4 times. In this figure, it is also evident the effect of the risk-aversion 

factor in renewable generation. As appreciated, generation from renewables was notably lower (-

14 %) in the case of 𝛽 = 1 (3700 kWh vs. 3200 kWh). Thereby, the MG is operated under more 

pessimistic assumptions and the scheduling result becomes more robust, but at the expense of 

incrementing the effects of response fatigue. Lastly, Fig. 11 is an analogue to Fig. 8 but varying 

𝛽. In this case, both exported and imported energy seem few affected by the value of 𝛽. Just 

scarce variations (~8 %) without following a clear trend. This is due to, as the risk aversion factor 

increases, the total renewable generation was reduced, but the flexible consumers were more 

frequently called at once. So that the negative effect caused by a lower renewable potential is 

compensated by the flexibility provided by DR initiatives, reducing the necessity of exchanging 

energy with other MGs. 

 

Fig. 10 - Scheduling result with Γ, 𝛽 = 0 (upper), and 𝛽 = 1 (bottom). In this figure, positive 

powers indicate to-the-MG (generation) flows whereas the black line represents the resulting 

cluster price (right y-axis) 



 

Fig. 11 - Total energy imported (upper) and exported (bottom) for various 𝛽 and Γ = 0 

6.4 - Joint effect of incremental cost and risk-aversion factor 

To analyze what factor (Γ or 𝛽) affects more notably response fatigue, we analyze the joint 

effect of both parameters in Fig. 12. From this figure, it is clear that 𝛽 had a more notable effect 

on the DR signals, especially for 𝛽 ≥ 0.6. This is due to the risk aversion factor tends to consider 

more pessimistic scenarios for renewable generation, as previously analyzed. In the face of this 

situation, the MG operator requires the operation of flexible consumers more frequently in order 

to maintain the monetary balance within allowable bounds. As previously explained and clearly 

evidenced in Fig. 12, the effect of both factors is opposite since while the total DR signals decrease 

with the value of Γ, the opposite trend is observed for 𝛽. 

 

Fig. 12 - Analysis of the total DR signals for various Γ and 𝛽 

6.5 - Computational efficiency analysis 

Computational efficiency is a critical feature of any computational tool. Actually, the 

computational burden should be low enough to demonstrate the practicability and implantation 

of the new proposal. To this end, we carried out a computational efficiency analysis, for which, 

Fig. 13 shows the average time of various simulations performed for different system sizes 



(number of MGs). In this case, as numerical results are not relevant, the data regarding MGs were 

taken arbitrary. As seen in Fig. 13, computational time attributed to stage 2 remained constant 

regardless of the number of MGs involved, which is coherent since, at this stage, only the 

concerned MG is modelled. In contrast, computational time consumed by stages 1 and 3 grew 

exponentially with the number of MGs partaking in the cluster. This is due to some variables in 

these stages have dimension |ℳ|. It means that the problem size increases with the number of 

MGs. It is worth observing that the computational time of stage 3 is always lighter than stage 1 

since, at the third stage, the commitment statuses of flexible consumers are fixed while they are 

declared variables at stage 1. Lastly, it is worth observing that the total time consumed by the new 

proposal is low and reasonable for day-ahead scheduling tools, keeping it in approximately 2 

hours even for large-scale systems. 

 

Fig. 13 - Total computational time for various system sizes 

7 - Conclusions 

A novel optimal bidding strategy for DR-intensive MGs partaking in MGCs has been 

developed. The new proposal consists of a three-stage methodology by which the optimal bid 

strategy is decided taking into account the effects of response fatigue. To this end, three different 

DR initiatives have been modelled and integrated into the model, resulting in an effective but 

computationally light procedure. Uncertainties related to inflexible demand and renewable 

generation have been modelled via scenarios, while the risk associated with such uncertainties is 

adaptively controlled by enforcing the CVaR through the risk-aversion factor (𝛽). 

To validate the developed methodology as well as analyze the effect of response fatigue, we 

performed extensive simulations on a three-MGs cluster. Among others, the results obtained 

allow us to extract the following conclusions: 

 The incremental cost affects positively to the response fatigue, in contrast to the risk 

aversion factor. 

 The impact of the risk-aversion factor in response fatigue is more notable than the 

incremental cost. 

 The minimization of the response fatigue affects the overall performance of the cluster. 

Actually, the total welfare was reduced by 18 % when the incremental cost increased 

from 0 to 0.1. 



Due to the good results obtained with the developed methodology, we aim at testing it in other 

similar problems. For instance, similar procedures can be applied to reduce the waiting time in 

charging infrastructures or improve the thermal comfort of residential communities. These topics 

will be studied in future works. 
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