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Abstract. Industrial parks allow industries to share infrastructure and thus saving money, finally 

redounding in improving the economy of many countries worldwide. Given the objectives of 

carbon neutrality imposed by different entities, it results mandatory promoting energy efficiency 

in industrial parks. Aligning with such objective, encouraging industries to provide energy 

flexibility becomes essential. In the electricity sector, such flexibility can be provided through 

optimally managing local assets such as energy storage and flexible loads. However, flexibility 

provision should be promoted by implanting proper pricing mechanisms. This paper focuses on 

this issue by developing a local market clearing mechanism for industrial parks, whose main 

novelty redounds in the inclusion of a fair pricing mechanism through which industries are paid 

by flexibility provision. Different types of flexible loads are considered and modelled (i.e. 

curtailable, interruptible and deferrable), so that the new proposal is suitable for leveraging fully 

capabilities of industrial flexible loads. The whole pricing mechanism is raised as a bi-level game-

based model, by which local energy and flexibility prices are revealed in a coordinated way. 

Challenges brought by the inclusion of binary variables (needed for modelling some types of 

flexible loads) are solved by proposing a solution algorithm based on the well-known Column & 

Constraint Generation Algorithm. The resulting optimization framework is Mixed Integer Linear 

Programming, being therefore solvable by off-the-shelf solvers. A case study is presented to 

validate the new proposal as well as highlight some important aspects related to local markets in 

industrial parks and its practical implantation. 
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Nomenclature 

Indices (sets) 

𝑖(ℐ)   Industry 

𝑡(𝒯)   Time 

Θ𝑖
𝐷 = [𝐿𝑖

𝐷 , … , 𝑈𝑖
𝐷] Allowable time window of deferrable loads in the ith industry 

Superscripts 

𝐼𝑃   Industrial park 

𝑏/𝑠   It refers to power imported (bought)/exported (sold) 

𝑅𝐸𝑆   Local renewable generation 

𝐵, 𝑐/𝑑   Battery system in charging/discharging mode 

𝐿   Non-controllable (non-flexible) demand 

𝐶/𝑆/𝐷   Curtailable/interruptible/deferrable loads 

𝐷𝑅   Flexible demand 

𝑀   Park manager 

𝐺   External grid (distribution network) 

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

(⋅)̂   Estimated value 

(⋅)̃   Given value 

Parameters and constants 

Δ𝜏   Time step [h] 

𝐸𝑖
𝑁𝑒𝑡   Daily net energy demand of the ith industry [kWh] 

𝜈𝑠   Penalty/incentive for exporting energy [pu] 

𝜂   Efficiency [pu] 

Ζ𝑖
𝐶   Minimum daily demand of curtailable loads in the ith industry [kWh] 

ℎ𝑖
𝐷 Duty cycle of deferrable loads in the ith industry [h] 

ℎ𝑖
𝑆 Minimum number of hours that interruptible loads must work over a day 

in the ith industry [h] 

Compact notation 

𝑨, 𝑩, 𝑫, 𝑯  Matrix of coefficients 

𝒃, 𝒅   Vector of coefficients 

𝒑̂   Vector of estimated powers 

𝒄̂𝐺    Vector of estimated grid energy prices 

𝒉 Vector of time-related parameters (i.e. duty cycles or maximum 

interruptible hours) 

Decision variables (primal) 

𝑝   Power [kW] 

𝜆   Energy price [€/kWh] 

𝜖   Energy stored [kWh] 

𝑢   Commitment statuses [binary] 

𝜁   Auxiliary variable for modelling costs [€] 

Decision variables (dual) 

𝜙   Dual variable linked to equality constraints [-] 



𝜇, 𝜇   Dual variables linked to inequality constraints [-] 

𝜓↓, 𝜓↑   Auxiliary variables to linearize complementarity terms [-] 

Variables (vector notation) 

𝒙𝑖/𝒙
𝑀   Continuous primal variables of the ith industry/park manager 

𝒖𝑖   Binary primal variables of the ith industry 

𝝀𝑀   Energy prices in the park (i.e. local prices) 

𝝓   Dual variables linked to equality constraints 

𝝁   Dual variables linked to inequality constraints 

1 – Introduction 

1.1 – Motivation 

Industries often come together in industrial parks (IPs) where they can reduce costs by sharing 

infrastructure. Currently, there are more than 20,000 IPs worldwide [1], which have contributed 

significantly to economy development in many countries. Nevertheless, industrial activity in such 

areas supposes one of the main sources of greenhouse emissions, either due to manufacturing and 

other industrial processes, or electricity consumption [2]. Thus, the massive use of energy 

compromises the carbon neutrality target by 2050 [3]. To achieve such ambitious goal, the report 

[4] points out different measures and initiatives that should be put on practise in IPs and urban 

areas: advancing towards massive use of renewable energy sources (RESs), and incentivizing a 

more efficiency use of energy. 

1.2 – Energy Efficiency in IPs: Current Status & Research 

In the 90’s, a number of countries launched initiatives in order to promote a more efficiency 

use of energy IPs [5, 6]. In particular, [6] conducted an ex-post study about the results of such 

initiatives, pointing out that the promotion of energy efficiency in IPs led to reduce up to 30 % 

CO2 emissions in South Korea in less than 10 years. More currently, the Mo Industrial Park in 

Norway [7] is powered by local hydroelectricity and becomes leader in recycling energy for 

different uses. For instance, waste heat is used by the local manufacturer Elkem to breed smolt 

for aquaculture. Other examples can be found in the Pôle Metropolitain de l’Artois [8], or the 

Ulsan IP in South Korea [9], for which a 1.5 GW is projected. This kind of projects seek for clean 

local generation for IPs as well as converting industrial zones economically attractive by boosting 

up local energy efficiency. 

IPs provide an optimal environment for sharing resources locally such as individual 

generation or storage. However, the optimal coordination of such assets become challenge, being 

necessary the use of energy management tools in order to enhance the efficiency and economy of 

the entire system. Applying energy management strategies in IPs devotes on actively managing 

local resources. Focusing on electricity, such resources include RESs through photovoltaics 

(PVs), as well as energy storage and flexibility provided by some kind of loads. In this regard, 

energy management strategies for IPs may differ from other specific tools used in other paradigms 

like energy communities [10]. 

Energy management strategies in IPs may be performed at industry level, in which each 

industry pursues individual objectives; or collectively, in which all the users partaking in the park 

cooperate on achieving common objectives. Typically, the second option is preferred as the 

cooperation among users is promoted and, generally, better results are achieved globally when 

common objectives are pursued instead of individual goals [11]. 

A number of researches have dealt with energy management in IPs in recent years. In 

particular, Zhao et al. [12] propose an energy management strategy for IPs connected to gas and 

power networks and encompassing heating, cooling and electricity sub-systems. In [13], a game-

based coordination framework for combined heat-power units integrated in IPs is developed. The 



game approach seeks for establishing compensatory payments for ancillary services, while energy 

is directly purchased from the grid under fixed prices. 

Heuristic-based rules were applied in [14] for power allocation in IPs, while [15] develops a 

hierarchical energy management strategy for an IP involving flexible loads. Zare Oskouei et al. 

[16] propose an optimization framework for participation of IPs in electricity and gas markets, 

for which an upscale structure called virtual energy hub is described. A model predictive control 

for energy management in IPs is developed in [17], with the particularity of modelling 

uncertainties via robust optimization. 

1.3 – Justification of Local Energy Markets in IPs 

As mentioned, one of the most effective ways of improving energy efficiency in IPs is 

promoting energy cooperation. In this sense, industries partaking in the park can share resources 

via peer-to-peer (P2P) transactions. Motivated by this principle, many initiatives have been 

launched in order to promote energy sharing in IPs. For example, the European Commission 

launched in 2018 a specific project call focused on energy cooperation in IPs [18]. 

From a mercantilist point of view, energy cooperation can be performed under cooperative or 

market-based rules. In the first case, participants exchange resources without receiving a 

monetary counterpart, establishing an ex-post sharing mechanism to distribute costs 

proportionally among users (see [19]). In contrast, local markets can be launched, thus 

establishing local energy prices that are revealed by a local market entity, so that local energy 

transactions are performed on the basis of these prices. This idea has been put on practise for 

microgrids or energy communities [20], but its application in IPs is still scarce and only treated 

in a few references [13]. 

1.4 – Contributions & Paper Organization 

Local markets are recognised as an effective way to promote electricity sharing, thus 

improving economy of users, while reducing dependence of volatile upward markets [11]. Based 

on this idea, we believe that the implantation of local markets mechanisms in IPs may be positive 

for improving energy efficiency in industrial areas. So far, existing market structures for IPs are 

rather focused on electricity trading (see [13]). However, the third objective marked in [4] makes 

mention on promoting energy flexibility. Thereby, local markets initiatives should not be uniquely 

focused on energy cooperation, but also on encouraging users to modify their consumption 

patterns in order to improve the energy efficiency collectively. 

