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Abstract: Storage systems and demand-response programs will play a vital role in future energy 18 

systems. Batteries, hydrogen or pumped hydro storage systems can be combined to form hybrid 19 

storage facilities to not only manage with intermittent behaviour of renewable sources, but also to 20 

store surplus renewable energy in a practise known as ‘green’ storage. On the other hand, demand-21 

response programs are devoted on encouraging a more active participation of consumers on pursu-22 

ing a more efficient operation of the system. In this context, proper scheduling tools able to coordi-23 

nate different storage systems and demand-response programs are essential. This paper presents a 24 

stochastic Mixed-Integer-Lineal-Logical framework for optimal scheduling of isolated microgrids. 25 

In contrast to other works, the present model includes a logical-based formulation to explicitly co-26 

ordinate batteries and pumped hydro storage units. A case study on a benchmark isolated mi-27 

crogrid serves to validate the developed optimization model and analyse the effect of applying de-28 

mand-response premises in microgrid operation. Results demonstrate the usefulness of the devel-29 

oped method and it is found that operation cost and fuel consumption can be reduced by ~38% and 30 

~82% by applying demand-response initiatives. 31 

Keywords: Battery storage; Demand response; Energy Storage; Microgrid; Pumped hydro storage; 32 

Renewable energy; Stochastic programming. 33 

 34 

1. Introduction 35 

Small isolated grids are used for many decades in remote areas, where supply from 36 

the main grid is either difficult to avail due to the topology or frequently disrupted be-37 

cause of climatic conditions [1]. Conventionally, diesel generators based on non-renewa-38 

ble fuel sources have been the most common choice for generating electricity in these iso-39 

lated systems. However, gradual reduction of fossil fuel consumption, poor energy effi-40 

ciency and environmental pollution are major problems that limited the use of such gen-41 

erators in remote areas. The use of renewable resources such as photovoltaic (PV) and 42 

wind generators (WGs) at distribution level has provided numerous technical, economic 43 

Citation: Lastname, F.; Lastname, F.; 

Lastname, F. Title. Batteries 2022, 8, 

x. https://doi.org/10.3390/xxxxx 

Academic Editor: Firstname Last-

name 

Received: date 

Accepted: date 

Published: date 

Publisher’s Note: MDPI stays neu-

tral with regard to jurisdictional 

claims in published maps and institu-

tional affiliations. 

 

Copyright: © 2022 by the authors. 

Submitted for possible open access 

publication under the terms and 

conditions of the Creative Commons 

Attribution (CC BY) license 

(https://creativecommons.org/license

s/by/4.0/). 

https://doi.org/10.3390/batteries8110198
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
mailto:mtostado@ujaen.es
mailto:antonioescamezalvarez95@gmail.com
mailto:fjurado@ujaen.es
mailto:a-ghadimi@araku.ac.ir
mailto:miveh@tafreshu.ac.ir
mailto:miveh@tafreshu.ac.ir


Batteries 2022, 8, x FOR PEER REVIEW 2 of 21 
 

and environmental benefits and can be considered as a viable solution for remote com-44 

munities [2]. However, the uncertain behavior and variability of renewable-based gener-45 

ators lead to the fluctuation of net load considerably and need extra flexibility resources 46 

to cope with the inherent intermittency of these sources [3]. In addition, in the circum-47 

stance where the generation of PVs and WGs are more than the required demand, the 48 

excess power should be curtailed to provide a balance between the load and supply. Stor-49 

age systems play key role in providing power balance in such remote areas. Due to the 50 

advantages of smart grids, it is promising to operate local distribution grids as a Microgrid 51 

(MG) to take maximum benefits of renewable resources.  52 

MGs as part of active distribution networks are one of the best solutions to overcome 53 

the challenges stemming from the high penetration of distributed energy resources 54 

(DERs) in distribution networks [4]. MG is the conglomerate of several DERs, storage sys-55 

tems and loads with the ability to operate in both grid-connected and isolated modes. The 56 

use of MG provides the ability to implement modern energy management means such as 57 

demand-side management and demand-response (DR) programs [5]. Moreover, storage 58 

systems in MGs are effective devices for developing renewable resources, as they are the 59 

only solution to deal with the challenge of intermittency of renewable sources. Storage 60 

systems can store the excess generation of DERs when demand is low, and can use the 61 

stored energy when facing a shortage of generation. Among various storage systems, 62 

pumped hydro storage (PHS) units can be planned to operate more efficiently in MGs [6]. 63 

Nevertheless, optimal operation and coordination of several DERs and storage systems 64 

along with demand response programs in isolated MG is very challenging issue that need 65 

to be resolved. 66 

A considerable amount of literature has been published on the optimal operation of 67 

DERs and storage systems in MGs. Vasudevan et al. [7], presented a comprehensive re-68 

view of energy management strategies for variable speed pumped hydro storage. The pa-69 

per also provided a comparison between PHS and other storage systems using critical 70 

data analysis. Zhao et al. [8], presented optimal management for an isolated MG consist-71 

ing of several renewable-based sources and PHS to maximize the operating profit and 72 

cope with the effects of the intermittent renewable energies. DR is also used in the paper 73 

for peak load shaving. Alturki et al [9], has designed and optimized an isolated hybrid 74 

WG/PV/biomass/PHS system to minimize the cost of energy. Stochastic optimal schedul-75 

ing of several DERs, a pumped-storage unit, heating storage, and cooling storage consid-76 

ering incentive-based DRPs in MG is studied in [10]. A scenario approach is employed to 77 

model the uncertain parameters of the model. In [11], energy management and real-time 78 

control of a typical MG including PHS and other renewable resources for both electric-79 

ity and water demand are investigated using the fuzzy logic and artificial neural network. 80 

The outcomes of the paper confirm that the management system remains the stored water 81 

level the same as the programming technique, while the pump and turbine are regulated 82 

more cost-effectively.  83 

Liang et al. [12], propose optimal scheduling for an island MG consisting of a sea-84 

water-pumped storage station, PV, WG and diesel generator. The paper has presented a 85 

mathematical formulation for seawater pumped storage station. Optimal day-ahead 86 

scheduling for an isolated MG with renewable sources, PHS unit and DR is suggested in 87 

[13]. For the PHS, a precise model is presented and also the uncertainty of renewable re-88 

sources is modeled accurately. A novel management framework to optimize the operation 89 

of a pumped-storage unit and intermittent WG in a typical MG is given in [14]. The un-90 

certain parameters are modeled using the two-point estimate technique. Shi et al. [15], 91 

present scheduling scheme for a typical MG based on the coordination of hybrid energy 92 

storage and heat pump air-conditioning systems using fuzzy control theory. An optimal 93 

operation for a MG including several renewable resources and PHS considering DR is 94 

investigated with mixed-integer non-linear programming solver in [16]. 95 

In [17], a stochastic-based scheduling method for MGs encompassing electric vehicles 96 

and storage systems was developed. This model considers AC/DC systems and highlight 97 
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the interaction of on-board batteries with other components in the grid. Likewise, a multi-98 

agent energy management strategy for isolated MGs was developed in [18]. The mathe-99 

matical model is based on the primal-dual method of multipliers to make the tool distrib-100 

uted and alleviate the computational cost of the optimization framework. An interval-101 

based scheduling model was presented in [19], for MGs encompassing batteries, PHS 102 

units and DR initiatives. In this model, uncertainties from energy prices and renewable 103 

sources are modelled using a novel interval formulation that accounts for confidence in-104 

tervals in forecasts. In [20], a hybrid robust methodology was proposed for multi-energy 105 

