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a b s t r a c t 

This study develops a stochastic-robust optimization model for inter-regional power system planning. The 

model is formulated as Mathematical Programs with Equilibrium Constraints (MPEC) with two levels of 

decision makers. In the bottom-level, various individual regions separately make generator investment, 

operating, and trading plans for the minimization of their own costs in a perfectly competitive market. In 

the top-level, a central system operator makes the investment plan of cross-border transmission lines for 

the minimization of total system cost, anticipating how generators in various regions respond to those 

investments. Two different levels of data uncertainties are considered in the problem, namely scenario 

and local uncertainties. The uncertainties are handled by combining the advantages of stochastic pro- 

gramming and robust optimization methods. The proposed model is applied for power system planning 

in the Association of Southeast Asian Nations (ASEAN) between 2020 and 2040. The modelling results 

show that the integration of a cross-border power grid results in a substantial shift in the generation 

portfolio, and can potentially reduce total costs by up to 6.0%. The cost savings primarily result from the 

increased utilization of renewable energy resources, facilitated by cross-border electricity transmission. 

We assessed the performance of our proposed approach in handling data uncertainties by comparing it 

with existing practices. The comparison results demonstrate that our stochastic-robust approach not only 

enhances the capacity expansion plan’s robustness to meet power demand and CO 2 emissions targets, 

but also significantly reduces investment and operational costs. 

© 2023 Elsevier B.V. All rights reserved. 
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. Introduction 

The accumulation of greenhouse gases (GHGs) emissions in the 

tmosphere continues to threaten natural and socio-economic sys- 

ems through global warming. To mitigate GHG emissions, 195 

ountries submitted their Intended Nationally Determined Con- 

ribution (INDC) during the 2015 Paris climate conference un- 

er the United Nations Framework Convention on Climate Change 

 UNFCCC, 2015 ). Recently, many countries have announced ambi- 

ious targets to achieve carbon neutrality ( NPUC, 2021 ). The emis- 

ions mitigation targets cannot be achieved without deep decar- 

onization in the power sector, which accounted for roughly a 

uarter of global carbon dioxide (CO 2 ) emissions in 2019 ( IEA, 

020a ). Replacing fossil fuel-based generation, including coal, oil, 
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nd gas-fired power plants, with renewable generation, including 

ydro, wind, and solar, is a crucial strategy for decarbonizing the 

ower sector. Yet, the unbalanced distribution of renewable re- 

ources and demand cross various regions greatly increases the 

hallenge towards a clean electricity transition. Expansion of cross- 

order power grids is an important solution to addressing such 

roblem. To achieve this, a co-optimization of transmission and 

eneration investments in inter-regional power systems is neces- 

ary. 

Data uncertainty is a critical issue for power system optimiza- 

ion problems. The exact values of many parameters, such as tech- 

ology costs, power demand, and resource availability, may not be 

recisely known in advance, especially when planning spans sev- 

ral years or even decades. Various levels of data uncertainty can 

e associated with parameters, including scenario uncertainty and 

ocal uncertainty. Scenario uncertainty refers to uncertainty on fu- 

ure projections and outlooks, usually resulting from different pol- 

cy and technological assumptions. In the literature, scenario un- 

ertainty is usually expressed as a discrete number of scenarios 

https://doi.org/10.1016/j.ejor.2023.03.024
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Nomenclature 

Indices 

r, r ′ index of region 

j index of generation technology 

t index of time period 

k index of parameter scenario 

Sets 

R set of regions 

J set of generation technologies 

T set of time periods 

K set of parameter scenarios 

H set of generation capacity 

Z set of electricity generation and trading 

F probability distribution set of parameter scenarios 

�k set of cost parameters in scenario k 

�k set of demand and resource availability in scenario 

k 

Z + set of non-negative integers 

Parameters 

C 
gen 
j,t,r 

variable cost for electricity generation of technology 

j in region r in period t ($/kWh) 

C 
genin v 
j,t,r 

investment cost of generation capacity of technol- 

ogy j in region r in period t ($/kWh) 

C tran service fee for transmitting one unit of electricity 

from one region to another region ($/kWh) 

C tranin v 
r,r ′ ,t investment cost of transmission capacity between 

region r and region r ′ ($/kWh) 

ȳ r,t maximum electricity demand in region r in period t

(kWh) 

f j,r,t emission intensity of technology j in region r in pe- 

riod t (kg CO 2 /kWh) 

CO 2 r,t CO 2 emissions target in region r in period t (kg CO 2 ) 

a annual depreciation rate of transmission capacity 

e j annual depreciation rate of generation capacity of 

technology j

α j,r,t minimum resource availability of generation tech- 

nology j in region r in period t

h̄ j,r,t upper bound of generation capacity of technology j

in region r in period t (kWh per period) 
ˆ h j,r generation capacity of technology j in region r in 

the initial modelling period (kWh per period) 

ˆ u r,r ′ transmission capacity between region r and region 

r ′ in the initial period (kWh per period) 

N minimum addition in generation capacity (kWh) 

M minimum addition in transmission capacity (kWh) 

P r,k probability of parameter scenario k in assumed by 

region r

�C 
r budget of cost uncertainty in region r

�y 
r budget of demand uncertainty in region r

�α
r budget of availability uncertainty in region r

P r probability distribution of parameter scenarios in 

region r

Variables 

�h j,r,t new generation units of technology j built in re- 

gion r in period t

h j,r,t total generation capacity of technology j in region 

r in period t (kWh per period) 

�u r,r ′ ,t new transmission units from region r to region r ′ 
built in period t
t

1235 
u r,r ′ ,t total transmission capacity from region r to region 

r ′ in period t (kWh per period) 

x j,r,t generation output of technology j in region r in 

period t (kWh) 

b r,r ′ ,t electricity bought from region r by region r ′ in pe- 

riod t (kWh) 

s r,r ′ ,t electricity sold from region r to region r ′ in period 

t (kWh) 

p buy , p sell electricity buying and selling prices ($/kWh) 

z r,k vector of decision variables on electricity genera- 

tion and trading in region r

ω k vector of cost parameters in scenario k 

φk vector of demand and resource availability in sce- 

nario k 

ith known or ambiguous probability distributions. Local uncer- 

ainty , on the other hand, refers to variability caused by aggre- 

ation and estimation errors, which typically cannot be explained. 