The idea of flexible demand is not new and is commonly known as demand response (DR) 

[21]. Electricity retailers and service provides worldwide have focused on promoting DR during 

years, putting on practise incentive or price-based mechanisms in order to encourage end-users to 

adapt their consumption profiles. Such initiatives establish coherent monetary 

incentives/penalties so that consumers receive a fair pricing signal and can response consequently. 

In this sense, we believe that local market mechanisms for IPs should contemplate proper pricing 

signals focused on flexibility provision, so that industries can accommodate their consumption 

according to local pricing signals. 

This paper focuses on this issue. More specifically, this work develops a novel local electricity 

market model for IPs, whose main merit is the inclusion of a specific market product focused on 

paying for flexibility provided by users. In contrast to other local market mechanisms rather 

focused on electricity trading (e.g. [13]), our proposal incorporates a fair market product devoted 

on incentivizing flexibility provision from end-users. This way, we expect that the developed 

market model supposes a useful tool for park managers in order to improve the economy and 

energy utilization in IPs. 

One particularity of IPs compared with other energy paradigms (e.g. energy communities), is 

the presence of a variety of loads that can partake in flexibility provision in different ways. For 

example, industrial processes can provide energy flexibility by means of curtailable, deferrable 



and interruptible loads. The models proposed in the revised literature oversimplify the flexibility 

capability of industries by only considering one type of loads. Thus, while [12] includes 

interruptible loads, only curtailable demand was modelled in [14, 15]. In other cases, flexibility 

is restricted to flexible generation units such as combined heat-power devices in [13]. In the new 

proposal, heterogeneous flexible loads are properly modelled making use of binary variables, 

which are properly accommodated making use of a solution strategy based on the Column & 

Constraint Generation Algorithm (C&CGA), which eventually preserves the convexity of the 

optimization model. 

The developed market model is thus raised as a bi-level Stackelberg game framework, by 

which local electricity and flexibility prices are cleared in a coordinated way, seeking for 

incentivizing flexibility provision from users. The resulting optimization model is Mixed Integer 

Linear programming (MILP), being so easily solvable by off-the-shelf solvers. Lastly, the 

developed market model is validated on a benchmark IP. For the sake of simplicity, the main 

contributions of this paper are numerated below: 

 Developing a novel local market model suitable for IPs (but adaptable to other paradigms) 

with the inclusion of a fair market product to incentivize flexibility provision from end-

users. 

 Developing a bi-level game-based model for the proposed market mechanism, through 

which local electricity and flexibility prices are cleared in a coordinated way. 

 Including the model of different flexible loads (i.e. curtailable, deferrable and 

interruptible) within the developed optimization model by proposing a solution strategy 

based on C&CGA. 

In the rest of this paper, Section 2 introduces some concepts and states the mathematical 

problem. Section 3 describes in detail the mathematical models. Section 4 develops a solution 

strategy based on C&CGA for market clearing including flexible loads. A case study with results 

is analysed in Section 5, whereas Section 6 concludes the paper. 

2 – Preliminaries 

2.1 – Local Market Model 

In this paper, we consider the IP layout described in Fig. 1. We assume that industries within 

the park install various assets capable to provide flexibility in different ways. On the one hand, 

we consider that local generation and storage are enabled through PV panels and battery energy 

systems (BESs), respectively. On the other hand, each industry is capable of managing different 

types of flexible loads. In this sense, we consider three different categories as in [22], which are 

described below: 

 Curtailable loads can reduce their consumption below a power bound, but keeping power 

supply above an established lower margin. There is a variety of loads that can be 

classified into this category and therefore curtailed for convenience (e.g. lighting). 

Nevertheless, we consider that a minimum energy requirement must be satisfied over a 

day in order to ensure safe operation. 

 Interruptible loads can be disconnected a number of hours over a day. Within this 

category, thermal-driven devices are typically considered interruptible within some 

feasible margins [23]. 

 Deferrable loads are a priori scheduled at a specified hour, either due to personal or 

working requirements. However, their operation can be deferred for convenience, but 

respecting their duty cycles, which must be completed within established time windows. 

A number of industrial processes can be included within this category (e.g. steel 

furnaces).  



 
Fig. 1 – Sketch of the considered IP and agents involved 

The main focus of this paper is developing a local market mechanism for the IP sketched in 

Fig. 1. To this end, we consider that industries are electricity end-users and engage in local 

electricity trading through P2P transactions under local electricity prices (i.e. 𝜆𝐼𝑃). Such prices 

are revealed daily in a market-clearing fashion by a central entity called park manager. In practise, 

this agent encompasses spatial arbitrageur and price-setter roles [20]. In this sense, the manager 

decides on electricity trading with the distribution/transmission network to which the IP is 

connected, as well as sets local electricity and flexibility (i.e. 𝜆𝐷𝑅) prices.  

Thus, the main novelty of the proposed market model with respect others proposed for 

microgrids or energy communities [20], is the inclusion of a market product devoted on 

incentivizing demand flexibility from users, which will be further explained in Section 3.  

2.2 – Assumptions 

We assume perfect market competition, which implies that all the industries follow a price-

taker strategy. This way, any of the industries partaking in the IP is keen on impacting on local 

prices through managing own resources. Therefore, all the players taking part in the proposed 

market structure follow maximizing the collective welfare. 

We also assume deterministic conditions on our optimization problems. Note that volatile 

prices fixed by the retailer as well as non-predictable demand and renewable generation make the 

energy management problem uncertain in practise. However, this paper focuses on day-ahead 

energy markets, which are set on the basis of forecasted profiles. In this sense, real-time and 

intraday markets could be launched to correct possible deviations from forecasts [20]. 

Nevertheless, this paper is out of scope of this issue. 

We assume that the developed market mechanism is cleared locally, following pricing signals 

from wholesale energy markets. Under this assumption, local entities, such as the park manager 

or industries, have no access to the local transmission or distribution network information and, 

therefore, it is not realistic including the transmission network model in the market framework. 

On the other hand, the power network within the park is assumed to be properly sized to avoid 

bottlenecks. Note that bottlenecks can be avoided locally by simply tuning up the power limit 𝑝𝑖
𝐼𝑃

 

properly.  Under this plausible assumption, including the network model does not impact on the 

scheduling plan of the park and therefore the results are not altered [24]. Additionally, this 

assumption allows us to focus on pricing results, which is the main scope of this paper. 

Finally, we assume that the formed IP cannot be decomposed. In other words, any of the 

players partaking in the IP can leave the coalition and engage individually in energy trading with 

the grid. In this regard, we assume that industries agreed a long-term coalition, which is plausible 

in practise. 

2.3 – Problem Statement 

Next, we present the mathematical modelling of the agents involved in the considered IP in 

compact (matrix-vector) notation. Firstly, industries aim at minimizing their expected cost by 



trading energy and flexibility with the park manager while managing own resources, which 

motivates the following optimization problem for the ith industry in the IP: 

min
𝒙𝑖,𝒖𝑖

𝐹𝑖 = 𝝀
𝑀𝒙𝑖

⊺ (1a) 

Subject to: 

𝑨𝑖𝒙𝑖
⊺ + (𝒖𝑖 ∘ 𝒑̂𝑖

𝐷/𝑆
)
⊺
+ (𝒑̂𝑖

𝐿/𝑅𝐸𝑆
)
⊺
= 𝟎 (1b) 

𝑯𝑖
𝐷𝒖𝑖

⊺ + (𝒉𝑖
𝐷)
⊺
= 𝟎 (1c) 

𝑩𝑖𝒙𝑖
⊺ ≤ 𝒃𝑖

⊺ (1d) 

𝑯𝑖
𝑆𝒖𝑖

⊺ ≤ (𝒉𝑖
𝑆)
⊺
 (1e) 

𝒖𝑖 ∈ {0,1} (1f) 

where ∘ : ℝ𝑚×𝑛 ↦ ℝ𝑚×𝑛  is the Hadamard (i.e. element-wise) product and (⋅)⊺: ℝ𝑚×𝑛 ↦ ℝ𝑛×𝑚 

stands for the transpose operator. Above, (1a) is the objective function of the ith industry in the 

IP, which encompasses costs for energy and flexibility trading in the IP. To minimize its costs, 

each industry is able to manage own resources, which are modelled through continuous (i.e. 𝒙𝑖) 

and binary (i.e. 𝒖𝑖) variables.  

The constraints in (1) are formed by equality, inequality and binary constraints. In particular, 

(1b) encompasses balance constraints, in which continuous and binary variables are implied, as 

well as forecasted powers (denoted by 𝒑̂). More specifically, the first term in (1b) makes mention 

to power trading with the park, charging-discharging decisions on BES and power curtailed. The 

second term is related to interruptible and deferrable loads, whose consumption is forecasted and 

can be managed via integer variables. Lastly, the third term encompasses forecasted renewable 

generation and non-controllable demand. On the other hand, (1c) encompasses equality 

constraints uniquely involving binary variables, which model interruptible loads, as explained in 

the following section. 