MGs, including different vehicles, hydrogen, gas and electric subsystems. This model con-106 

siders different uncertain models for each uncertain parameter involved. 107 

As deduced from the literature above, literature regarding energy management in 108 

MGs is rich. However, most of the existing literature normally cope with only one storage 109 

technology. In addition, when different storage facilities are considered, optimal coordi-110 

nation among them is ignored or over-simplified. This is a simplistic assumption that dis-111 

regards the different characteristic of each storage technology. For example, if a storage 112 

unit is devoted on long-term energy storage it should be coordinated with batteries ac-113 

cordingly, which are normally focused on short-term energy storage. This paper tackles 114 

this issue by proposing a novel stochastic Mixed-Integer-Linear-Logical programming 115 

model, for optimal scheduling of isolated MGs that comprises batteries and PHS systems 116 

(we choose these technologies because their complemented features). In contrast to other 117 

papers, coordination among storage technologies is explicitly incorporated into the math-118 

ematical model, by including a logical-based routine that considers the particularities of 119 

each storage technology. Various types of DR programs are also considered and a bench-120 

mark case study is analyzed to validate the developed model and explore the effect of DR 121 

initiatives. As a major advantage of the developed methodology, it is worth mentioning 122 

its versatility, being easily adaptable to different layouts incorporating other storage tech-123 

nologies (e.g. hydrogen-based units). In addition, the mathematical problem is formulated 124 

as Mixed-Integer-Linear programming (MILP), which ensures the global optimum reach-125 

ability [21]. Lastly, a simple stochastic-based model is presented to easily incorporate un-126 

certainties into the problem. 127 

In the rest of this paper, Section 2 describes the isolated system under study. Section 128 

3 presents the stochastic optimal scheduling modelling for the considered MG. Section 4 129 

develops the Mixed-Integer-Linear-Logical programming model for optimal coordination 130 

of batteries and PHS. Section 5 describes the stochastic framework for uncertainties mod-131 

elling. Section 6 presents a case study and various numerical results. The paper is con-132 

cluded with Section 7. 133 

2. Description of the isolated MG under study 134 

Fig. 1 schematically describes the isolated MG under study. Its electrical demand can 135 

be supplied from either renewable sources (PV and WG in our case) or backup generators 136 

(DEG in this paper). A ‘green’ hybrid storage system is included, comprising PHS and 137 

BES. These storage facilities can handle with eventual surplus energy from renewable 138 

sources. Thereby, this excess of energy is stored to be later exploited for reducing the de-139 

pendency of the diesel generation. 140 

It is assumed that the system under study is operated under some DR programs. We 141 

consider that electrical demand shows certain degree of flexibility on the basis of price-142 

based signals. This way, the MG operator could force some consumers to change their 143 

consumption patterns on pursuing a more economic operation of the MG, establishing 144 

compensatory payments as counterpart. Three kind of DR programs are considered, 145 

which are described below: 146 

1. Curtailing agreements: it is assumed that most of local loads are subjected to cur-147 

tail agreements with the MG operator. This way, these consumers may eventu-148 

ally reduce their consumption, obtaining a price per kWh reduced as compensa-149 

tory payment. 150 
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2. Shedding agreements: this kind of consumers may be directly shut down if the 151 

MG operator considers. This kind of agreements are typical of great loads such 152 

as industries. In compensation, these consumers obtain a price per hour that they 153 

are disconnected. 154 

3. Energy agreements: these consumers require a certain amount of energy for their 155 

correct operation or demand satisfaction. In contrast to the curtailable loads, the 156 

users subjected to this kind of agreements could shift their consumption when-157 

ever the MG operator determines, this way, their response is similar to shiftable 158 

consumers [22]. However, if their energy target is not satisfied, they obtain a 159 

price per kWh not satisfied. This kind of agreements could thus be attractive e.g. 160 

for vehicle recharging stations. 161 

 162 

Figure 1. Schematic representation of the isolated MG under study. 163 

The scheduling task of the MG described above is performed over a day ahead hori-164 

zon. Thereby, the MG operator obtains weather and demand forecast information during 165 

the current day. On the basis of this information, the scheduling plan for the following 166 

day is determined. Scheduling orders are transferred to the different storage, demands 167 

and backup generators, to be properly performed through the day ahead. This operational 168 

principle is illustrated in Fig. 2. 169 

 170 

Figure 2. The day ahead scheduling task for the MG under study. 171 

3. Mathematical models 172 

Through this section, the mathematical formulation of the day ahead scheduling task 173 

described in Fig. 2 is presented. This optimization problem is formulated from the opera-174 

tor point of view, who presumably aims of minimizing the operating cost of the MG. 175 

3.1. Objective function including DR programs 176 

The daily operational cost of the MG described in Section 2 is given by the equation 177 

(1). This expression reflects the expected operation cost over the representative scenario 178 

space ℛ. 179 

𝑓 = ∑ {𝜔𝑟 ∙ [(𝑓𝑟
DEG + 𝑓𝑟

K + 𝑓𝑟
OM) + ∑ {𝑓𝑟|𝑠

Sh}∀𝑠∈𝒮 +∑ {𝑓𝑟|𝑒
ES}∀𝑒∈ℰ ]}∀𝑟∈ℛ  (1) 180 
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The equation (1) yields the expected the daily cost from a stochastic perspective, by 181 

introducing the probability of occurrence of each scenario 𝜔 [23, 24]. This way, the objec-182 

tive function considers different scenario realization weighted by its probability of occur-183 

rence, thus allowing to include uncertainties in a simple way. The expression (1) encom-184 

passes various costs. The term 𝑓𝑟
DEG stands for the DEG operation, maintenance and fuel 185 

costs, which can be expressed as a quadratic function of the delivered power, as follows 186 

[25]: 187 

𝑓𝑟
DEG = ∑ {∆𝜏 ∙ [𝑢𝑟|𝑡

DEG ∙ 𝑎DEG + 𝑝𝑟|𝑡
DEG ∙ 𝑏DEG + (𝑝𝑟|𝑡

DEG)
2
∙ 𝑐DEG]}∀𝑡∈𝒯 ;  ∀𝑟 ∈ ℛ (2) 188 

In this case, quadratic variables in (2) are linearized using piecewise representations 189 

(see Appendix A). For simplicity, it is assumed that all the consumers in the MG are sub-190 

jected to DR agreements. Thereby, those users that have not agreed shiftable or energy 191 

contracts with the local energy entity are assumed to be operated under curtailable initia-192 

tives. Thus, the term 𝑓𝑟
K quantifies the payments in which the MG incurs due to curtailed 193 

demand. As commented, this kind of users are compensated by a price per kWh that is 194 

reduced, as said the equation (3). 195 

𝑓𝑟
K = ∆𝜏 ∙ 𝜚K ∙ ∑ {𝑝𝑟|𝑡

K }∀𝑡∈𝒯 ;  ∀𝑟 ∈ ℛ (3) 196 

In this paper, curtailed load is treated as an independent generator with delivered 197 

power 𝑝K, whose limits are coherently fixed by the constraint (4). 198 

0 ≤ 𝑝𝑟|𝑡
K ≤ 𝑝𝑟|𝑡

LD;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (4) 199 

The operational and maintenance costs of the different components are expressed in 200 