ocal uncertainty is generally expressed in the literature as box or 

ther assumed uncertainty sets. In actual practice, each parame- 

er in the optimization model could be associated with both sce- 

ario and local uncertainties. For example, the investment cost of 

olar photovoltaic (PV) may be subject to scenario uncertainty due 

o different learning rate projections in the future (See Fig. 1 ). 

dditionally, within each scenario, the cost value may also con- 

ain local uncertainty due to aggregation and estimation error (e.g., 

he investment cost of commercial PV in 2020 ranged from 1030 

SD/kW to 1968 USD/kW ( IEA, 2020b )). Other parameters, such 

s fuel cost, power demand, and renewable resource availability, 

ay also simultaneously suffer from scenario and local uncertain- 

ies. Both levels of data uncertainties can substantially impact the 

ptimal solutions generated by power system optimization models 

nd should, therefore, be appropriately considered. 

In this paper, we present a stochastic-robust optimization 

odel for exploring the transmission and generation expansion 

lan in an inter-regional power system under both scenario and lo- 

al uncertainties. The model is formulated as a Mathematical Pro- 

ram with Equilibrium Constraints (MPEC), with decision-making 

t two levels. At the top-level, a system operator decides the cross- 

order transmission expansion plan to minimize system costs, an- 

icipating the equilibrium of the bottom-level problem. At the 

ottom-level, different regions independently decide their invest- 

ent, generation, and trading plans to minimize their own worst- 

ase expected costs in a perfectly competitive market. The uncer- 

ain parameters in the optimization model include the investment 

nd fuel costs of generation technologies, power demand, and re- 

ource availability. To illustrate the approach, we apply the model 

o power system planning in the Association of Southeast Asian 

ations (ASEAN) from 2020 to 2040. 

An important assumption in this study is that the electric- 

ty market is a perfectly competitive market, with firms acting as 

price takers”. The prices for cross-border trading are determined 

y perfect competition, which can be modelled through a central- 

zed optimization problem. Perfect competition is an efficient way 

o allocate resources and can be achieved through the establish- 

ent of a single-price auction system and improved supervision 

nd regulation. Currently, many real-world electricity markets are 

ndergoing reforms to become perfectly competitive. For example, 

he European Union (EU) has implemented numerous policies and 

irectives over the past few decades to transform its cross-border 

lectricity market into a perfectly competitive one. These policies 

nclude subjecting all cross-border trades to at least one negoti- 

ted third party, allowing individual EU member states to select 

he most competitive contract plans, and granting all generators 
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Fig. 1. Scenario and local uncertainties of investment cost of solar PV. 
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ree entry into a wholesale market arrangement. Market reforms 

n the United States and Europe indicate that measures to miti- 

ate market power, designed to create competitive markets, are ef- 

ective in improving market efficiency ( CASIO, 2012; DG ENERGY, 

012; PJM, 2012 ). 

Our study contributes to the literature in the following four as- 

ects. Firstly, the proposed stochastic-robust optimization approach 

an address both scenario and local uncertainties simultaneously 

n power system planning, even when there are ambiguous prob- 

bility distributions. Secondly, we prove that the Mathematical 

rogram with Equilibrium Constraints (MPEC) problem under the 

tochastic-robust setting is equivalent to a centralized optimization 

roblem. Thirdly, we reformulate the stochastic-robust optimiza- 

ion model into a mixed-integer linear programming (MILP) model, 

hich can be solved efficiently using commercially-available plat- 

orms. Lastly, we apply the proposed model to identify the long- 

erm transmission and generation expansion plan in the ASEAN 

ower system. 

The remainder of this paper is organized as follows. 

ection 2 provides a literature review of optimization models 

or inter-regional capacity expansion planning. Section 3 presents 

he problem statement and underlying assumptions. Section 4 in- 

roduces the model formulation, while Section 5 illustrates the 

odel solving approach. In Section 6 , the model is applied to a 

ase study of the ASEAN power system. Finally, Section 7 concludes 

he work and proposes some future extensions. 

. Literature review 

Capacity expansion optimization model is a commonly-used 

ool for medium- to long-term power system planning. Recently, 

he model has been increasingly applied to the inter-regional 

ower system to identify the cost-optimal transmission and gener- 

tion capacity expansion plan ( Guerra et al., 2016; He et al., 2016; 

i et al., 2020; Maeder et al., 2021; Spyrou et al., 2017; Wang et al.,

020; Zappa et al., 2019 ). However, the majority of the existing 

ptimization models for power system planning are deterministic 

odels that assume all parameters to be precisely known. How- 

ver, in real-world power system planning, many parameters, such 

s natural, social, economic, technical, and political factors, cannot 

e known with certainty. Thus, these assumptions may not be ap- 

licable in real-world scenarios. 

To address uncertainties in power system planning, various 

ata uncertainty handling approaches have been developed, with 

tochastic programming and robust optimization being the most 

ommonly used ones. Stochastic programming is a method that 

onsiders multiple possible parameter scenarios and identifies the 

ptimal capacity expansion plan for minimizing expected cost. It 

as been applied in power system planning in recent years, with 

xamples including Boffino et al. (2019) ; Dominguez et al. (2020) ; 

oannou et al. (2019) ; Li et al. (2016) ; Munoz et al. (2013) ; Scott
1236 
t al. (2020) ; Seddighi & Ahmadi-Javid (2015) ; Van Der Weijde 

 Hobbs (2012) , and Domínguez et al. (2021) . Stochastic pro- 

ramming has the advantage of considering multiple scenarios 

nd finding optimal plans that strike a compromise between the 

onsequences of various scenarios. However, one shortcoming of 

his method is the requirement of accurate probability informa- 

ion for parameters, which can be difficult to collect in prac- 

ice. Distributionally-robust optimization (DRO) approach, an ex- 

ension of stochastic programming, has been increasingly used to 

ackle uncertainty with ambiguous probability distributions. The 

pproach involves designing an ambiguity set of distributions and 

ims to protect the model against the worst distribution within 

hat set. Recent applications of DRO in power system planning in- 

lude Pozo et al. (2018) ; Velloso et al. (2020) , and Guevara et al.