The set of inequality constraints contemplate power bounds in (1d) and also deferrable loads 

modelling in (1e), which require the use of binary variables. Finally, the variables in 𝒖𝑖 are 

declared binary in (1f). 

Thus, the park manager engages in energy trading with the local network (through a retailer), 

coordinates P2P trading among industries and reveals local energy and flexibility prices. In this 

sense, the park manager pays for power imported from the network and power exported from the 

park, while is paid by power exported to the network and power imported by industries. Moreover, 

the park manager pays industries by providing flexibility. Keeping this on mind, the park manager 

aims at minimizing her costs, while coordinates local power exchanges and clears local prices, 

which motivates the following optimization problem: 

min
𝒙𝑀,𝝀𝑀

𝐹𝑀 = 𝒄̂𝐺(𝒙𝑀)⊺ − ∑ 𝐹𝑖𝑖  (2a) 

Subject to: 

𝑨𝑀(𝒙𝑀)⊺ = 𝟎 (2b) 

𝑩𝑀(𝒙𝑀)⊺ ≤ (𝒃𝑀)⊺ (2c) 

𝑫𝑀(𝝀𝑀)⊺ ≤ (𝒅𝑀)⊺ (2d) 

The objective function (2a) encompasses costs for power trading with the network, which are 

performed under forecasted retailer’s prices (i.e. 𝒄̂𝐺). Note that such prices will be forecasted if 

one assumes a real-time-pricing mechanism for the park, while can be assumed deterministic if 

other kind of tariff is agreed (e.g. time-of-use tariffs). The second term in (2a) includes cost for 

trading power and flexibility with industries. It is worth noting that the manager decides on local 

and with-the-network power trading and local prices (i.e. 𝒙𝑀 and 𝝀𝑀, respectively), thus being 



unnecessary the use of binary variables in (2). On the other hand, (2c) and (2d) express bounds 

for the decision variables 𝒙𝑀 and 𝝀𝑀, respectively. 

3 – Detailed Formulation 

Section 2.3 introduced the problem statement using compact notation. In subsequent sections, 

the models (1) and (2) are explained in detail. Note that dual variables are shown at the right-hand 

side of their corresponding equation. 

3.1 – Industries 

The industries modelling (1) is fully given below: 

min
𝒙𝑖,𝒖𝑖

𝐹𝑖 = Δ𝜏∑

{
 
 

 
 

𝜆𝑡
𝐼𝑃(𝑝𝑖,𝑡

𝐼𝑃,𝑏 − 𝜈𝑠𝑝𝑖,𝑡
𝐼𝑃,𝑠)⏟            

𝐶𝑜𝑠𝑡 𝑓𝑜𝑟 𝑒𝑥𝑐ℎ𝑎𝑛𝑔𝑖𝑛𝑔 
𝑝𝑜𝑤𝑒𝑟 𝑖𝑛 𝑡ℎ𝑒 𝑝𝑎𝑟𝑘 }

 
 

 
 

𝑡 − Δ𝜏𝜆𝑖
𝐷𝑅(𝐸̂𝑖

𝑁𝑒𝑡 − 𝐸𝑖
𝑁𝑒𝑡)⏟            

𝐼𝑛𝑐𝑜𝑚𝑒𝑠 𝑓𝑜𝑟 
 𝑝𝑟𝑜𝑣𝑖𝑑𝑖𝑛𝑔 𝑓𝑙𝑒𝑥𝑖𝑏𝑖𝑙𝑖𝑡𝑦

 (3a) 

Subject to: 

𝐸𝑖
𝑁𝑒𝑡 = ∑ {𝑝𝑖,𝑡

𝐼𝑃,𝑏 − 𝑝𝑖,𝑡
𝐼𝑃,𝑠}𝑡  (3b) 

𝑝𝑖,𝑡
𝐼𝑃,𝑏 + 𝑝̂𝑖,𝑡

𝑅𝐸𝑆 + 𝑝𝑖,𝑡
𝐵,𝑑 = 𝑝𝑖,𝑡

𝐼𝑃,𝑠 + 𝑝̂𝑖,𝑡
𝐿 + 𝑝𝑖,𝑡

𝐵,𝑐 + 𝑝𝑖,𝑡
𝐶 + 𝑢𝑖,𝑡

𝑆 𝑝̂𝑖,𝑡
𝑆 + 𝑢𝑖,𝑡

𝐷 𝑝̂𝑖,𝑡
𝐷 : 𝜙𝑖,𝑡; ∀𝑡 ∈ 𝒯 (3c) 

𝜖𝑖,𝑡
𝐵 = 𝜖𝑖,𝑡−1

𝐵 + Δ𝜏(𝑝𝑖,𝑡
𝐵,𝑐𝜂𝑖

𝐵 − 𝑝𝑖,𝑡
𝐵,𝑑/𝜂𝑖

𝐵): 𝜙𝑖,𝑡
𝐵 ; ∀𝑡 ∈ 𝒯\𝑡 = 1 (3d) 

𝜖𝑖,1
𝐵 = 𝜖𝑖,|𝒯|

𝐵 = 𝜖𝑖
𝐵
: 𝜙𝑖

𝐵(0)
, 𝜙𝑖

𝐵(𝑒𝑛𝑑)
 (3e) 

0 ≤ 𝑝𝑖,𝑡
𝐼𝑃,𝑥 ≤ 𝑝𝑖

𝐼𝑃
: 𝜇𝑖,𝑡
𝐼𝑃,𝑥 , 𝜇𝑖,𝑡

𝐼𝑃,𝑥
; ∀𝑡 ∈ 𝒯 ∧ 𝑥 ∈ {𝑏, 𝑠} (3f) 

0 ≤ 𝑝𝑖,𝑡
𝐵,𝑥 ≤ 𝑝𝑖

𝐵
: 𝜇𝑖,𝑡
𝐵,𝑥 , 𝜇𝑖,𝑡

𝐵,𝑥
; ∀𝑡 ∈ 𝒯 ∧ 𝑥 ∈ {𝑐, 𝑑} (3g) 

𝜖𝑖
𝐵 ≤ 𝜖𝑖,𝑡

𝐵 ≤ 𝜖𝑖
𝐵
: 𝜇𝑖,𝑡
𝜖 , 𝜇𝑖,𝑡

𝜖
; ∀𝑡 ∈ 𝒯 (3h) 

𝑝𝑖,𝑡
𝐶 ≤ 𝑝𝑖,𝑡

𝐶 ≤ 𝑝̂𝑖,𝑡
𝐶 : 𝜇𝑖,𝑡

𝐶 , 𝜇𝑖,𝑡
𝐶
; ∀𝑡 ∈ 𝒯 (3i) 

Δ𝜏∑ 𝑝𝑖,𝑡
𝐶

𝑡 ≥ Ζ𝑖
𝐶 : 𝜇𝑖,𝑡

𝑍
 (3j) 

∑ 𝑢𝑖,𝑡
𝐷

𝑡 =
ℎ𝑡
𝐷

Δ𝜏
 (3k) 

𝑢𝑖,𝑡
𝐷 = 0;∀𝑡 ∉ Θ𝑖

𝐷 (3l) 

∑ 𝑢𝑖,𝑡
𝑆

𝑡 ≥ |𝒯| −
ℎ𝑖
𝑆

Δ𝜏
 (3m) 

𝑢𝑖,𝑡
𝑆 , 𝑢𝑖,𝑡

𝐷 ∈ {0,1}; ∀𝑡 ∈ 𝒯 (3n) 

The objective (3a) encompasses two terms. The first one expresses the cost for exchanging 

power locally through P2P mechanisms. As seen, the industries pay for importing power from 

other industries or the network (through the manager), and are paid by exporting power to other 

industries or the network (through the manager). Note that either local or grid-level power 

transactions, both are performed under local energy prices (i.e. 𝜆𝑡
𝐼𝑃). It is worth noting that power 

exports are multiplied by a constant 𝜈𝑠 ≥ 0, which in turn makes different the cost of exporting 

power. This factor aims at motivating/demotivating local exports in order to reflect the coherent 

purchasing/selling prices with the local grid, from which different prices are assumed for power 

imported or exported, as customary [25]. 

The second term in (3a) reflects the monetary incomes from providing flexibility. These costs 

are a function of the net energy demand calculated in (3b), and an estimated energy demand (i.e. 

𝐸̂𝑖
𝑁𝑒𝑡). This value (whose calculation is explained in Appendix A), reflects the net energy 

demanded by the ith industry if flexibility is disabled. Thus, flexibility provided by an industry is 

measured as the difference between the estimated net demand without and with flexibility. 

Thereby, the higher the difference between 𝐸̂𝑖
𝑁𝑒𝑡 and 𝐸𝑖

𝑁𝑒𝑡, the higher value of the second term 

in (3a) and consequently higher incomes are obtained by the industry.  