(1) by the term 𝑓𝑟
OM, and calculated as follows:  201 

𝑓𝑟
OM = ∑ {∆𝜏 ∙ [∑ {𝜇𝑖 ∙ 𝑝𝑟|𝑡

𝑖 }∀𝑖∈{PV,WG} + 𝜇BES ∙ ∑ {(𝑝𝑟|𝑡
BES,𝑖)

2
}∀𝑖∈{ch,dch} +∀𝑡∈𝒯202 

∑ {𝜇PHS ∙ 𝑝𝑟|𝑡
PHS,𝑖 + 𝜎PHS ∙ (on𝑟|𝑡

PHS,𝑖 + off𝑟|𝑡
PHS,𝑖)}∀𝑖∈{pump,turb} ]} ;  ∀𝑟 ∈ ℛ (5) 203 

In (5), the operation and maintenance expenditures are proportional to the total en-204 

ergy produced in PV and WG [26]. In the case of BES, degradation costs can be considered 205 

proportional to the square of the energy exchanged with the grid [27], being linearized 206 

using piecewise functions (see Appendix A). For the PHS, together with the conventional 207 

maintenance expenditures, the start-up and shutdown costs are also included [14].  208 

The remainder terms in (1) make mention to the costs due to application of shedding 209 

and energy DR programs, as explained in section 2. For shedding agreements, these pay-210 

ments are given for the total hours that a consumer is disconnected, whereas for energy 211 

users, users are compensated by the total non-satisfied energy. Thus, the costs of these DR 212 

programs are calculated by (6) and (7) for the consumers subjected to shedding and energy 213 

agreements, respectively. 214 

𝑓𝑟|𝑠
Sh = 𝜅𝑠 ∙ ∆𝜏 ∙ ∑ {size(𝒯) − 𝑢𝑟|𝑡

𝑠 }∀𝑡∈𝒯 ;  ∀𝑟 ∈ ℛ ∧ 𝑠 ∈ 𝒮 (6) 215 

𝑓𝑟|𝑒
ES = 𝜚𝑒 ∙ (Ε𝑒 − ∆𝜏 ∙ ∑ {𝑝𝑟|𝑡

𝑒 }∀𝑡∈𝒯 ); ∀𝑟 ∈ ℛ ∧ 𝑒 ∈ ℰ (7) 216 

3.2. Power balance 217 

The constraint (8) ensures the power balance in the MG under study for each repre-218 

sentative scenario, including the effect of applying DR programs. 219 

𝑝𝑟|𝑡
DEG + 𝑝𝑟|𝑡

PV + 𝑝𝑟|𝑡
WG + 𝑝𝑟|𝑡

BES,dch + 𝑝𝑟|𝑡
PHS,turb + 𝑝𝑟|𝑡

K = 𝑝𝑟|𝑡
LD + 𝑝𝑟|𝑡

BES,ch + 𝑝𝑟|𝑡
PHS,pump

+ ∑ {𝑢𝑟|𝑡
𝑠 ∙∀𝑠∈𝒮220 

𝑝𝑟|𝑡
𝑠 } + ∑ {𝑝𝑟|𝑡

𝑒 }∀𝑒∈ℰ ;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (8) 221 

3.3. DEG modelling 222 

DEG can be represented by its minimum/maximum dispatchable powers and ramp 223 

limitations [26, 29], as said (9) and (10), respectively. 224 
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𝑢𝑟|𝑡
DEG ∙ 𝑝DEG ≤ 𝑝𝑟|𝑡

DEG ≤ 𝑢𝑟|𝑡
DEG ∙ 𝑝

DEG
;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (9) 225 

𝑝𝑟|𝑡−1
DEG − 𝑅DEG ≤ 𝑝𝑟|𝑡

DEG ≤ 𝑝𝑟|𝑡−1
DEG + 𝑅DEG;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯\𝑡 > 1 (10) 226 

3.4. PV modelling 227 

Instantaneous PV potential is determined by weather parameters, more precisely by 228 

solar irradiance and ambient temperature [29]. In this work, it is assumed that these pa-229 

rameters can be forecasted with sufficient accuracy, which is a plausible assumption [20]. 230 

Once these parameters are available, PV potential can be calculated as follows [28]: 231 

𝜙𝑟|𝑡
PV = 𝑝

PV
∙ [0.25 ∙ 𝜗𝑟|𝑡 + 0.03 ∙ 𝜗𝑟|𝑡 ∙ 𝜃𝑟|𝑡 + (1.01 − 1.13 ∙ 𝜂

PV) ∙ (𝜗𝑟|𝑡)
2
] ;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈232 

𝒯 (11) 233 

As commented in [29], the expression (11) should not be directly applied since it 234 

could eventually yield a PV potential higher than the installed capacity. In practise, in-235 

verters impose limits on the maximum power that a PV unit can deliver in order to avoid 236 

fast degradation of components. In this sense, (12) is imposed to avoid unrealistic results. 237 

0 ≤ 𝑝𝑟|𝑡
PV ≤ {

1.1 ∙ 𝑝
PV
, if 𝜙𝑟|𝑡

PV > 1.1 ∙ 𝑝
PV

𝜙𝑟|𝑡
PV,                                  o. w.

;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (12) 238 

In (12) overloads of 10% are allowed, which is quite usual in commercial inverters 239 

[28]. It is worth noting that the power given by the PV plant any instant is declared as an 240 

optimization variable rather than a parameter. This is because the power delivered by PV 241 

units may be eventually fixed lower than the solar potential [23]. This situation eventually 242 

occurs when full PV potential cannot be delivered to consumers or storage systems. On 243 

the face of this situation, surplus energy has to be dissipated in dumped loads [30]. 244 

3.5. WG modelling 245 

Wind potential can be calculated as a function of wind speed using the so-called 246 

wind-power curves [26]. In practise, this model is nonlinear determining the relationship 247 

between the wind speed and the power given by a wind turbine. Normally, these curves 248 

are divided in various segments delimited by characteristics wind speed values, for which 249 

the relation power-speed changes. One common expression for this kind of relationship 250 

is given by (13) [26]. 251 

𝜙𝑟|𝑡
WG =

{
 
 

 
 
0,                         if 𝛾𝑟|𝑡 < 𝛾

WG

𝛼 ∙ (𝛾𝑟|𝑡)
3
− 𝛽 ∙ 𝑝

WG
, if 𝛾WG ≤ 𝛾𝑟|𝑡 ≤ 𝛾WG,rat

𝑝
WG
,              if 𝛾WG,rat < 𝛾𝑟|𝑡 ≤ 𝛾

WG

0,                         if 𝛾𝑟|𝑡 > 𝛾
WG

;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (13) 252 

where 𝛾WG,rat is the rated wind speed, whose value is typically facilitated by manufac-253 

turers. As in the case of the PV array, wind generation could be dispatched below the 254 

valued yielded by (13). However, it is not necessary imposing additional bounds due to 255 

the maximum value of (13) coincides with the rated power of the wind turbine. Therefore, 256 

it is just necessary to declare the constraint (14), which includes the operational efficiency. 257 