2020) . 

Robust optimization is another popular approach for data un- 

ertainty handling, and has been increasingly applied for power 

ystem planning ( Ahmadi et al., 2020; Fanzeres et al., 2019; Kang 

t al., 2020; Mínguez & García-Bertrand, 2016; Moreira et al., 2021; 

amirez et al., 2020; Roldán et al., 2018; Street et al., 2011; Zugno 

 Conejo, 2015 ). This approach needs less uncertainty information 

han stochastic programming and is applicable when the proba- 

ility information of uncertain parameters is unknown. However, 

he solutions yielded by robust optimization can be too conserva- 

ive as the approach only looks at the worst-case parameter sce- 

ario. Given the advantages of stochastic programming and ro- 

ust optimization, the two approaches have been combined to ad- 

ress scenario and local uncertainties in energy system planning 

 Abedinia et al., 2019; Brigatto & Fanzeres, 2022; El-Meligy & El- 

herbeeny, 2022; Fanzeres et al., 2014; Zhong et al., 2021 ). The 

ombined approach can be termed as “stochastic-robust” optimiza- 

ion approach. This approach allows for more comprehensive data 

ncertainty information to be considered compared to using either 

tochastic programming or robust optimization alone, leading to 

 more reliable solution. Although the stochastic-robust optimiza- 

ion approach has been applied to energy system planning, it has 

arely been used to address the uncertainties of cost, demand, and 

esource availability in power system planning under ambiguous 

robability distributions. 

In addition to the above, it is worth noting that inter-regional 

ower system planning models are typically performed in a cen- 

ralized manner where a central planner makes all decisions. How- 

ver, in today’s restructured power markets, generation capacity 

xpansion, operation, and trading decisions are mostly decentral- 

zed. To address this situation, equilibrium expansion models have 

een extensively used for decentralized capacity expansion plan- 

ing, assuming that every region is a selfish stakeholder seeking 

nly its own benefit. Equilibrium expansion models can be per- 

ormed under either imperfect competition or perfect competition 

ssumptions. Recent equilibrium expansion studies under imper- 

ect competition include Ambrosius et al. (2020) ; Kasina & Hobbs 

2020) ; Pozo et al. (2012) , and Egerer et al. (2021) , in which the

xpansion problems are formulated as multilevel imperfectly com- 

etitive Stackelberg models. In this paper, we focus on equilibrium 

xpansion problems under perfect competition. The problem can 

e generally transformed into a single-objective centralized opti- 

ization problem, which can be easily solved using state-of-the- 

rt solvers. However, previous studies have only proven that the 

quivalence condition holds in the context of deterministic opti- 

ization ( Boucher & Smeers, 2001; Gurkan et al., 2013; Özdemir 

t al., 2015 ), stochastic programming ( Ozdemir, 2013 ), and robust 

ptimization ( Biefel et al., 2022; Çelebi et al., 2021; Krebs et al., 

022; Krebs & Schmidt, 2020 ). Our paper contributes to this area 

y proving the equivalence between the market equilibrium prob- 

em and centralized optimization problem under the stochastic- 

obust setting. 
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Fig. 2. Decision making process in interregional power system expansion problem. 
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. Problem statement and assumptions 

We consider an inter-regional transmission and generation ex- 

ansion problem, where the overall decision process flow is illus- 

rated in Fig. 2 . At the top-level, the system operator determines 

he cross-border transmission capacity expansion plan and trading 

rices for the minimization of total system cost, by anticipating the 

esponse of the generators in the various regions. For a given cross- 

order transmission capacity plan, generators at the bottom-level 

rst determine their respective generation capacity plans before 

he observation of data uncertainties, and then make the operation 

nd trading decisions after the observation of data uncertainties, to 

inimise their own respective costs. 

In practice, trading is usually performed in an electricity mar- 

et, facilitated by a market operator. Examples of large scale elec- 

ricity spots markets covering several zones include the European 

ower exchange ( Biskas et al., 2014 ) and Nord pool ( Jani et al.,

022 ). In such markets, participants submit their bids on the trad- 

ng platform, and typically, a centralized optimization-based mar- 

et clearing model is solved by the market operator, who then an- 

ounces the market clearing prices and the generation dispatch. 

he centralized optimization problem depicts a perfectly competi- 

ive environment, and incentivizes efficient participants. The mar- 

et trading prices in turn guide capacity investments for each re- 

ion, who behaves in a self-interested manner and optimises it’s 

apacity investment decisions to minimise his own costs. We re- 

ark that our work focuses on the optimal cross-border trans- 

ission capacity expansion under uncertainty, and hence does not 

ddress the determination of the actual trading prices in detail 

which require consideration of many technical requirements such 

s ramping constraints, etc.). In reality, the actual trading prices in 

ach round should be solved by a final market clearing model sep- 

rately. Nevertheless, our model does embed some features of the 

ptimization-based market clearing models as mentioned above, 

articularly in the bottom-level problem in Fig. 2 , where the gen- 

ration trading plans for each region are determined under uncer- 

ainty. Specifically, we show that solving a centralized optimiza- 

ion problem modelling the overall decision process in Fig. 2 yields 

rading prices that result in a market equilibrium for all the re- 
1237
ions jointly. Finally, although we represent each region by a sin- 

le node, each node can be further disaggregated into sub-regions 

r even at the generation company level, and the same modelling 

tructure still applies. Scenario and local uncertainties are consid- 

red for various parameters, including variable cost of electricity 

eneration, fixed cost of generating capacity, power demand, and 

esource availability. 