It is interesting to note that local energy prices are a function of time, which means that the 

we follow a dynamic pricing strategy. In practise, dynamic prices are considered an effective 

pricing strategy that reflect the generation-consumption balance of the entire system coherently 

[26]. In contrast, prices for flexibility are not dynamic and only different for each industry. By 

this assumption, industries receive a unique price signal for flexibility provision over a day, which 

eventually reduce the negative effects of response fatigue (see [27]). 

In the set of constraints, (3c) expresses the power balance of the industry, involving batteries, 

renewable generation, non-flexible and flexible loads as well as power exchanging with the park. 

On the other hand, (3d) stands for the instantaneous state-of-charge of BES, which is expressed 

as a function of the previous state-of-charge and the energy exchanged by the batteries. Since (3d) 

is not declared for 𝑡 = 1, (3e) fixes the initial and final energy stored in batteries. 

The power that each industry can exchange is assumed to be limited in (3e) by either 

contractual or physical restrictions (e.g. for avoiding network congestions). On the other hand, 

(3f) and (3g) give power and energy limits for batteries, respectively. While power limits are 

considered a function of the energy-to-power ratio [28], the energy limits are given by the total 

capacity and depth-of-discharge settings. 

In (3i), we assume that power dispatched to curtailable loads must lie within their forecasted 

demand and a preestablished minimum bound, considered for safe operation or other 

requirements. In any case, a minimum daily demand of curtailable loads must be satisfied, as said 

(3j). Interruptible loads can be interrupted a maximum number of hours over a day, as said (3k), 

while (3l) and (3m) ensure that deferrable loads complete their daily duty cycles within 

established time windows. Finally, binary variables for interruptible and deferrable loads are 

declared in (3n). 

Note that the model (3) has been particularized here to IPs to be as close as possible to the 

real particularities of IPs (i.e. the presence of heterogeneous flexible loads is more likely in IPs 

than in other market structures). Nevertheless, the same market idea could be easily implemented 

in other networks like microgrids. Indeed, note that (3) can be adapted to microgrids easily by 

only introducing minor modifications. In this sense, although the new proposal is considered in 

this paper for IPs, its versatility allows adapting it to other paradigms, thus easing its 

implementation. 

3.2 – Park Manager 

The detailed formulation for the park manager reads as: 

min
𝒙𝑀,𝝀𝑀

𝐹𝑀 = Δ𝜏∑ {𝜆̂𝑡
𝐺,𝑏𝑝𝑡

𝐺,𝑏 − 𝜆̂𝑡
𝐺,𝑠𝑝𝑡

𝐺,𝑠}𝑡 − ∑ 𝐹𝑖𝑖  (4a) 

Subject to: 

𝑝𝑡
𝐺,𝑏 + ∑ 𝑝𝑖,𝑡

𝐼𝑃,𝑠
𝑖 = 𝑝𝑡

𝐺,𝑠 + ∑ 𝑝𝑖,𝑡
𝐼𝑃,𝑏

𝑖 ; ∀𝑡 ∈ 𝒯 (4b) 

𝐹𝑖 ≤ Δ𝜏∑ {𝜆𝑡
𝐺,𝑏𝑝𝑖,𝑡

𝐼𝑃,𝑏 − 𝜆𝑡
𝐺,𝑠𝑝𝑖,𝑡

𝐼𝑃,𝑠}𝑡 ; ∀𝑖 ∈ ℐ (4c) 

0 ≤ 𝑝𝑡
𝐺,𝑥 ≤ 𝑝

𝐺
; ∀𝑡 ∈ 𝒯 ∧ 𝑥 ∈ {𝑏, 𝑠} (4d) 

𝜆𝑡
𝐼𝑃 ≤ 𝜆𝑡

𝐼𝑃 ≤ 𝜆𝑡
𝐼𝑃
; ∀𝑡 ∈ 𝒯 (4e) 

𝜆𝑖
𝐷𝑅 ≤ 𝜆𝑖

𝐷𝑅 ≤ 𝜆𝑖
𝐷𝑅
; ∀𝑖 ∈ ℐ (4f) 

In (4a), the first term involves costs for energy trading with the network, similar to the first 

term in (3a), whereas the second term in (4a) encompass the cost for local energy trading as well 

as flexibility, as explained in Section 2.3. 

The constraints in (4) expresses power balance in (4b), encompassing local P2P exchanges, 

while (4c) ensures that any industry would gain by engaging individually in energy trading with 

the local network, which in turns ensure the stability of the coalition [29]. On the other hand, (4d)-



(4f) establish limits in power exchanges with the network, as well as local energy and flexibility 

prices, respectively. 

3.3 – On the Role of the Park Manager 

In this paper, we assume that the park manager pays users for flexibility provision (and 

electricity exports), while is paid by electricity supplying through the local distribution network. 

Thus, we assume that the park manager absorbs monetary exchanges between the park and the 

network as in [20]. Since the proposed optimization problem falls into a Stackelberg game 

framework, the solution obtained is an equilibrium among players (i.e. industries and park 

manager). So that the resulting pricing strategy is assumed to benefit both industries and manager. 

Nevertheless, this is still an open topic in the literature regarding local market environments. 

There are some approaches that circumvent this issue by enforcing the budget balance character 

of the manager (meaning neither taking a loss nor making a profit) [19]. However, one could think 

that this assumption may discourage private agents to partake as managers in IPs or energy 

communities. Other approaches simply allocate costs among users according to some 

preestablished rules [30]. In contrast, assuming the park manager as a profit-seeker agent may 

result in monetary losses in some cases (e.g. absence of local generation). Nonetheless, discussing 

these different adoptions is out of scope of this paper and should be studied in future works. 

4 – The Proposed C&CGA Solution Strategy 

4.1 – Foundations and Motivation 

Our aim is developing a pricing mechanism for both local energy trading and flexibility 

provision. There exist different price-setting approaches in local markets or frameworks, 

comprising coordinated and non-coordinated strategies. Under non-coordinated mechanisms, 

central entity fixes prices without taking into account collective welfare and users’ reaction (see 

e.g. [31]). In contrast, coordinated strategies bear in mind the reaction of users, so that prices are 

set in a coordinated way in order to maximize the collective welfare. By these reasons, 

coordinated pricing mechanisms are typically preferred in deregulated market structures, where 

users can eventually choose among different market options [32].  

Coordinated pricing mechanisms are conveniently raised as bi-level optimization problems, 

in which one of the levels represent the users’ model, while the other level establishes the price-

setter strategy. This way, the price-setting problem is established as a game framework and its 

solution is, therefore, an equilibrium candidate in the Nash sense [33]. 

Based on the evidences above and according to the structure of our market model, we derive 

the price-setting mechanism as a Stackelberg game. As such, one agent acts as leader while other/s 

play as followers. In Stackelberg games, the leader takes a decision trying to anticipate the 

reaction of followers [34]. This concept aligns perfectly with the proposed structure, in which the 

park manager would act as leader, clearing local prices, while the industries play as followers. 

Mathematically, Stackelberg games are raised as bi-level optimization problems in which the 

followers’ problem (lower level) constraints the leader’s problem (upper level). To do that, the 

lower level needs to be reduced by its Karush-Kuhn-Tucker (KKT) conditions, which are 

sufficient conditions for optimality in convex problems [33]. 

In our particular market model, the followers’ problem is nonconvex due to the presence of 

binary variables and therefore non-reducible to its KKT conditions. To solve this issue, we 

propose solving the market mechanism using C&CGA. This solution strategy has been used in 

other related problems (e.g. [35]), and its convergence properties are well-known and proved. 

Therefore, by using a C&CGA algorithm, we aim at eliminating binary variables in the lower-

level problem and making it linear and therefore reducible to its KKT conditions. To do that, we 

decompose the solution procedure into two stages, namely master problem and sub-problem. 

Indeed, the master problem seeks for adequate values of binary variables, which are transferred 

to the sub-problem, where the market solution is pursued by solving a bi-level Stackelberg game 



problem where binary variables are treated as parameters. This way, the solution is achieved by 

iteratively solved both stages, as described in Fig. 2. 