0 ≤ 𝑝𝑟|𝑡
WT ≤ 𝜂WG ∙ 𝜙𝑟|𝑡

WG;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (14) 258 

3.6. BES modelling 259 

For grid-scale applications, Lithium-ion (Li-ion) and Sodium-Sulfur (NaS) technolo-260 

gies are recognised as the most suitable, eco-friendly and cost-effective solutions for bat-261 

tery storage applications [31]. The energy-to-power ratio of these technologies typically 262 

ranges from 2 to 4 hours [32], which limits their available power range, as said the con-263 

straint (15) [33], while (16) avoids simultaneous charging/discharging of the BES. 264 
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0 ≤ 𝑝𝑟|𝑡
BES,𝑖 ≤ 𝑢𝑟|𝑡

BES,𝑖 ∙
𝜀
BES

e2P
;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 ∧ 𝑖 ∈ {ch, dch} (15) 265 

∑ {𝑢𝑟|𝑡
BES,𝑖}∀𝑖∈{ch,dch} ≤ 1; ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (16) 266 

Equation (17) models the state of charge of the BES. Note that self-discharge effect 267 

has been neglected, as usual for Li-ion and NaS technologies [26, 33]. In addition, effi-268 

ciency of charging and discharging processes has been assumed to be the same, which is 269 

plausible for the considered battery technologies [33]. On the other hand, (18) limits the 270 

energy stored in the BES by the nominal capacity and the depth-of-discharge settings. 271 

𝜀𝑟|𝑡
BES = 𝜀𝑟|𝑡−1

BES + ∆𝜏 ∙ (𝜂BES ∙ 𝑝𝑟|𝑡
BES,ch −

𝑝𝑟|𝑡
BES,dch

𝜂BES
) ; ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯\𝑡 > 1 (17) 272 

(1 − DOD) ∙ 𝜀
BES

≤ 𝜀𝑟|𝑡
BES ≤ 𝜀

BES
;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (18) 273 

The model (17) is not defined for 𝑡 = 1, therefore, it is necessary to fix the state of 274 

charge of the BES at this time instant. In this work, as customary (e.g. see [26]), we assume 275 

that the batteries are totally charged at 𝑡 = 1. For coherency, the state of charge at the end 276 

of the time horizon is forced to be 100%. Under these premises, the BES model is com-277 

pleted by the constraint (19). 278 

𝜀𝑟|𝑡=1
BES = 𝜀𝑟|𝑡=size(𝒯)

BES = 𝜀
BES
;  ∀𝑟 ∈ ℛ (19) 279 

3.7. PHS modelling 280 

In PHS systems, water inflow determines power imports and exports as a function 281 

of the gravity acceleration, net head and water density, as said (20) and (21) for the pump-282 

ing and turbine processes, respectively [34].  283 

𝑝𝑟|𝑡
PHS,turb =

𝑔∙𝐻∙𝜌∙𝑞𝑟|𝑡
PHS,turb∙𝜂PHS

1000
;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (20) 284 

𝑝𝑟|𝑡
PHS,pump

=
𝑔∙𝐻∙𝜌∙𝑞𝑟|𝑡

PHS,pump

1000∙𝜂PHS
;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (21) 285 

Conventionally, PHS units can be operated within a range delimited by maximum 286 

and minimum rate flows, as reflected the constraint (22). As in the case of the BES, the 287 

PHS cannot be operated in turbine and pumping modes simultaneously, which is ensured 288 

by imposing the constraint (23). On the other hand, (24) reflects coherency among the bi-289 

nary variables associated with the PHS operation, which is essential for properly calculat-290 

ing the start-up and shutdown costs in (1). 291 

𝑢𝑟|𝑡
PHS,𝑖 ∙ 𝑞PHS ≤ 𝑞𝑟|𝑡

PHS,𝑖 ≤ 𝑢𝑟|𝑡
PHS,𝑖 ∙ 𝑞

PHS
;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 ∧ 𝑖 ∈ {pump, turb} (22) 292 

∑ {𝑢𝑟|𝑡
PHS,𝑖}∀𝑖∈{pump,turb} ≤ 1; ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (23) 293 

on𝑡
PHS,𝑖 − off𝑡

PHS,𝑖 = 𝑢𝑡
PHS,𝑖 − 𝑢𝑡−1

PHS,𝑖;  ∀𝑡 ∈ 𝒯\𝑡 > 1 ∧ 𝑖 ∈ {pump, turb} (24) 294 

The total water volume stored in upper and lower reservoirs is calculated by (25) and 295 

(26), respectively. These models determine the instantaneous volume stored in both res-296 

ervoirs as a function of the water volume in the previous time step and the flow balance 297 

occurred at time 𝑡. The equation (27) models the total capacity of reservoirs. For simplic-298 

ity, we assume that both reservoirs are identical and their bounds are thus similarly de-299 

fined. 300 

𝑣𝑟|𝑡
Upper

= 𝑣𝑟|𝑡−1
Upper

+ 3600 ∙ ∆𝜏(𝑞𝑟|𝑡
PHS,pump

− 𝑞𝑟|𝑡
PHS,turb); ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯\𝑡 > 1 (25) 301 

𝑣𝑟|𝑡
Lower = 𝑣𝑟|𝑡−1

Lower + 3600 ∙ ∆𝜏(𝑞𝑟|𝑡
PHS,turb − 𝑞𝑟|𝑡

PHS,pump
); ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯\𝑡 > 1 (26) 302 

𝑣PHS ≤ 𝑣𝑟|𝑡
𝑖 ≤ 𝑣

PHS
;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 ∧ 𝑖 ∈ {Upper, Lower} (27) 303 

As in the case of the BES, the models (25) and (26) are not defined for 𝑡 = 1, therefore, 304 

the amount of water stored in each reservoir at the beginning of the time horizon has to 305 

be defined. In our case, we consider that the upper reservoir is completely filled at the 306 

beginning of the time horizon, as said (28). As both reservoirs have the same capacity, the 307 

lower reservoir is considered to be empty at 𝑡 = 1, as ensured by imposing the constraint 308 
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(29). To keep the model coherent, the expressions (28) and (29) force the final state of both 309 

reservoirs to be equal to their initial status. The PHS modelling is completed by the ramp 310 

constraints (30). 311 

𝑣𝑟|𝑡=1
Upper

= 𝑣𝑟|𝑡=size(𝒯)
Upper

= 𝑣
PHS

;  ∀𝑟 ∈ ℛ (28) 312 

𝑣𝑟|𝑡=1
Lower = 𝑣𝑟|𝑡=size(𝒯)

Lower = 𝑣PHS;  ∀𝑟 ∈ ℛ (29) 313 

𝑝𝑟|𝑡−1
PHS,𝑖 − 𝑅PHS ≤ 𝑝𝑟|𝑡

PHS,𝑖 ≤ 𝑝𝑟|𝑡−1
PHS,𝑖 + 𝑅PHS; ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯\𝑡 > 1 ∧ 𝑖 ∈ {pump, turb} (30) 314 