. Model formulation 

Based on the above context, in this section, an MPEC with 

tochastic-robust approach is developed for the problem. In the 

ollowing, the data uncertainty sets are first defined. Next, the 

odel formulations are presented, followed by an introduction of 

he model solution approach. The notations used throughout the 

ntire paper are summarized in Nomenclatures. A variable miss- 

ng a certain index denotes the vector or matrix containing all the 

tems corresponding to the index, e.g., y r = (y r,t,k ) t∈ T,k ∈ K . 

.1. Modelling the data uncertainties 

We state the following key assumptions on the uncertainty 

odels that are used in the rest of the paper. These assumptions 

nable some technical results and tractable optimization problems 

o be derived subsequently. 

ssumption 4.1. We assume that there is a common reference set 

f K scenarios considered in the problem by all regions. 

ssumption 4.2. We assume that all data uncertainty sets are in- 

ependently defined by each region, and are uncorrelated across 

egions. The data uncertainty sets are also assumed to be known 

or made known) to the system operator. 

The Assumption 4.1 above can be reasonable in practice, for 

nstance, in the case where different regions take reference to a 

tandard and reputable publication on future energy outlook sce- 

arios. The set K can also be simulated by the system operator by 

ombining projections from the different regions of interest. For 
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(

1 The fixed cost of generation and transmission capacity is not counted at once, 

but is annualized over the entire life time of capacity to make the fixed and variable 

costs comparable with each other. 
ssumption 4.2 , a practical example is when each region consid- 

rs uncertainty sets based on marginal distributions of uncertain 

arameters for its own region, and hence the choice of uncertain 

arameters in one region does not influence the choice of uncer- 

ain parameters in the other regions. 

We denote the variable cost of electricity generation, fixed cost 

f generating capacity, power demand, and resource availability as 

 

gen , C genin v , y , and α respectively. Suppose K parameter scenarios 

re made for those uncertain parameters, of which the probabil- 

ty distribution is defined as P r = { P r,k , ∀ k ∈ K} , ∀ r, ∈ R . P r itself is

ith uncertainty, which lies in an arbitrary polyhedral uncertainty 

et F r as follow: 

 r = 

{
P r = { P r,k ≥ 0 } 

∣∣∣∣∑ 

k A r,k P r,k ≤ B r , 
∑ 

k ∈ K P r,k = 1 

}
, ∀ r ∈ R (1) 

here A r,k and B r are suitably defined vectors of appropriate di- 

ension to support ambiguity set F r . The supporting information 

n F r could include, for example, the lower and upper bounds of 

cenario weights, expected technology costs, expected power de- 

and, and expected resource availability. Suppose the uncertain 

arameter in each given parameter scenario is further associated 

ith local uncertainty. Denote ω r,k = { C gen 

r,k 
, C 

genin v 
r,k 

} as the vector of

ncertain cost parameters. The local uncertainty set of ω r,k is ex- 

ressed as: 

r,k = 

⎧ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎩ 

ω r,k 

C gen 

j,r,t,k 
≤ C gen 

j,r,t,k 
≤ C̄ gen 

j,r,t,k 
, ∀ j ∈ J, t ∈ T (a ) 

C genin v 
j,r,t,k 

≤ C genin v 
j,r,t,k 

≤ C̄ genin v 
j,r,t,k 

, ∀ j ∈ J, t ∈ T (b) ∑ 

t∈ T 
∑ 

j∈ J 
(
C gen 

j,r,t,k 
+ C genin v 

j,r,t,k 

)
≤ �C 

r,k 
(c) 

⎫ ⎪ ⎪ ⎬ 

⎪ ⎪ ⎭ 

, ∀ r ∈ R, k ∈ K 

(2) 

here �r,k represents the set of an infinite number of cost pa- 

ameter realizations in region r in scenario k . Constraints (2a) and 

2b) set upper and lower bounds of cost parameters of generation 

echnologies. Constraint (2c) states that the summation of variable 

nd fixed cost parameters of various technologies over the entire 

odelling period should be bounded by a certain uncertainty bud- 

et �C 
r,k 

. The uncertainty budget reflects the decision-makers’ tol- 

rance of cost uncertainty while making strategic plans. Similarly, 

enote φr,k = { y r,k , αr,k } as the vector of uncertain demand and re-

ource availability. We consider both scenario and local uncertain- 

ies for the demand and availability. However, we assume that the 

perational decisions adapt to the scenarios, but need to be robust 

gainst local uncertainties. For each scenario k , the uncertainty set 

f φr,k is generalised as: 

r,k = 

⎧ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎩ 

φr,k 

∑ 

t∈ T y r,t,k ≤ �y 

r,k ∑ 

t∈ T α j,r,t,k ≥ �α
j,r,k 

, ∀ j ∈ J 
y 

r,t,k 
≤ y r,t,k ≤ ȳ r,t,k , ∀ t ∈ T 

α j,r,t,k ≤ α j,r,t,k ≤ ᾱ j,r,t,k , ∀ j ∈ J, t ∈ T 
y r,k , αr,k ≥ 0 

⎫ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎬ 

⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎭ 

, ∀ r ∈ R, k ∈ K (3) 

here �r,k represents the set of an infinite number of demand and 

esource availability realizations in region r in scenario k ; y and ȳ 

re the lower and upper bounds of power demand; α and ᾱ are 

he lower and upper bounds of resource availability; �y 

r,k 
and �α

j,r,k 

re the uncertainty budgets of demand and availability variations. 