 
Fig. 2 – Flowchart of the proposed market solution methodology 

4.2 – Master Problem 

The master problem jointly solves the manager-industry problem within the C&CGA, which 

results in the following optimization model: 

𝒖̃𝑖 ∈ argmin
𝒙𝑀,𝒙𝑖,𝒖𝑖,𝜁

𝒄𝐺(𝒙𝑀)⊺ + 𝜁 (5a) 

Subject to: 

𝜁 ≥ −∑ 𝐹𝑖𝑖 (𝝀̃𝑀) (5b) 

𝑨𝑖𝒙𝑖
⊺ + (𝒖𝑖 ∘ 𝒑̂𝑖

𝐷/𝑆
)
⊺
+ (𝒑̂𝑖

𝐿/𝑅𝐸𝑆
)
⊺
= 𝟎;∀𝑖 ∈ ℐ (5c) 

𝑩𝑖𝒙𝑖
⊺ ≤ 𝒃𝑖

⊺; ∀𝑖 ∈ ℐ (5d) 

𝑯𝑖
𝐷𝒖𝑖

⊺ + (𝒉𝑖
𝐷)
⊺
= 𝟎;∀𝑖 ∈ ℐ (5e) 

𝑯𝑖
𝑆𝒖𝑖

⊺ ≤ (𝒉𝑖
𝑆)
⊺
; ∀𝑖 ∈ ℐ (5f) 

𝒖𝑖 ∈ {0,1}; ∀𝑖 ∈ ℐ (5g) 

𝑨𝑀(𝒙𝑀)⊺ = 𝟎 (5h) 

𝑩𝑀(𝒙𝑀)⊺ ≤ (𝒃𝑀)⊺ (5i) 

In the problem above, the optimization models (1) and (2) are solved jointly, assuming known 

local prices (i.e. 𝝀̃𝑀). As result, the optimal value for binary variables is obtained (i.e. 𝒖̃𝑖). In this 

sense, this stage involves decision variables related to industries but also to the park manager. 

The objective (5a) is identical to (4a), but its second term is replaced by an auxiliary variable 

𝜁, which is modelled by (5b). Note that this is an arrangement needed for C&CGA. Note that the 

proposed solution scheme is in fact a variant of the traditional Benders decomposition, in which 

only primal information is exchanged between stages. 

Regarding the constraints, (5c)-(5g) are the constraints related to the industries problems, 

whereas (5h) and (5i) encompass the constraints of the park manager. Note that (2d) have not 

been included in (5) due to prices are considered parameters and therefore not included in the 

decision-space. 

4.3 – Sub-problem 

Once the optimal value of binary variables is calculated at the master problem, the sub-

problem seeks for calculating the optimal value for local prices (energy and flexibility). As 

commented, this price-setting model is raised as a bi-level Stackelberg framework in which the 

lower level (industries’ problem) is reduced by its KKT conditions. Note that, since the binary 



variables are considered parameters and equal to 𝒖̃𝑖, the lower level results linear and therefore 

reducible to its KKT conditions, resulting in the following optimization framework: 

𝝀̃𝑀 ∈ argmin
𝒙𝑀,𝝀𝑀,
𝒙𝑖,𝝓𝑖,𝝁𝑖

𝒄𝐺(𝒙𝑀)⊺ − ∑ 𝐹𝑖𝑖  (6a) 

Subject to: 

𝑨𝑖𝒙𝑖
⊺ + (𝒖̃𝑖 ∘ 𝒑̂𝑖

𝐷/𝑆
)
⊺
+ (𝒑̂𝑖

𝐿/𝑅𝐸𝑆
)
⊺
= 𝟎;∀𝑖 ∈ ℐ (6b) 

𝑩𝑖𝒙𝑖
⊺ ≤ 𝒃𝑖

⊺; ∀𝑖 ∈ ℐ (6c) 

𝑨𝑀(𝒙𝑀)⊺ = 𝟎 (6d) 

𝑩𝑀(𝒙𝑀)⊺ ≤ (𝒃𝑀)⊺ (6e) 

𝑫𝑀(𝝀𝑀)⊺ ≤ (𝒅𝑀)⊺ (6f) 

𝝀𝑀 + 𝑨𝑖
⊺𝝓𝑖 + 𝑮𝑖

⊺𝝁𝑖 = 𝟎; ∀𝑖 ∈ ℐ (6g) 

𝟎 ≤ 𝑮𝑖𝒙𝑖
⊺ − 𝒃 ⊥ 𝝁𝑖 ≥ 𝟎;∀𝑖 ∈ ℐ (6h) 

𝝓𝑖: free; ∀𝑖 ∈ ℐ (6i) 

𝝁𝑖 ≥ 𝟎; ∀𝑖 ∈ ℐ (6j) 

where ⊥ stands for complementarity. In (6), the objective (6a) is identical to (2a) while the rest of 

constraints stand for a primal-dual formulation involving primal and dual variables (namely 𝝓𝑖 

and 𝝁𝑖). In particular, (6b)-(6f) are the primal feasibility constraints, which ensure that the solution 

of (6) is feasible for the primal models (1) and (2). On the other hand, (6g) and (6h) are the 

stationary and complementarity KKT conditions of the lower level, respectively, which are fully 

given in Appendix B. Lastly, (6i) and (6j) are the dual feasibility constraints declaring free 

variables the 𝜙’s and positive variables the 𝜇’s. 

At its present form, (6) is hardly solvable due to the presence of nonlinear terms in (6a) and 

(6h). In particular, nonlinearities arise in (6a) due to the product of variables, while in (6h) the 

complementarity operator redounds in further nonlinearities. To solve this issue and transform 

the nonlinear model (6) into a solvable MILP, the objective (6a) is linearized following the 

methodology described in Appendix C, whereas complementarity constraints are linearized using 

the formulation given in [36], where it is demonstrated that a complementarity term 0 ≤ 𝑦1 ⊥

𝑦2 ≥ 0 can be effectively replaced by the following set of linear constraints. 

𝑦1 ≥ 0, 𝑦2 ≥ 0 (7a) 

𝜓↑ − 𝜓↓ = (𝑦1 − 𝑦2)/2 (7b) 

(𝑦1 − 𝑦2)/2 − (𝜓
↑ +𝜓↓) = 0 (7c) 

{𝜓↑, 𝜓↓} ∈ 𝕊𝕆𝕊1 (7d) 

Note that (7) is based on the auxiliary variables 𝜓↑ and 𝜓↓, which are declared special ordered 

set 1 (SOS1) in (7d), which implies that at most one of them is greater than zero. The linearization 

trick (7) based on SOS1 variables is considered more suitable than the traditional big-M method 

[37], in which the use of big M’s may provoke numerical instability or infeasible results [38]. 

By applying the linearization tricks above, the nonlinear model (6) is transformed into a 

tractable MILP, which is easily solvable using off-the-shelf solvers. 

4.4 – The Algorithm 

The 5-steps procedure below describes the proposed C&CGA for price-setting in the 

considered IP. 

1. Initialize energy and flexibility prices. In this paper, it is suggested to initially take 𝝀̃𝑀 =

(𝝀
𝑀
− 𝝀𝑀) 2⁄  



2. Solve the master problem (5) and obtain the solution tupple {𝒙𝑀,∗, 𝒖𝑖
∗, 𝜁∗}. Update 𝐹𝑀𝑃 =

𝒄𝐺(𝒙𝑀,∗)⊺ + 𝜁∗ 

3. Take 𝒖̃𝑖 = 𝒖𝑖
∗ and solve the linearized sub-problem (6), obtaining the solution tupple 

{𝒙𝑀,∗, 𝒙𝑖
∗, 𝝓𝑖

∗, 𝝁𝑖
∗, 𝝀𝑀,∗}. Update 𝐹𝑆𝑃 = 𝒄𝐺(𝒙𝑀,∗)⊺ − ∑ 𝐹𝑖(𝒙𝑖

∗, 𝝓𝑖
∗, 𝝁𝑖

∗, 𝝀𝑀,∗)𝑖  

4. Check convergence as  

|𝐹𝑀𝑃−𝐹𝑆𝑃|

𝐹𝑀𝑃
≤ 𝜖 (8) 

where 𝜖 = 0.1 in this paper. 

5. If (8) is met, then stop and take {𝒙𝑀,∗, 𝒙𝑖
∗, 𝒖𝑖

∗, 𝝀𝑀,∗} as final solution. Otherwise, update 

𝝀̃𝑀 = 𝝀𝑀,∗, and go to step 2. 

Note that the algorithm above only exchanges primal information between stages, thus 

avoiding the computation of sensibilities. It is worth mentioning that, typically, the considered 

algorithm converges within a few iterations and its convergence properties have been well-proved 

in several references [39]. 

5 – Case Study 

In this section, we present a case study with results. The objective of this section is twofold: 

on the one hand, we aim at validating the developed market model, observing that results obtained 

are coherent; on the other hand, we will analyse the behaviour of the different agents partaking in 

the park under the proposed market mechanism. To this end, the developed mathematical models 

and the algorithm proposed in Section 4 were coded under Matlab R2021a and solved using 

Gurobi [40]. All simulations were run on an Intel Core i7-10700K CPU 3.80GHz 3.79 GHz with 

32 GB RAM taking a 24-h time horizon with 1-h time resolution (i.e., |𝒯| = 24 and Δ𝜏 = 1), as 

customary in energy market based on hourly price signals. 

5.1 – Input Data 

We consider a three-industry IP connected to a local distribution network, from which can 

exchange energy under real-time prices, which are plotted in Fig. 3 and corresponds to prices 

observed in PJM FE Ohio [41]. The selling price was taken 0.9 times the purchasing one, thus 

simulating a typical scenario under generation excess, in which surplus generation is not 

incentivized [25]. Bounds for local energy prices are set on the basis of grid purchasing costs, 

which is a plausible assumption. In particular, 𝜆𝑡
𝐼𝑃
= 1.2𝜆̂𝑡

𝐺,𝑏
, 𝜆𝑡

𝐼𝑃 = 𝜆𝑖
𝐷𝑅 = 0, 𝜆𝑖

𝐷𝑅
= max

𝑡
𝜆̂𝑡
𝐺,𝑏

 

and 𝜈𝑠 = 0.9 were considered in simulations. 