3.8. Consumers subjected to energy agreements 315 

It is realistic to assume that instantaneous power supplied to consumers subjected to 316 

energy agreements must be limited, because either contractual limits or equipment rate 317 

values, which is ensured by (31). The energy users aim at receiving a certain amount of 318 

energy over the time horizon, which is presumably fixed by contractual conditions. How-319 

ever, they cannot receive more energy than that agreed with the MG operator. By this 320 

reason and to avoid incoherency in (7), the constraint (32) has to be included in the model.  321 

0 ≤ 𝑝𝑟|𝑡
𝑒 ≤ 𝑝

𝑒
; ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 ∧ 𝑒 ∈ ℰ (31) 322 

∆𝜏 ∙ ∑ {𝑝𝑟|𝑡
𝑒 }∀𝑡∈𝒯 ≤ Ε𝑒; ∀𝑟 ∈ ℛ ∧ 𝑒 ∈ ℰ  (32) 323 

3.8. MG scheduling problem statement 324 

The optimal scheduling task for the MG described in section 2 aims at operating the 325 

system at minimum cost. Therefore, the objective function for this problem consists on 326 

minimizing the operating cost defined in (1). On the other hand, the operational con-327 

straints (8)-(32) must be satisfied any moment. 328 

4. Mixed-Integer-Logical programming model for optimal coordination of PHS and 329 

BES 330 

Combining various energy storage technologies may be a good alternative to exploit 331 

the advantages of the different storage systems and circumvent their weaknesses [35]. The 332 

MG under study provides ‘green’ energy storage by means of BES and PHS. Batteries are 333 

able to provide efficient fast-response, however, its storage capacity is normally limited 334 

by expensive components or environmental concerns [36]. In this sense, PHS may effec-335 

tively complement BES due to this technology is able to provide large cost-effective stor-336 

age capacity. However, its charging-discharging cycle is notably less efficient compared 337 

with batteries [34]. 338 

To optimally exploit different storage technologies, they should be operated in a co-339 

ordinated way. In addition, it should not be ignored the green-oriented character of the 340 

storage system in the MG under study, i.e. only surplus energy from renewable sources 341 

must be stored. For the MG under study, we propose a coordination scheme for BES and 342 

PHS based on the following logical rules: 343 

 Since the proposed storage system is green-oriented, it can be only charged 344 

when surplus energy is produced from renewable sources. It means, only when 345 

the net demand is greater than zero, the charging processes of the storage sys-346 

tems are enabled. 347 

 Due to the BES has a very efficient cycle in comparison with PHS, batteries 348 

should be scheduled primarily, in detriment of PHS system. In this sense, on 349 

face of eventual surplus renewable energy generation, the batteries should be 350 

charged first, giving them priority w.r.t. the PHS. 351 

 Charging (pumping) mode of the PHS should only be enabled when the state 352 

of charge of the BES is higher than a preset threshold (𝜑), which means that 353 

batteries are sufficiently charged. It means that batteries are unable to store 354 

much more energy and, therefore, additional storage capacity is needed. Under 355 

these circumstances, PHS system is scheduled to pump water to the upper res-356 

ervoir and thus exploit the remain energy produced by renewable sources. 357 
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The coordination scheme proposed above is normally ignored in other works. One 358 

of the main contributions of the present methodology is considering them by means of 359 

logical rules that can be integrated within the mathematical model developed in Section 360 

3. As result, the original MILP model is extended to a Mixed-Integer-Linear-Logical 361 

framework, that integrates the rules above as additional constraints. This mathematical 362 

model encompasses a set of binary variables, that are equal to 1 when some of the rules 363 

above are satisfied. Table 1 describes the introduced binary variables for logical modelling 364 

of the optimal coordination between BES and PHS, while the flowchart in Fig. 3 illustrates 365 

the relationship between the logical rules and the declared variables. In the following sub-366 

section, the mathematical model of the developed Mixed-Integer-Logical programming 367 

framework is developed and explained. 368 

Table 1. Summary of binary variables for Mixed-Integer-Logical programming model for 369 

optimal coordination of BES and PHS 370 

Variable Meaning 

𝑦(1)  Is equal to 1 if surplus energy is produced from renewable sources. This 

variable enables the charging processes of the different storage sys-

tems. 

𝑦(2)  Is equal to 1 when surplus energy remains and the batteries are suffi-

ciently charged. Therefore, this variable enables the pumping mode of 

the PHS. 

𝑦(2𝑎)  Is an auxiliary variable necessary to properly model the described log-

ical rules. 

 371 

Figure 3. Flowchart of the logical rules developed for optimal coordination of BES and PHS and 372 

their relationship with the introduced binary variables. 373 

For the MG under study, the surplus energy from renewable sources can be calcu-374 

lated as follows. 375 

SP𝑟|𝑡 = 𝜙𝑟|𝑡
PV + 𝜙𝑟|𝑡

WG − 𝑝𝑟|𝑡
LD − ∑ {𝑢𝑟|𝑡

𝑠 ∙ 𝑝𝑟|𝑡
𝑠 }∀𝑠∈𝒮 − ∑ {𝑝𝑟|𝑡

𝑒 }∀𝑒∈ℰ ;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (33) 376 

Indeed, the equation (33) says if renewable potential (PV + WG) is higher than the net 377 

demand, then (33) is higher than zero and takes negative values otherwise. This logical 378 

‘if’ condition is mathematically represented by 379 
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𝑦𝑟|𝑡
(1)
= {

1, if SP𝑟|𝑡 > 0

0,       o. w.
; ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯  (34) 380 

To mathematically model the ‘if’ condition (34), we use the ‘big M’ method [32]. This 381 

approach consists on introducing a large positive number namely 𝑀, and a series of ad-382 

ditional constraints. More specifically, the condition (34) can be linearized by imposing 383 

the constraints (35) and (36). 384 

𝑀 ∙ 𝑦𝑟|𝑡
(1)
≥ SP𝑟|𝑡;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯  (35) 385 

SP𝑟|𝑡 ≥ −𝑀 ∙ (1 − 𝑦𝑟|𝑡
(1)
); ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (36) 386 

As observed, if 𝑦(1) = 1 then 0 ≤ SP ≤ 𝑀 and, therefore, the equation (33) is taking 387 

positive values. In contrast, if 𝑦(1) = 0 then −𝑀 ≤ SP ≤ 0 and thus (33) could only take 388 

negative values. This way, the condition (34) can be elegantly represented by a simply set 389 

of two constraints. 390 

The second logical rule says if surplus renewable energy remains and batteries are 391 

sufficiently charged, then pumping mode of the PHS is enabled. This condition is mod-392 

elled by the variable 𝑦(2) and mathematically represented as follows: 393 

𝑦𝑟|𝑡
(2)
= {

1, if SP𝑟|𝑡 > 0 and 𝜀𝑟|𝑡
BES > 𝜑 ∙ 𝜀

BES

0,                          o. w.
;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯  (37) 394 

The condition (37) cannot be directly represented by linear constraints since it in-395 

volves a ‘and’ condition. It is worth noting that the first condition of the ‘and’ statement 396 

has been already treated with the variable  𝑦(1). Hence, we could use the same approach 397 

to model the second condition. This way, we introduce the auxiliary variable 𝑦(2𝑎), which 398 

aims at modelling the following ‘if’ condition. 399 

𝑦𝑟|𝑡
(2𝑎)

= {
1, 𝜀𝑟|𝑡

BES >  𝜑 ∙ 𝜀
BES

0,           o. w.
;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯  (38) 400 

Now, the constraints (39) and (40) are analogue to (36) and (37) but for modelling the 401 

condition (38) by using the variable 𝑦(2𝑎). 402 

𝑀 ∙ 𝑦𝑟|𝑡
(2𝑎)

≥ 𝜀𝑟|𝑡
BES − 𝜑 ∙ 𝜀

BES
;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯  (39) 403 

𝑀 ∙ (1 − 𝑦𝑟|𝑡
(2𝑎)

) ≥ 𝜑 ∙ 𝜀
BES

− 𝜀𝑟|𝑡
BES; ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (40) 404 

Now, we can easily model the ‘and’ condition in (37) making use of the variables 𝑦(1) 405 

and 𝑦(2𝑎). So, if these variables are equal to 1, then 𝑦(2) is also equal to 1, and 0 otherwise. 406 

This condition is linearized by imposing the constraints (41) and (42). 407 

𝑦𝑟|𝑡
(2)
≥ 𝑦𝑟|𝑡

(1)
+ 𝑦𝑟|𝑡

(2𝑎)
− 1; ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (41) 408 

𝑦𝑟|𝑡
(2)
≤ 𝑦𝑟|𝑡

(1)
, 𝑦𝑟|𝑡

(2)
≤ 𝑦𝑟|𝑡

(2𝑎)
;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (42) 409 

As seen in (41) and (42), if both 𝑦(1) and 𝑦(2𝑎) are equal to 1, then 𝑦(2) is forced to 410 

be equal to 1 as well (the reciprocal can be also easily verified since 𝑦(2) is declared as a 411 

binary variable). The model is completed by the constraints (43) and (44), which limits the 412 

charging powers of the BES and PHS so that they cannot absorb more energy than the 413 

excess produced by renewable generators, this way, the storage system exploited in the 414 

studied MG is totally green and only supplied by renewable sources. 415 

𝑝𝑟|𝑡
BES,ch ≤ 𝑦𝑟|𝑡

(1)
∙ SP𝑟|𝑡;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (43) 416 

𝑝𝑟|𝑡
PHS,pump

≤ 𝑦𝑟|𝑡
(2)
∙ SP𝑟|𝑡;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (44) 417 

It is worth noting that bi-integer variables appear in (43) and (44), which can be line-418 

arized introducing dummy variables and additional constraints (see Appendix B). 419 

Note that the rules (33)-(44) can be adapted to any other storage technology. In this 420 

regard, it is only necessary to change the powers and state-of-charge variables by their 421 

corresponding variables related to other technologies. For example, in case of hydrogen-422 

based technologies, the state-of-charge can be replaced by the state-of-pressure [28]. 423 
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5. Uncertainties modelling 424 

The mathematical models presented in previous sections were declared over a so-425 

called representative scenario space (denoted by ℛ). This model allows to easily incorpo-426 

rate uncertainties via scenarios. To manage with uncertainty of demand and renewable 427 

generation, we propose a stochastic paradigm. The scenarios to consider are built on the 428 

basis of predicted profiles and assuming Gaussian distribution for the forecast errors. Ac-429 

cording to the law of the great numbers, random character of a stochastic parameter can 430 

be catched by generating a large number of scenarios (normally 1,000 scenarios are con-431 

sidered suitable [38]). However, treatment of this amount of data is computationally ex-432 

pensive and frequently unaffordable. To address this issue, some works use space-reduc-433 

tion techniques [39]. In this paper, we have used the methodology described in [24]. It 434 

consists on using the k-medoids clustering technique [26] to only consider the most rep-435 

resentative scenarios. This clustering methodology groups a set of raw data into clusters 436 

according the similitude of their members. Then, the whole cluster is represented by a 437 

unique member, called medoid, which is actually used in simulations. The total number 438 

of clusters can be heuristically determined by observing some indicators like the Davies 439 

Bouldin index or the total sum of distances [24, 40]. The k-medoids method allows to eas-440 

ily calculate the probability of occurrence of each representative scenario as follows. 441 

𝜔𝑟 =
no.of elements in cluster 𝑟

total no.of scenarios
;  ∀𝑟 ∈ ℛ (45) 442 

6. Case study 443 

In this section, various numerical experiments are carried out on a benchmark iso-444 

lated MG like that described in Section 2. The simulations have a twofold purpose; 1) val-445 

idate the Mixed-Integer-Logical programming developed in Section 4; 2) analyse the im-446 

pact of DR programs in the operation of the studied MG. To do that, the mathematical 447 

model described in Section 4 has been integrated with the optimization problem explained 448 

in Section 3 to build a Mixed-Integer-Lineal-Logical programming for optimal scheduling 449 

of the MG under study with coordination of ‘green’ BES and PHS systems. The resulting 450 

optimization problem has been run on an Intel® CoreTM i5-9400F 2.90 GHz 8.00 GB RAM 451 

personal computer and solved using Gurobi [41], over a 24 h time horizon with 30-min 452 

resolution. 453 

6.1. Input data 454 

Fig. 4 plots the forecast weather parameters. These profiles correspond to real obser-455 

vations on May 3, 2016 at Virgin Islands (U.S.) [42]. The predicted local demand subjected 456 

to curtailed agreements is showed in Fig. 5 and has been built scaling down the electrical 457 

demand at La Palma island (Spain) on May 3, 2016 [43]. Two consumers subjected to shed-458 

ding agreements are considered, whose forecasted demand is also plotted in Fig. 5. The 459 

data in Fig. 4 and 5 are the stochastic information that serve as input for the optimization 460 

problem. On the basis of these forecast profiles, 1,000 scenarios have been generated as-461 

suming Gaussian distribution of errors, which have been reduced to 10 representative 462 

scenarios following the procedure described in Section 5. The representative profiles are 463 

plotted in Fig. 4 and 5 alongside their corresponding forecast values. Tables 2-6 report the 464 

data of DEG, PV system, WG system, BES system and PHS unit used in simulations, re-465 

spectively; whereas Table 7 collects the costs associated to DR programs. Lastly, for opti-466 

mal coordination of BES and PHS the parameter 𝜑 has been set equal to 0.8. 467 
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 468 

Figure 4. Weather forecast (black) and considered scenarios (blue) in simulations. 469 

 470 

Figure 5. Demand forecast (black) and considered scenarios (blue) in simulations. 471 

Table 2. DEG data [25] 472 

Parameter Value 

𝑝
DEG

/𝑝DEG 500/50 kW 

𝑅DEG  100 kW 

𝑎DEG  0.6 $/h 

𝑏DEG  0.05 $/kWh 

𝑐DEG  0.02 $/kWh² 

Table 3. PV system data [26] 473 

Parameter Value 

𝑝
PV

  250 kW 

𝜂PV  0.167 

𝜇DEG  0.24 $/kWh 

 474 

  475 
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Table 4. WG system data [26] 476 

Parameter Value 

𝑝
WG

  300 kW 

𝛾WG/𝛾WG,rat/𝛾
WG

 2/11/21 m/s 

𝜂WG  0.88 

𝛼WG  0.2268 kW/(m/s)3 

𝛽WG  0.006 

𝜇WG  0.19 $/kWh 

Table 5. BES data [26, 27] 477 

Parameter Value 

𝜀
BES

  100 kWh 

e2P  4 hrs. 