.2. Bottom-level problem 

The bottom-level problem is a generation expansion equilib- 

ium problem under data uncertainty. In the problem, the cross- 

order transmission capacity ( u ) and trading prices ( p buy , p sell ) are

onsidered as exogenous parameters as they have already been de- 

ermined in the top-level problem. 
1238 
In this work, the decision-maker for each region is assumed to 

e uncertainty-averse, so that they tend to make their generation 

apacity investment plan for the minimization of worst-case costs 

nder uncertainty. The problem for each individual region can then 

e formulated as a multi-stage optimization problem as follows: 

Cost r 
(
u, p buy , p sell 

)
= min 

h r ∈ H r 

max 
P r ∈ F r 

E P r 

[ 
max 

ω r,k ∈ �r,k 

min 

z r,k ∈ Z r,k 

(∑ 

t∈ T 

∑ 

j∈ J 
C genin v 

j,r,t,k 
h j,r,t 

+ 

∑ 

t∈ T 

∑ 

j∈ J 
C gen 

j,r,t,k 
x j,r,t,k 

+ 

∑ 

t∈ T 

∑ 

r ′ ∈ R 

(
p buy 

r,r ′ ,t,k b r,r ′ ,t,k − p sell 
r,r ′ ,t,k s r,r ′ ,t,k 

))] 
, ∀ r ∈ R (4) 

n the first stage, the investment decision of electricity generator 

 h r ) is made before the realization of data uncertainty. In the sec- 

nd stage, the probability weights of parameter scenarios ( P r ) are 

ealized. In the third stage, the worst-case cost parameter ( ω r,k ) in 

ach scenario is realized. In the fourth stage, the generation and 

rading decision ( z r,k ) in each region is made under the worst- 

ase demand and resource availability. In the last stage, the de- 

and and resource availability ( φr,k ) are realized. We assume here 

hat the operational decisions z r,k can adapt to the local uncertain- 

ies in costs ω r,k , but not adapt to the local uncertainties in de- 

and and availability φr,k . We make this assumption because the 

pdate cycle of technology cost (e.g., months or years) is usually 

uch longer than the update cycle of demand and availability (e.g., 

ours or days). Therefore, it is reasonable to assume that the op- 

ration decision z r,k is made after the observation of cost uncer- 

ainty, but before the observation of demand and availability un- 

ertainty (e.g., day-ahead market). Objective function (4) aims to 

inimize the worst-case expected cost in region r. The cost com- 

onents include the fixed cost of generating capacity 1 , the vari- 

ble cost of electricity generation, and the electricity trading cost. 

ere our assumption is that each region is a fairly simple deci- 

ion agent optimising based on a static expansion plan. This means 

hat the investment decisions are made once at the very beginning 

f the time horizon. Admittedly, dynamic programming could bet- 

er reflect the real decision process under multi-period uncertainty 

 Kang et al., 2020; Marañón-Ledesma & Tomasgard, 2019 ). How- 

ver, two stage adjustable robust optimization is in general difficult 

o solve ( Yanıko ̆glu et al., 2019 ). For the dynamic case, the non-

inear (discrete) nature of the expansion variables poses further 

omputational challenges for such approaches ( Iancu et al., 2013 ). 

ased on this practical consideration, we choose to use static ex- 

ansion model instead of dynamic expansion model to keep the 

odel tractable, following many other practices ( Dominguez et al., 

020; Moreira et al., 2021; Scott et al., 2021; Yin et al., 2021 ). 

h r is the vector of generating capacity in region r, of which the 

et can be expressed as: 

 r = 

⎧ ⎪ ⎪ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎪ ⎪ ⎩ 

h r ≥ 0 

∃ �h r : h j,r, 0 = ̂

 h j,r , ∀ j ∈ J, (a ) 

h j,r,t = h j,r,t−1 (1 − e j ) + �h j,r,t N, ∀ j ∈ J, t ∈ T , (b) 

h j,r,t ≤ h̄ j,r,t , ∀ j ∈ J, t ∈ T , (c) 

�h r ∈ Z + , (d) 

⎫ ⎪ ⎪ ⎪ ⎪ ⎬ 

⎪ ⎪ ⎪ ⎪ ⎭ 

, ∀ r ∈ R

(5) 

onstraint (5a) sets a fixed value on the generating capacity of 

echnology j in region r in the initial modelling period. Constraint 

5b) claims that the generating capacity in period t should equal to 
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2 The central system operator pays for the investment cost of cross-border trans- 

mission lines by collecting transmission service fee from the various agents. The 

collected transmission service fee is included in the trading costs as the congestion 
he capacity in period t − 1 minus capacity depreciation and plus 

apacity addition ( �hN) in period t . N denotes the minimum ad- 

ition in generation capacity. Constraint (5c) claims that the gen- 

rating capacity of technology in each modelling period should be 

onstrained by certain upper bound h̄ j,r,t because of the limitation 

n exploitable resources, land spaces and investment budget. Con- 

traint (5d) states that the number of capacities to build is a non- 

egative integer. 

The generation and trading decisions in region r are denoted by 

ector z r = { x r , b r,r ′ , s r,r ′ } ∀ r ′ ∈ R . Z r,k is the set of z r,k , which can be

xpressed as: 

 r,k = 

⎧ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎩ 

z r,k ≥ 0 

y r,t,k ≤
∑ 

j∈ J x j,r,t,k + 

∑ 

r ′ ∈ R b r,r ′ ,t,k −
∑ 

r ′ ∈ R s r,r ′ ,t,k , ∀ y r,t,k ∈ �r,k , ∀ t ∈ T ∑ 

j∈ J f j,r,t x j,r,t,k ≤ CO 2 r,t , ∀ t ∈ T 

x j,r,t,k ≤ α j,r,t,k h j,r,t , ∀ α j,r,t,k ∈ �r,k , ∀ j ∈ J, t ∈ T 
s r,r ′ ,t,k ≤ u r,r ′ ,t , ∀ r ′ ∈ R, t ∈ T 
b r,r ′ ,t,k ≤ s r ′ ,r,t,k , ∀ r ′ ∈ R, t ∈ T 
s r,r ′ ,t,k ≥ b r ′ ,r,t,k , ∀ r ′ ∈ R, t ∈ T 