 
Fig. 3 – Expected grid purchasing price (top), non-flexible demand (middle) and renewable local 

generation (bottom) 



Fig. 3 also shows expected non-flexible demand and renewable generation for each industry. 

The expected demand corresponds to typical profiles in industries [42], whereas renewable 

generation was built up assuming weather data (i.e. solar irradiance and temperature) in Madrid 

(Spain) in 2018 from [43], and the PV panel modelling described in [44]. Lastly, other relevant 

data are collected in Table 1, which are based on benchmark references [27], while features of 

flexible loads are shown in Table 2. 

Table 1 – Some parameters used in simulations 

Parameter Value Parameter Value 

𝑝
𝐼𝑃

  2 MW 𝑝𝑖
𝐵

  𝜖𝑖
𝐵
/2 

𝑝
𝐺

  8 MW 𝜖𝑖
𝐵  0.2𝜖𝑖

𝐵
 

𝜖𝑖
𝐵

  500, 300, 400 kWh 𝜂𝐵  0.95 pu 

Table 2 – Data of flexible loads 

Parameter 
Industry # 

1 2 3 

𝑝̂𝑖,𝑡
𝐶   0.6𝑝̂𝑖,𝑡

𝐿  0.6𝑝̂𝑖,𝑡
𝐿  0.6𝑝̂𝑖,𝑡

𝐿  

𝑝𝑖,𝑡
𝐶   0.5𝑝̂𝑖,𝑡

𝐶  0.5𝑝̂𝑖,𝑡
𝐶  0.5𝑝̂𝑖,𝑡

𝐶  

Ζ𝑖
𝐶  0.25Δ𝜏∑ 𝑝̂𝑖,𝑡

𝐶
𝑡   0.25Δ𝜏∑ 𝑝̂𝑖,𝑡

𝐶
𝑡   0.25Δ𝜏∑ 𝑝̂𝑖,𝑡

𝐶
𝑡   

𝑝̂𝑖,𝑡
𝐷   200 kW 200 kW 200 kW 

ℎ𝑡
𝐷  5 h 6 h 3 h 

Θ𝑖
𝐷  10:00-20:00 h 3:00-14:00 h 16:00-20:00 h 

𝑝̂𝑖,𝑡
𝑆   150 kW 150 kW 150 kW 

ℎ𝑖
𝑆  5 h 5 h 5 h 

5.2 – Studied Scenarios 

In order to validate the developed market model, we analyse three different scenarios: 

 Scenario 1 is the considered base case in which flexibility can be fully provided through 

batteries and flexible loads. 

 In Scenario 2, local storage is disabled and therefore batteries are no longer considered. 

 In Scenario 3, local renewable generation is disabled. 

5.3 – Economic Analysis 

Firstly, we focus on economic aspects. Fig. 4 plots the resulting local energy prices in the 

three studied scenarios. As expected, local prices follow grid prices. Nevertheless, it is interesting 

to see how peak periods are shaved when batteries are enabled. This fact remarks the energy 

arbitrage capability, which can be charged during valley periods to balance prices at peak hours.  

 
Fig. 4 – Resulting local energy prices (i.e. 𝜆𝐼𝑃) in the studied scenarios 

It is worth commenting that local flexibility prices were always equal to the maximum 

allowed, thus remarking that the manager is keen on incentivizing flexibility provision through 

pricing signals. This fact demonstrates that flexibility provision is beneficial for industries, but 

rather for the park manager, who is able to improve her economy notably through this mechanism. 

Table 3 shows a summary of the economic balance for industries under each studied scenario. 

As observed, the scenario 3, in which local generation is disabled, draws the worst scenario for 



industries. Total costs for industries are also increased in Scenario 2, thus demonstrating that local 

storage has a positive impact on the economy of users, as expected. Table 3 also reports total 

incomes for flexibility provision, which do not vary notably among scenarios, thus demonstrating 

that industries are capable to partake in flexibility provision even under pessimistic conditions. 

Table 3 - Total industry costs under different scenarios 

Cost [€] 
Scenario # 

1 2 3 

Energy 1819 1921 2154 

Flexibility 257 247 222 

Total 1562 1674 1932 

5.4 – Energy Analysis 

Next, we focus on energy indicators. Fig. 5 plots the power imported/exported by industries 

and the park in the studied scenarios. As observed, the absence of renewable generation in 

Scenario 3 provokes peak demand periods beyond 2.5 MW, much higher than in the other 

scenarios, which demonstrates that renewable local generation is the key factor for reducing 

imported power. The absence of batteries in Scenario 2 draws a more flattened power profile 

compared to Scenario 1, when the charging/discharging routines of batteries provoke frequent 

power variations. Regarding exported power, it is worth distinguishing two clear periods, namely 

early morning and midday. In the former case, batteries are discharged during night leveraging 

low demand in order to draw a surplus generation in the park. In contrast, in the presence of 

renewable generation, exports are rather observed at midday propitiated by high PV potential. 

On the other hand, Fig. 5 shows the scheduling result for deferrable loads in the park. As seen, 

industries 1 and 2 mainly schedule their deferrable loads at midday, driven by high PV potential. 

In contrast, industry 3 defers its loads to evening in scenarios 1 and 2. This is due to this industry 

presents the highest PV potential, which is mainly exploited at midday to export power and obtain 

a monetary profit during those hours when the local energy prices are still high (see Fig. 4). 

However, when renewable generation is disabled in Scenario 3, this industry forces to complete 

the duty cycle earlier, in order to avoid that deferrable consumption coincides with the night peak 

demand provoked by inflexible loads (see Fig. 3). 

 
Fig. 4 – Power imported (positive)/exported (negative) for each industry and the park 



  
Fig. 5 – Scheduling of deferrable loads in the studied scenarios 

Table 4 reports the total energy imported/exported by industries under different scenarios. As 

expected, imported energy was higher in Scenario 3, due to the absence of local generation. This 

issue provokes that industries were unable to export power under this scenario. When comparing 

scenarios 1 and 2, it is observed that total imported power is similar, however, the exportable 

capacity is notably reduced when BESs are disabled in scenario 2. 

Table 4 – Total energy imported/exported by industries under different scenarios 

Energy [kWh] 
Scenario # 

1 2 3 

Imported 36,900 36,980 43,620 

Exported 130.1 85.1 0 

On the other hand, Table 5 shows some indicators related to interruptible and curtailable 

loads. As observed, interruptible loads are more frequently disconnected in scenarios 2 and 3, 

however, the opposite trend is observed for curtailed demand, which in turn decreases in scenarios 

2 and 3. It indicates that, under stressful conditions (i.e. no storage or RES), the industries recur 

to the interruptible mechanism to not only improve their economy through flexibility provision, 

but also to reduce the net energy demand. In contrast, curtailable loads are not capable to provide 

as much flexibility and, in consequence, this mechanism is less frequently leveraged by industries. 

Table 5 - Analysis of various indicators related to flexible loads under different scenarios 

Indicator 
Scenario # 

1 2 3 

Interrupted hours 11 14 15 

Curtailed load [kWh] 1241 1073 664 

5.5 – Comparison with Non-flexible scenarios 

Now, we analyse two extreme scenarios in which flexibility is disabled in different degrees. 

Thus, we label the scenario ‘noFlex’ under which loads are inflexible and therefore demand 

cannot be neither curtailed nor interrupted. Moreover, we assume that deferrable loads must start 

their duty cycles at the lowest bound of their time windows (i.e. 𝐿𝑖
𝐷) and have to be operated 

continuously. Note that this scenario corresponds with the conventional local market mechanism 

in which end users do not receive a monetary benefit for providing flexibility.  On the other hand, 

the scenario labelled as ‘0Flex’ is identical to the former but disabling batteries, thus resulting in 

a scenario where flexibility cannot be provided any case. 

The resulting local energy price under these non-flexible scenarios is plotted in Fig. 6. As 

seen, prices draw similar trends to those prices in Fig. 4. Actually, the absence of local storage 

avoids shaving peak pricing during night. However, this issue is also observed now at morning 



peak in the ‘noFlex’ scenario. It demonstrates that flexible loads have also a direct impact on local 

energy prices. 

 
Fig. 6 - Resulting local energy prices (i.e. 𝜆𝐼𝑃) under non-flexible scenarios 

Next, Table 6 reports different energy and economic indicators related to non-flexible 

scenarios. It is clear that disabling flexibilities impacts notably on the monetary balance of users. 