𝜂BES  0.95 
DOD  0.70 

𝜇BES  1 × 10−6 $/kWh² 

Table 6. PHS data [34] 478 

Parameter Value 

𝑞
PHS

/𝑞PHS  2/0.1 m³/s 

𝜂PHS,pump/turb  0.80 

𝑣
PHS

/𝑣PHS  6,000/500 m³ 

𝑅PHS  150 kW 

𝜇PHS  0.31 $/kWh 

𝜎PHS  10 $ 

Table 7. Costs of DR programs 479 

Parameter Value 

𝜚K  1.50 $/kWh 

𝜅1  50 $/h 
𝜅2  75 $/h 
Ε1  750 kWh 
Ε2  900 kWh 

𝑝
1
  100 kW 

𝑝
2
  150 kW 

𝜚1  0.24 $/kWh 
𝜚2  0.24 $/kWh 

6.2. Model validation 480 

The first experiments are conducted on validating the Mixed-Integer-Logical pro-481 

gramming developed in Section 4. Fig. 6 plots the value of the variable 𝑦(1) and the even-482 

tual surplus energy from renewable sources. As seen, this binary variable is equal to 1 483 

when the surplus energy is positive (i.e. when the renewable sources are able to produce 484 

an excess of energy). 485 
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 486 

Figure 6. The value of the variable 𝑦(1) and surplus energy from renewable sources. 487 

Likewise, Fig. 7 serves to validate the variable 𝑦(2𝑎) which is equal to 1 when the 488 

state of charge of the BES is higher than 80% of the total capacity. Finally, Fig. 8 depicts 489 

the value of 𝑦(1), 𝑦(2𝑎) and 𝑦(2). As observed in this figure, the latter is only equal to 1 490 

when the other two variables are actually equal to 1. With these results, the Mixed-Integer-491 

Logical programming for optimal coordination of ‘green’ BES and PHS is considered suf-492 

ficiently validated. 493 

 494 

Figure 7. The value of the variable 𝑦(2𝑎) and state of charge of the BES. 495 

 496 

Figure 8. The value of the variables 𝑦(1) (top), 𝑦(2𝑎) (middle) and 𝑦(2) (bottom). 497 

6.3. Analysing the effect of DR programs 498 

This section is devoted on analysing the effect of DR programs in MG operation. To 499 

this purpose we analyse the following two cases: 500 
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 Case 1: it is considered the base case in which the different DR programs ex-501 

plained throughout this paper are put on practise. 502 

 Case 2: in this case, flexible demand is not considered. In this sense, curtailable 503 

and sheddable demands have to be entirely covered. On the other hand, all the 504 

energy demanded by those consumers under energy agreements has to be satis-505 

fied. Nevertheless, certain flexibility is still contemplated for these users as these 506 

energetic demand can be satisfied whenever the scheduling tool determines. 507 

Table 8 reports the operating cost (objective function) in the both studied cases. As 508 

seen, the operational cost of the MG under study can be notably reduced by applying DR 509 

programs. More precisely, monetary savings achieve up to ~38%. To get a better view on 510 

these results, Fig. 9 shows the actual demand covered for those users under curtailing and 511 

shedding DR programs while Table 9 reports the percentage of energetic demand satisfied 512 

of energy consumers. As observed, while in the case 2 the demand is completely covered, 513 

the scheduling tool determined to partially no satisfying the demand of these consumers 514 

in the case 1. In this scenario, it is more economic undertaking the monetary costs of pe-515 

nalizations than operate the backup generation to fully cover the load. 516 

Table 8. Operational cost in the studied cases 517 

Case # Operational cost 

1 2,253.10 $ 

2 3,624.50 $ 

 518 

 519 

Figure 9. Actual demand satisfied to consumers subjected to curtailing (top) and shedding (middle 520 

and bottom) agreements in the studied cases. 521 

Table 9. Percentage of total demand satisfied to consumers subjected to energy agreements in the 522 

studied cases 523 

Case # Demand satisfied 

1 (user 1) 70 % 

1 (user 2) 54 % 

2 (user 1) 100 % 

2 (user 2) 100 % 

 524 

Fig. 10 compares the actual surplus energy in the studied cases. As appreciated in 525 

this figure, more surplus is frequently produced in the case 1, especially during evening 526 
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due to high PV potential. This is because the optimal scheduling tool programs the differ-527 

ent responsive loads so that surplus energy is maximized compared with the case 2. 528 

 529 

Figure 10. Comparison of the surplus energy produced from renewable sources in the two studied 530 

cases. 531 

Fig. 11 analyses the status of the different storage systems through the time horizon. 532 

In the case of the BES system, the effect of DR is not especially appreciated. However, DR 533 

programs are more noticeable in the operation of the PHS unit. As seen in Fig. 11, the last 534 

hours of the evening are exploited in the case 1 to refill the upper reservoir, while the PHS 535 

pumps water earlier in the case 2. This is due to more surplus energy is produced during 536 

these hours in the case 1, as seen in Fig. 10. Lastly, Table 10 reports the total energy gen-537 

erated by the DEG in the studied cases. As observed, energy generated by the DEG is 538 

notably reduced by applying DR programs (~82%). This is achieved by joint participation 539 

of flexible consumers which, by reducing their demands requirements, enable a high sur-540 

plus renewable generation. This way, the MG operator not only achieve reducing the op-541 

erational cost of the system, but also environmental targets are more easily reachable due 542 

to a drastic reduction of fuel consumption. 543 

 544 

Figure 11. Operation of the different storage facilities in the studied cases. BES (upper) and PHS 545 

(middle and bottom). 546 

Table 10. Total DEG energy in the studied cases 547 

Case # Energy 

1 148.45 kWh 

2 836.60 kWh 

 548 
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7. Conclusions 549 

This paper has presented a mathematical model for optimal coordination of ‘green’ 550 

BES and PHS systems in isolated MGs including DR programs. Our proposal combines 551 

the traditional Mixed-Integer-Linear programming model for optimal coordination of the 552 

different MG assets and responsive loads, with an original Mixed-Integer-Logical pro-553 

gramming framework for mathematically modelling a series of logical rules that enables 554 

an effective coordination of the different storage facilities. Besides, a simple stochastic pro-555 

gramming paradigm has been proposed, which exploits clustering techniques to keep the 556 

whole optimization procedure computationally tractable. 557 

A case study has been presented to validate the developed Mixed-Integer-Logical 558 

programming model. The numerical experiments have also served to analyse the effect of 559 