We assume that the feasible set of operational decisions Z r,k 

ust be feasible to all local uncertainties of demands and avail- 

bility φr,k ∈ �r,k . Constraint (6a) is the supply-demand balance 

onstraint, claiming that electricity demand should never exceed 

omestic electricity output plus electricity import and minus elec- 

ricity export under all the possible realizations of demand y r,t,k ∈ 

r,k . Constraint (6b) states that the annual CO 2 emissions in the 

egion should not exceed certain predefined emissions targets 

 CO 2 r,t ). The CO 2 emissions are calculated based on the emissions 

ntensity and production output of various generation technologies. 

onstraint (6c) states that the generation output of each generation 

echnology is limited by the maximum output of capacity under 

ll the possible realizations of resource availability α j,r,t,k ∈ �r,k . 

he maximum output of capacity can be calculated as a multipli- 

ation of total generating capacity (in unit of kWh per year) and 

esource availability ( α). Constraint (6d) states that the electric- 

ty trading amount in each region should be constrained by the 

vailable transmission capacity ( u ). Constraints (6e) and (6f) state 

hat the electricity amount region r is willing to buy from region 

 

′ should never exceed the electricity amount region r ′ is will- 

ng to sell to region r. Note that variables b r ′ ,r , s r ′ ,r , ∀ r ′ ∈ R are the

ecision variables in region r ′ , and constraints (6e) and (6f) are 

oupling constraints among the optimization problems in various 

egions. The simultaneous optimization for all regions lead to an 

arket equilibrium problem in the bottom-level. 

.3. Top-level problem 

In the top-level problem, a system operator chooses cross- 

order transmission capacity ( u ) and electricity trading prices 

 p buy , p sell ) that minimize the total cost of the entire system by an-

icipating how the regional planners will react by expanding the 

eneration capacities and making operating and trading decisions. 

he trading prices are modelled by solving a centralized optimiza- 

ion model that will be introduced later. The top-level problem can 

e formulated as: 

 = 

⎧ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎩ 

u ≥ 0 

∃ �u : u r,r ′ , 0 = 

ˆ u r,r ′ , ∀ r ∈ R, r ′ ∈ R, 

u r,r ′ ,t = u r,r ′ ,t−1 (1 − a ) + �u r,r ′ ,t M, ∀ r ∈ R, r ′ ∈ R, t ∈
�u r,r ′ ,t = �u r ′ ,r,t , ∀ r ∈ R, r ′ ∈ R, t ∈ T , 
u r,r ′ ,t ≤ ū r,r ′ ,t , ∀ r ∈ R, r ′ ∈ R, t ∈ T , 
�u ∈ Z + 
r

1239 
 

 

 

 

 

 

⎫ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎬ 

⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎭ 

, ∀ r ∈ R, k ∈ K (6) 

min 

 ∈ U ,p buy ,p sell 

∑ 

r∈ R 
Cost r 

(
u, p buy , p sell 

)
(7a) 

.t. The optimal conditions of problem (4) , ∀ r ∈ R (7b) 

Objective function (7a) aims to minimize the total system 

osts 2 . The system operator is assumed to be a benevolent plan- 

er, which invests and manages the cross-border transmission lines 

n the best interest of the entire system ( Ambrosius et al., 2020; 

asina & Hobbs, 2020; Sauma & Oren, 2006 ). Constraint (7b) states 

hat the generating investment and trading variables in various re- 

ions should satisfy the optimal condition of bottom-level prob- 

em (4) for all regions. The decision variables in the top-level prob- 

em are cross-border transmission investment u and trading prices 

p buy , p sell . The feasible set of u can be expressed as: 

(a ) 
(b) 
(c) 
(d) 
(e ) 

⎫ ⎪ ⎪ ⎬ 

⎪ ⎪ ⎭ 

(8) 

onstraint (8a) sets the inter-regional transmission capacity in the 

nitial modelling period as ˆ u . Constraint (8b) states that the trans- 

ission capacity in period t should equal to the transmission ca- 

acity in period t − 1 minus capacity depreciation and plus trans- 

ission capacity addition in period t ( �uM ). M denotes the mini- 

um addition in transmission capacity. Constraint (8c) states that 

he transmission capacity from region r to region r ′ should equal 

o the transmission capacity from region r ′ to region r. Constraint 

8d) sets an upper bound on the transmission capacity in each 

odelling period. Constraint (8e) states that the number of trans- 

ission capacities to build is a non-negative integer. 

. Model solution approach 

The MPEC problem (7) is solved in the following way. We first 

ropose a centralized optimization problem in which a central 

lanner decides everything for the minimization of total system 

ost. Then, we prove that the MPEC problem under perfect compe- 

ition is equivalent to the centralized problem. Finally, the equiv- 

lent centralized problem is transformed into a single-level MILP 

roblem, which can be efficiently solved with the state-of-the-art 

olver. 

.1. Centralized optimization problem 

The centralized optimization problem can be formulated as: 

min 

u ∈ U ,h ∈ H 

max 
P ∈ F 

E P 

[ 
max 
ω k ∈ �k 

min 

z k ∈ Z k 

(∑ 

t∈ T 

∑ 

r∈ R 

∑ 

j∈ J 
C genin v 

j,r,t,k 
h j,r,t 

+ 

∑ 

t∈ T 

∑ 

r∈ R 

∑ 

j∈ J 
C gen 

j,r,t,k 
x j,r,t,k + 

∑ 

t∈ T 

∑ 

r∈ R 

∑ 

r ′ ∈ R 
C tran b r,r ′ ,t,k 

)] 
(9) 
ents resulting from the cross-border trade are non-zero. 
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he objective function aims to minimize the total costs in the sys- 

em, including the investment cost, generation cost, and transmis- 

ion service fee. The transmission service fee ( C tran b r,r ′ ,t,k ) is col- 

ected from various regions to cover the investment cost of cross- 

order transmission lines. C tran is the unit transmission service 

ee, denoting the fee to be paid for transmitting one unit of elec- 

ricity. H = { h | h r ∈ H r , ∀ r ∈ R } , F = { P | P r ∈ F r , ∀ r ∈ R } , �k =
 ω k | ω r,k ∈ �r,k , ∀ r ∈ R } , and �k = { φk | φr,k ∈ �r,k , ∀ r ∈ R } . Define