This is especially due to the reduction of incomes for flexibility provision, which are reduced until 

zero in the ‘0Flex’ case. Nevertheless, total cost for industries in the ‘noFlex’ scenario is still 

lower than that observed for Scenario 3 (see Table 3). It indicates that economy of industries is 

more impacted by local generation than flexible loads. Regarding energy indicators, it is 

remarkable that, despite renewable local generation is enabled yet in both non-flexible cases, 

exportable capacity of industries resulted null. As expected, imported energy was higher in the 

‘0Flex’ scenario due to the absence of local storage capacity. 

Table 6 - Various results under non-flexible scenarios 

Indicator 
Scenario # 

‘noFlex’ ‘0Flex’ 

Energy cost [€] 1919 2114 

Flexibility cost [€] 34 0 

Total cost [€] 1885 2114 

Energy imported [kWh] 39,630 40,060 

Energy exported [kWh] 0 0 

5.6 – Comparison with Keys of Repartition (KoR) 

Next, we analyse the results obtained in the present case study under a cost allocation method 

based on Keys of Repartition (KoR). This mechanism shares the total cost of the park among 

industries according to their overall consumption [30]. This way, retailer energy prices are directly 

transferred to users. In this regard, we assume that the whole park is centrally managed by the 

park manager. Note that under this scenario, industries are not incentive to provide flexibility. 

Thus, we consider two different cases. On the one hand, we apply KoR to the case ‘noFlex’ 

analysed in the previous section. On the other hand, we apply the same idea but enabling 

flexibility through flexible loads. Note that this second case may entail social barriers as industries 

may discourage to provide flexibility if they do not receive a monetary counterpart. 

Table 7 compares these two cases. As seen, if flexibility is disabled, the total cost for 

industries is higher than that reported in Table 3. As expected, the industries ~155 € more in this 

case, which is in fact lower than the incomes for flexibility provision in the corresponding base 

case. This different in payments is absorbed by the park manager in the proposed market structure, 

which demonstrates that this agent is not budget balance as discussed in Section 3.3. 

As expected, the most favourable case is when industries are centrally managed and therefore 

a central entity has access to individual loads and assets. As seen, in this case industries pay 255 

€ less than in the considered base case in Table 3, which is exactly the payment received by 

industries for flexibility provision. This result indicates that extra monetary payment in which 

industries incur is absorbed by the park manager, who pursues in this case her individual benefit. 

This particular behaviour of the manager is further remarked observing the total exported energy, 

which was null in this case. Thereby, the park manager seeks for incrementing her monetary 



benefit by exporting to the grid in the considered base case, while under KoR industries are not 

interested in exporting energy to the grid. 

Table 7 - Various results under a payment allocation method based on KoR 

Indicator 
KoR 

With Flex. w.o. Flex 

Total cost [€] 1307 1718 

Energy imported [kWh] 31,250 39,663 

Energy exported [kWh] 0 0 

As observed, the most favourable case for industries is allowing central management of own 

assets under KoR. However, this situation entails some important drawbacks that limit its 

implementation in real cases: 

 Under this mechanism, industries are exposed to volatile energy prices fixed by the 

retailer, incrementing their risk. 

 A market mechanism based on KoR requires the park manager to be budget balance, 

neglecting the possibility of obtaining a monetary profit. It may suppose a barrier for 

implantating a central entity to coordinate the park. 

 In case of enabling flexibility from industries, the park manager needs full access to own 

loads and assets, which entails privacy concerns. In the face of this situation, industries 

may be reluctant to provide full access if they are not faithfully compensated through 

proper market products.  

5.7 – Sensitivity Analysis 

Finally, we provide a sensitivity analysis regarding renewable generation potential. To this 

end, we multiply the base renewable generation in Fig. 3 by a real number called ‘scaled factor’. 

In this regard, Fig. 7 analyses some energy indicators for different scaled factors. As expected, 

imported energy is reduced with the renewable potential for both industries and IP. Actually, 

energy imported by the park is always lower than that demanded by industries due to the presence 

of local storage and P2P exchanges. In contrast, exportable energy increases due for the same 

reasons. 

 
Fig. 7 – Energy analysis for different renewable potential 

On the other hand, Fig. 8 analyses the total cost for industries, which clearly decreases with 

the scaled factor due to local generation allows industries to reduce their dependency of imported 

power, but also increases their exportable capacity, thus improving the economy of users. 

However, incomes for flexibility increases until the scaled factor equals 0.5 pu, decreasing beyond 

this point. This result indicates that under high PV penetration, economy of industries is driven 

by PV panels rather than flexible loads. In this sense, industries focus on improving their monetary 

balance by optimal exchanging power with the park rather than managing flexible loads. This 

aspect is especially relevant when implanting monetary mechanisms for flexibility provision, 

since under high local generation, the flexibility mechanism might be neglected by industries, 

which would rather focus on maximizing their profit via P2P trading. 



 
Fig. 8 – Economy analysis for different renewable potential 

6 – Concluding Remarks 

A novel market model for industrial parks has been developed in this paper. The main novelty 

of the new proposal lies in the inclusion of a fair pricing mechanism for flexibility provision, 

which aims at encouraging end-users to provide flexibility through optimally managing local 

resources (i.e. storage and flexible loads). 

The new market model was raised as a bi-level price-setting game framework, which is solved 

using C&CGS in order to accommodate binary variables. 

A case study was conducted to validate the new proposal. Results obtained allowed us to 

conclude that the developed model effectively encourages flexibility provision while resulting 

economically attractive for the industries partaking in the park. The effect of local prices was also 

analysed, showing that local storage turned out to be very effective to shave peak prices while 

energy balance could be notably improved through optimally managing flexible loads. Other 

relevant aspects such as the effects of disabling flexibility and incrementing local generation were 

also studied and discussed. 

In future works, we will focus on applying the proposed solution mechanism to other local 

markets models such as energy communities, where the optimal management of controllable 

appliances can be incentive through proper market products. 

Appendix A – Estimation of Net Demand without Flexibility 

In the considered model, flexibility is provided by either optimally charging-discharging 

batteries as well as managing flexible loads. In this sense, when flexibility is disabled, batteries 

are neglected and curtailed loads are assumed to be non-flexible (i.e. 𝑝𝑖,𝑡
𝐶 = 𝑝̂𝑖,𝑡

𝐶 ; ∀𝑡 ∈ 𝒯). 

Moreover, the rest of flexible loads (i.e. interruptible and deferrable) are assumed to be inelastic. 

Thus, interruptible loads cannot be actually interrupted, as said (A1), while deferrable loads are 

assumed to start their duty cycled at the preferred time slot (i.e. the lower bound of their time 

windows in this paper), as seen in (A2). 

𝑢̂𝑖,𝑡
𝑆 = 1;∀𝑡 ∈ 𝒯 (A1) 

𝑢̂𝑖,𝑡
𝐷 = 1;∀𝑡 ∈ [𝐿𝑖

𝐷, … , 𝐿𝑖
𝐷 +

𝛿𝑖
𝐷

Δ𝜏
] (A2) 

On the basis of the assumptions above, the net demand without flexibility for the ith industry 

partaking in the park can be estimated, as follows: 

𝐸̂𝑖
𝑁𝑒𝑡 = ∑ {𝑝̂𝑖,𝑡

𝐿 − 𝑝̂𝑖,𝑡
𝑅𝐸𝑆 + 𝑝̂𝑖,𝑡

𝐶 + 𝑢̂𝑖,𝑡
𝑆 ⋅ 𝑝̂𝑖,𝑡

𝑆 + 𝑢̂𝑖,𝑡
𝐷 ⋅ 𝑝̂𝑖,𝑡

𝐷 }𝑡  (A3) 

Appendix B – KKT Conditions for Industries 

The KKT conditions for (3) assuming binary variables as parameters are given below: 

𝜕ℒ𝑖

𝜕𝑝𝑖,𝑡
𝐼𝑃,𝑏 = Δ𝜏(𝜆𝑡

𝐼𝑃 + 𝜆𝑖
𝐷𝑅) + 𝜙𝑖,𝑡 − 𝜇𝑖,𝑡

𝐼𝑃,𝑏 + 𝜇𝑖,𝑡
𝐼𝑃,𝑏

= 0;∀𝑖 ∈ ℐ ∧ 𝑡 ∈ 𝒯 (B1) 

𝜕ℒ𝑖

𝜕𝑝𝑖,𝑡
𝐼𝑃,𝑠 = −Δ𝜏(𝜈

𝑠𝜆𝑡
𝐼𝑃 + 𝜆𝑖

𝐷𝑅) − 𝜙𝑖,𝑡 − 𝜇𝑖,𝑡
𝐼𝑃,𝑠 + 𝜇𝑖,𝑡

𝐼𝑃,𝑠
= 0;∀𝑖 ∈ ℐ ∧ 𝑡 ∈ 𝒯 (B2) 