DR programs in MG operation. In this regard, a notable cost reduction is achieved by 560 

enabling demand participation (~38%). Notable monetary savings are possible due to a 561 

drastic reduction of DEG generation (~82%). Besides, it has been observed that the differ-562 

ent responsive loads are programming so that surplus energy from renewable sources is 563 

maximized. 564 

It is worth commenting that the developed model shares limitation with stochastic 565 

programming. Although this uncertainty model is normally assumed to be feasible and 566 

widely applicable, it requires accurate forecasts to be reliable. In this sense, the developed 567 

methodology can be adapted to other uncertainty models to overcome such drawbacks, 568 

which will be addressed in future works. Moreover, future researches will be focused on 569 

developing similar optimization frameworks for other type of hybrid storage systems, 570 

which may encompass hydrogen tanks, super-capacitors, or air-compressed storage sys-571 

tems. 572 
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Nomenclature 592 

Index (Set) 593 

𝑟(ℛ)   Representative scenario 594 

𝑡(𝒯)   Time 595 

𝑠(𝒮)   Consumer subjected to shedding agreements 596 

𝑒(ℰ)   Consumer subjected to energy-supplying agreement 597 

Superscripts 598 
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DEG   Diesel engine generator 599 

PV   Photovoltaic-based generator 600 

WG   Wind-based generator 601 

BES, ch/dch Battery energy storage in charging/discharging mode 602 

PHS, pump/turb Pumped hydro storage in pump/turbine mode 603 

K   Curtailed load 604 

OM   Operation and maintenance 605 

LD   Local demand 606 

Upper/Lower Upper/lower reservoir 607 

(∗)/(∗)  Maximum/minimum value of a variable or parameter 608 

Parameters and constants 609 

𝜔   Probability (p.u.) 610 

∆𝜏   Time step (hrs.) 611 

𝑎, 𝑏, 𝑐  Fuel cost coefficients ($/h, $/kWh, $/kWh²) 612 

𝜚   Energy cost ($/kWh) 613 

𝜇   Operation and maintenance cost ($/kWh or $/kWh²) 614 

𝜎   Start-up and shutdown costs ($) 615 

𝜅   Cost of shedding load ($/h) 616 

Ε   Energy agreed for energy-supplying agreements (kWh) 617 

𝑅   Ramp up/down (kW) 618 

𝜂   Efficiency (p.u.) 619 

𝜗   Solar irradiation (kW/m²) 620 

𝜃   Temperature (ºC) 621 

𝛾   Wind speed (m/s) 622 

𝛼, 𝛽   Coefficients of the speed-power curve of a wind turbine (kW/(m/s)3, -) 623 

e2P   Energy-to-power ratio (hrs.) 624 

DOD   Depth of discharge (p.u.) 625 

𝐻   Net head (m) 626 

𝜌   Water density (kg/m³) 627 

𝑔   Gravity acceleration (m/s²) 628 

𝑀   Large positive number 629 

𝑓   Friction factor (-) 630 

𝐿   Pipe length (m) 631 

𝐷   Inlet pipe diameter (m) 632 

Decision variables 633 

𝑝   Power (kW) 634 

𝑢   Commitment status (binary) 635 

𝑞   Water flow (m³/s) 636 

𝜀   Energy (kWh) 637 

𝑣   Water volume (m³) 638 

on𝑟|𝑡
𝑖 /off𝑟|𝑡

𝑖   Pair of variables that are equal to 1 if the unit 𝑖 is activated/deactivated 639 

at time 𝑡, and 0 otherwise (binary) 640 

𝑦   Auxiliary variables for linear representation of logical rules (binary) 641 

 642 

Appendix A. Linearization of quadratic terms 643 

In this paper, the quadratic terms of the optimization model are linearized using a 644 

piecewise representation of the nonlinear function [44]. Supposing a nonlinear function of 645 

a continuous variable 𝜓(𝑤), let us assume the bounds of this function known (i.e. 𝜓(𝑤), 646 

𝜓(𝑤)). To obtain the piecewise representation of this function, its range is divided into 647 

𝑛 − 1 segments as shown in (A1). 648 
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𝜓̃ = 〈𝑤̃𝑖 , 𝜓(𝑤̃𝑖)〉; ∀𝑖 ∈ {1,2, … , 𝑛} (A1) 649 

where the superscript (∗)̃ makes mention to points of the piecewise function (see Fig. 650 

A1). Then, an auxiliary binary variable 𝛿 is declared and 𝜓 is replaced in the formulation 651 

by the linear variable 𝑧, which is given by: 652 

𝑧 = ∑ {𝛿𝑖 ∙ (𝑤 ∙ 𝐾𝑖 − 𝐿𝑖)}
𝑖=𝑛
𝑖=1  (A2) 653 

where the 𝐾, 𝐿’s are respectively calculated by (A3) and (A4). 654 

𝐾𝑖 =
𝜓(𝑤̃𝑖)−𝜓(𝑤̃𝑖−1)

𝑥̃𝑖−𝑥̃𝑖−1
;  ∀𝑖 ∈ {2,3, … , 𝑛} (A3) 655 

𝐿𝑖 = 𝜓(𝑤̃𝑖) − 𝐾𝑖 ∙ 𝑤̃𝑖;  ∀𝑖 ∈ {2,3, … , 𝑛} (A4) 656 

 657 

Figure A1. Piecewise representation of a nonlinear function 𝜓. 658 

To ensure the coherency between the set 𝛿 and the value of 𝑤, the constraint (A5) 659 

has to be included. 660 

∑ {𝛿𝑖 ∙ 𝑤̃𝑖}
𝑖=𝑛−1
𝑖=1 ≤ 𝑤 ≤ ∑ {𝛿𝑖−1 ∙ 𝑤̃𝑖}

𝑖=𝑛
𝑖=2  (A5) 661 

Finally, only one segment of 𝜓̃ should be active each time. This condition can be 662 

guaranteed by declaring 𝛿 a special ordered set 1 (SOS1) [45]. Many commercial solvers 663 

such as Gurobi enables direct declaration of SOS1 property and exploit it in an efficient 664 

manner. It is worth noting that 𝑛 bi-linear terms appear in (A2) because the product of 665 

the set 𝛿 by 𝑤. These nonlinear terms can be easily linearized by introducing the dummy 666 

variable 𝑣 and the constraints (A6) and (A7) [33]. 667 

𝑤 −𝑀 ∙ (1 − 𝛿) ≤ 𝑣 ≤ 𝑤 +𝑀 ∙ (1 − 𝛿) (A6) 668 

−𝑀 ∙ 𝛿 ≤ 𝑣 ≤ 𝑀 ∙ 𝛿 (A7) 669 

Appendix B. Linearization of bi integer variables 670 

A bi-integer variable arises from the product of two integer variables. Let us assume 671 

𝛿1 and 𝛿2 two integer variables. The product of these two variables can be replaced by 672 

the integer dummy variable 𝜛, besides imposing the constraints (B1)-(B3). 673 

𝜛 ≤ 𝛿1, 𝜛 ≤ 𝛿2 (B1) 674 

𝜛 ≥ 𝛿1 + 𝛿2 − 1 (B2) 675 

𝜛 ≥ 0 (B3) 676 
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