 k = { x k , b k , s k } . Z k is the set of z k in the centralized optimization

roblem, which can be expressed as: 

 k = 

⎧ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎩ 

z k ≥ 0 

y r,t,k ≤
∑ 

j∈ J x j,r,t,k + 

∑ 

r ′ ∈ R b r,r ′ ,t,k −
∑ 

r ′ ∈ R s r,r ′ ,t,k , 

∀ y r,t,k ∈ �k , ∀ t ∈ T , r ∈ R ∑ 

j∈ J f j,r,t x j,r,t,k ≤ CO 2 r,t , ∀ t ∈ T , r ∈ R, 

x j,r,t,k ≤ α j,r,t,k h j,r,t , ∀ α j,r,t,k ∈ �k , ∀ j ∈ J, t ∈ T , r ∈ 

s r,r ′ ,t,k ≤ u r,r ′ ,t , ∀ r ′ ∈ R, r ∈ R, t ∈ T , 

b r,r ′ ,t,k = s r ′ ,r,t,k , ∀ r ′ ∈ R, r ∈ R, t ∈ T , 

The feasible set of operational decisions Z k must be feasible to 

ll local uncertainties of demands and availability φk ∈ �k . ε
′ 
r,t,k 

nd η′ 
r,r ′ ,t,k are the dual variables corresponding to constraints 

10a) and (10d). Both dual variables have classical interpretations 

n the energy economics literature. ε′ 
r,t,k 

can be interpreted as 

odal price, while η′ 
r,r ′ ,t,k can be interpreted as congestion price. 

n the following subsection, we will illustrate how to use the opti- 

al values of nodal and congestion prices obtained by solving the 

entralized problem (9) to construct a set of feasible equilibrium 

rices in MPEC problem (7) . 

.2. Equivalence between MPEC and centralized problem 

In the following, we show that the MPEC problem (7) is equiv- 

lent to the centralized optimization problem (9) under perfect 

ompetition. 

roposition 5.1. The solution of MPEC problem (7) coincides with 

he solution of centralized optimization problem (9) in a per- 

ectly competition market, i.e., the trading prices in (7) are set 

s (p buy , p sell ) := (p buy ′ , p sel l ′ ) , where p 
buy ′ 
r,r ′ ,t,k = ˆ ε′ 

r,t,k 
and p sel l ′ 

r,r ′ ,t,k =
ˆ 
′ 
r,t,k 

+ ˆ η
′ 
r,r ′ ,t,k , ∀ r, r ′ ∈ R, t ∈ T , k ∈ K, and ˆ ε

′ 
and ˆ η

′ 
are the optimal

olutions of dual variables ε′ and η′ by solving the centralized prob- 

em (9) . 

roof. In order to prove the equivalence between (7) and (9) , we 

tarts by showing the equivalence between their inner-most prob- 

ems. Since we assume that the region operational decisions do 

ot adapt to the local uncertainties of demand and availability, the 

orst-case value of y and α in each time period will always be the 

pper or lower bounds, i.e., ȳ and α. Hence, the inner-most min- 

mization problem on z r,k ∈ Z r,k in (7) can be equivalently trans- 

ormed into the minimization problem on z r,k ∈ Z r,k ( ̄y r,k , αr,k ) , and

he inner-most minimization problem on z k ∈ Z k in (9) can be 

quivalently transformed into the minimization problem on z k ∈ 

 k ( ̄y k , αk ) . Thus, the inner-most minimization problem in MPEC 

roblem (7) can be rewritten as: 

∀ r ∈ R, k ∈ K, 

 r (u, h r , ω r,k ) = min 

x r,k ,b r,k ,s r,k 

(∑ 

t∈ T 

∑ 

j∈ J 
C gen 

j,r,t,k 
x j,r,t,k 

+ 

∑ 

t∈ T 

∑ 

r ′ ∈ R 

(
p buy 

r,r ′ ,t,k b r,r ′ ,t,k − p sell 
r,r ′ ,t,k s r,r ′ ,t,k 

))
(11a) 
1240 
(ε′ 
r,t,k 

) (a ) 

(b) 

(c) 

(η′ 
r,r ′ ,t,k ) (d) 

(e ) 

⎫ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎬ 

⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎭ 

∀ k ∈ K (10) 

.t. ȳ r,t,k ≤
∑ 

j∈ J 
x j,r,t,k + 

∑ 

r ′ ∈ R 
b r,r ′ ,t,k −

∑ 

r ′ ∈ R 
s r,r ′ ,t,k , ∀ t ∈ T ( εr,t,k ) 

(11b) 

∑ 

j∈ J 
f j,r,t x j,r,t,k ≤ CO 2 r,t , ∀ t ∈ T ( γr,t,k ) (11c) 

x j,r,t,k ≤ α j,r,t,k h j,r,t , ∀ j ∈ J, t ∈ T ( ζ j,r,t,k ) (11d) 

s r,r ′ ,t,k ≤ u r,r ′ ,t , ∀ r ′ ∈ R, t ∈ T ( ηr,r ′ ,t,k ) (11e) 

b r,r ′ ,t,k ≤ s r ′ ,r,t,k , ∀ r ′ ∈ R, t ∈ T ( σr,r ′ ,t,k ) (11f) 

s r,r ′ ,t,k ≥ b r ′ ,r,t,k , ∀ r ′ ∈ R, t ∈ T ( ̂  σr,r ′ ,t,k ) (11g) 

x r,k , b r,k , s r,k ≥ 0 (11h) 

The inner-most minimization problem in (9) can be rewritten 

s: 

∀ k ∈ K, 

 (u, h, ω k ) = min 

x k ,b k ,s k 

(∑ 

r∈ R 

∑ 

t∈ T 

∑ 

j∈ J 
C gen 

j,r,t,k 
x j,r,t,k 

+ 

∑ 

t∈ T 

∑ 

r∈ R 

∑ 

r ′ ∈ R 
C tran b r,r ′ ,t,k 

)
(12a) 