𝜕ℒ𝑖

𝜕𝑝𝑖,𝑡
𝐶 = −𝜙𝑖,𝑡 − Δ𝜏𝜇𝑖

𝑍 − 𝜇𝑖,𝑡
𝐶 + 𝜇𝑖,𝑡

𝐶
= 0;∀𝑖 ∈ ℐ ∧ 𝑡 ∈ 𝒯 (B3) 



𝜕ℒ𝑖

𝜕𝑝𝑖,𝑡
𝐵,𝑐 = −𝜙𝑖,𝑡 − Δ𝜏𝜂𝑖

𝐵𝜙𝑖,𝑡
𝐵 − 𝜇𝑖,𝑡

𝐵,𝑐 + 𝜇𝑖,𝑡
𝐵,𝑐
= 0;∀𝑖 ∈ ℐ ∧ 𝑡 ∈ 𝒯 (B4) 

𝜕ℒ𝑖

𝜕𝑝𝑖,𝑡
𝐵,𝑑 = 𝜙𝑖,𝑡 + Δ𝜏𝜙𝑖,𝑡

𝐵 /𝜂𝑖
𝐵 − 𝜇𝑖,𝑡

𝐵,𝑑 + 𝜇𝑖,𝑡
𝐵,𝑑

= 0;∀𝑖 ∈ ℐ ∧ 𝑡 ∈ 𝒯 (B5) 

𝜕ℒ𝑖

𝜕𝜖𝑖,𝑡
𝐵 = 𝜙𝑖,𝑡

𝐵 − 𝜙𝑖,𝑡−1
𝐵 − 𝜇𝑖,𝑡

𝜖 + 𝜇𝑖,𝑡
𝜖
= 0;∀𝑖 ∈ ℐ ∧ 𝑡 ∈ 𝒯\{𝑡 = 1 ∧ 𝑡 = |𝒯|} (B6) 

𝜕ℒ𝑖

𝜕𝜖𝑖,1
𝐵 = 𝜙𝑖

𝐵(0)
− 𝜇𝑖,1

𝜖 + 𝜇𝑖,1
𝜖
= 0; ∀𝑖 ∈ ℐ (B7) 

𝜕ℒ𝑖

𝜕𝜖𝑖,|𝒯|
𝐵 = 𝜙𝑖,|𝒯|

𝐵 − 𝜙𝑖,|𝒯|−1
𝐵 + 𝜙𝑖

𝐵(𝑒𝑛𝑑)
− 𝜇𝑖,|𝒯|

𝜖 + 𝜇𝑖,|𝒯|
𝜖

= 0; ∀𝑖 ∈ ℐ (B8) 

0 ≤ 𝑝𝑖,𝑡
𝐼𝑃,𝑥 ⊥ 𝜇𝑖,𝑡

𝐼𝑃,𝑥 ≥ 0;∀𝑖 ∈ ℐ ∧ 𝑡 ∈ 𝒯 ∧ 𝑥 ∈ {𝑏, 𝑠} (B9) 

0 ≤ 𝑝𝑖
𝐼𝑃
− 𝑝𝑖,𝑡

𝐼𝑃,𝑥 ⊥ 𝜇𝑖,𝑡
𝐼𝑃,𝑥

≥ 0;∀𝑖 ∈ ℐ ∧ 𝑡 ∈ 𝒯 ∧ 𝑥 ∈ {𝑏, 𝑠} (B10) 

0 ≤ 𝑝𝑖,𝑡
𝐶 − 𝑝𝑖,𝑡

𝐶 ⊥ 𝜇𝑖,𝑡
𝐶 ≥ 0; ∀𝑖 ∈ ℐ ∧ 𝑡 ∈ 𝒯 (B11) 

0 ≤ 𝑝̂𝑖,𝑡
𝐶 − 𝑝𝑖,𝑡

𝐶 ⊥ 𝜇𝑖,𝑡
𝐶
≥ 0; ∀𝑖 ∈ ℐ ∧ 𝑡 ∈ 𝒯 (B12) 

0 ≤ 𝑝𝑖,𝑡
𝐵,𝑥 ⊥ 𝜇𝑖,𝑡

𝐵,𝑥 ≥ 0;∀𝑖 ∈ ℐ ∧ 𝑡 ∈ 𝒯 ∧ 𝑥 ∈ {𝑐, 𝑑} (B13) 

0 ≤ 𝑝𝑖
𝐵
− 𝑝𝑖,𝑡

𝐵,𝑥 ⊥ 𝜇𝑖,𝑡
𝐵,𝑥
≥ 0;∀𝑖 ∈ ℐ ∧ 𝑡 ∈ 𝒯 ∧ 𝑥 ∈ {𝑐, 𝑑} (B14) 

0 ≤ 𝜖𝑖,𝑡
𝐵 − 𝜖𝑖

𝐵 ⊥ 𝜇𝑖,𝑡
𝜖 ≥ 0; ∀𝑖 ∈ ℐ ∧ 𝑡 ∈ 𝒯 (B15) 

0 ≤ 𝜖𝑖
𝐵
− 𝜖𝑖,𝑡

𝐵 ⊥ 𝜇𝑖,𝑡
𝜖
≥ 0;∀𝑖 ∈ ℐ ∧ 𝑡 ∈ 𝒯 (B16) 

0 ≤ Δ𝜏∑ 𝑝𝑖,𝑡
𝐶

𝑡 − Ζ𝑖
𝐶 ⊥ 𝜇𝑖

𝑍 ≥ 0; ∀𝑖 ∈ ℐ (B17) 

𝜙𝑖,𝑡 , 𝜙𝑖,𝑡
𝐵 , 𝜙𝑖

𝐵(0)
, 𝜙𝑖

𝐵(𝑒𝑛𝑑)
: free; ∀𝑖 ∈ ℐ ∧ 𝑡 ∈ 𝒯 (B18) 

𝜇𝑖,𝑡
𝐼𝑃,𝑏 , 𝜇𝑖,𝑡

𝐼𝑃,𝑏
, 𝜇𝑖,𝑡
𝐼𝑃,𝑠, 𝜇𝑖,𝑡

𝐼𝑃,𝑠
, 𝜇𝑖,𝑡
𝐶 , 𝜇𝑖,𝑡

𝐶
,

 𝜇𝑖,𝑡
𝐵,𝑐 , 𝜇𝑖,𝑡

𝐵,𝑐
, 𝜇𝑖,𝑡
𝐵,𝑑 , 𝜇𝑖,𝑡

𝐵,𝑑
, 𝜇𝑖,𝑡
𝜖 , 𝜇𝑖,𝑡

𝜖
, 𝜇𝑖
𝑍
≥ 0;∀𝑖 ∈ ℐ ∧ 𝑡 ∈ 𝒯 (B19) 

Above, (B1)-(B8) are the stationary conditions, resulting from deriving the Lagrangian of (3) 

w.r.t. 𝒙𝑖. On the other hand, (B9)-(B17) are the complementarity conditions linked to the 

inequality constraints in (3), while (B18) and (B19) ensure dual feasibility. 

Appendix C – Linearization of (6a) 

Nonlinearities arise in the second term of (6a) due to the product of continuous variables. To 

linearize this term, we apply the Strong Duality Theorem (SDT), which states that the value of a 

primal objective is equal to its dual at the optimum if the Slater’s conditions hold [33].  

In our particular problem, the second term in (6a) is actually the objective function of 

industries (lower level). When binary variables are taken as parameters (which is indeed assumed 

in the sub-problem (6)), the industries’ problems become linear and therefore the Slater’s 

conditions hold. This way, the nonlinear term in (6a) can be replaced by its linear dual counterpart, 

which reads as: 

𝐹𝑖 =
−Δ𝜏∑

{
 
 

 
 𝑝𝑖

𝐼𝑃
(𝜇𝑖,𝑡
𝐼𝑃,𝑏

+ 𝜇𝑖,𝑡
𝐼𝑃,𝑠
) + 𝑝𝑖

𝐵
(𝜇𝑖,𝑡
𝐵,𝑐
+ 𝜇𝑖,𝑡

𝐵,𝑑
) −

𝜇𝑖,𝑡
𝜖 𝜖𝑖

𝐵 + 𝜇𝑖,𝑡
𝜖
𝜖𝑖
𝐵
− 𝜇𝑖,𝑡

𝐶 𝑝𝑖,𝑡
𝐶 + 𝜇𝑖,𝑡

𝐶
𝑝̂𝑖,𝑡
𝐶 +

𝜙𝑖,𝑡(𝑝̂𝑖,𝑡
𝑅𝐸𝑆 − 𝑝̂𝑖,𝑡

𝐿 − 𝑢̃𝑖,𝑡
𝑆 𝑝𝑖,𝑡

𝑆 − 𝑢̃𝑖,𝑡
𝐷 𝑝𝑖,𝑡

𝐷 ) }
 
 

 
 

𝑡 +

𝜖𝑖
𝐵
(𝜙𝑖

𝐵(0) + 𝜙𝑖
𝐵(𝑒𝑛𝑑)) + 𝜇𝑖

𝑍Ζ𝑖
𝐶

 (C1) 
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