.t. ȳ r,t,k ≤
∑ 

j∈ J 
x j,r,t,k + 

∑ 

r ′ ∈ R 
b r,r ′ ,t,k −

∑ 

r ′ ∈ R 
s r,r ′ ,t,k , ∀ r ∈ R, t ∈ T ( ε′ 

r,t,k )

(12b) 

∑ 

j∈ J 
f j,r,t x j,r,t,k ≤ CO 2 r,t , ∀ r ∈ R, t ∈ T ( γ ′ 

r,t,k ) (12c)

x j,r,t,k ≤ α j,r,t,k h j,r,t , ∀ r ∈ R, j ∈ J, t ∈ T ( ζ ′ 
j,r,t,k ) (12d)

s r,r ′ ,t,k ≤ u r,r ′ ,t , ∀ r ∈ R, r ′ ∈ R, t ∈ T ( η′ 
r,r ′ ,t,k ) (12e)

b r,r ′ ,t,k ≤ s r ′ ,r,t,k , ∀ r ∈ R, r ′ ∈ R, t ∈ T ( σ ′ 
r,r ′ ,t,k ) (12f)

s r,r ′ ,t,k ≥ b r ′ ,r,t,k , ∀ r ∈ R, r ′ ∈ R, t ∈ T ( ̂  σ ′ 
r,r ′ ,t,k ) (12g)

x k , b k , s k ≥ 0 (12h) 

here εr , γr , ζr , ηr , σr , ˆ σr are the dual variables of (11) , and
′ , γ ′ , ζ ′ , η′ , σ ′ , ˆ σ ′ are the dual variables of (12) . To show the

quivalence between (11) and (12) , the following claim is given. 
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laim 1. At the optimum of centralized optimization problem (9) , the 

ollowing equality must holds. 

 

r∈ R 

∑ 

r ′ ∈ R 
C tran b r,r ′ ,t,k = 

∑ 

r∈ R 

∑ 

r ′ ∈ R 

(
p buy ′ 

r,r ′ ,t,k b r,r ′ ,t,k − p sel l ′ 
r,r ′ ,t,k s r,r ′ ,t,k 

)
, 

∀ t ∈ T , k ∈ K (13) 

roof. See Appendix A �

According to Claim 1, problem (12) can be rewritten into the 

ollowing form. 

F (u, h, ω k ) = 

min 

z k ∈ Z k (ω k ,φk ) 

(∑ 

r∈ R 

∑ 

t∈ T 

∑ 

j∈ J 
C gen 

j,r,t,k 
x j,r,t,k 

+ 

∑ 

t∈ T 

∑ 

r∈ R 

∑ 

r ′ ∈ R 

(
p buy ′ 

r,r ′ ,t,k b r,r ′ ,t,k − p sel l ′ 
r,r ′ ,t,k s r,r ′ ,t,k 

))
, ∀ k ∈ K (14) 

he Lagrangian function of (14) can be written as: 

∀ k ∈ K, 

L k 

(
z k , ε

′ 
k , γ

′ 
k , ζ

′ 
k , η

′ 
k , σ

′ 
k , ˆ σ

′ 
k 

)
= 

∑ 

r∈ R 

∑ 

t∈ T 

∑ 

j∈ J 
C gen 

j,r,t,k 
x j,r,t,k 

+ 

∑ 

t∈ T 

∑ 

r∈ R 

∑ 

r ′ ∈ R 

(
p buy ′ 

r,r ′ ,t,k b r,r ′ ,t,k − p sel l ′ 
r,r ′ ,t,k s r,r ′ ,t,k 

)

+ 

∑ 

r∈ R 

∑ 

t∈ T 

∑ 

j∈ J 
ε′ 

r,t,k 

(∑ 

j∈ J 
x j,r,t,k + 

∑ 

r∈ R 

∑ 

t∈ T 

∑ 

j∈ J 

∑ 

r ′ ∈ R 
b r,r ′ ,t,k 

−
∑ 

r ′ ∈ R 
s r,r ′ ,t,k − ȳ r,t,k 

)

+ 

∑ 

r∈ R 

∑ 

t∈ T 

∑ 

j∈ J 
γ ′ 

r,t,k 

( 

CO 2 r,t −
∑ 

j∈ J 
f j,r,t x j,r,t,k 

) 

+ 

∑ 

r∈ R 

∑ 

t∈ T 

∑ 

j∈ J 
ζ ′ 

j,r,t,k 

(
α j,r,t,k h j,r,t − x j,r,t,k 

)
+ 

∑ 

r∈ R 

∑ 

r ′ ∈ R 

∑ 

t∈ T 
η′ 

r,r ′ ,t,k 
(
u r,r ′ ,t − s r,r ′ ,t,k 

)
+ 

∑ 

r∈ R 

∑ 

r ′ ∈ R 

∑ 

t∈ T 

∑ 

j∈ J 
σ ′ 

r,r ′ ,t,k 
(
s r ′ ,r,t,k − b r,r ′ ,t,k 

)
+ 

∑ 

r∈ R 

∑ 

r ′ ∈ R 

∑ 

t∈ T 

∑ 

j∈ J 
ˆ σ ′ 

r,r ′ ,t,k 
(
s r,r ′ ,t,k − b r ′ ,r,t,k 

)
(15) 

n the other side, the Lagrangian function of (11) can be written 

s: 

∀ r ∈ R, k ∈ K, 

L r,k 

(
z r,k , εr,k , γr,k , ζr,k , ηr,k , σr,k , ˆ σr,k 

)
= 

∑ 

t∈ T 

∑ 

j∈ J 
C gen 

j,r,t,k 
x j,r,t,k 

+ 

∑ 

t∈ T 

∑ 

r∈ R 

∑ 

r ′ ∈ R 

(
p buy 

r,r ′ ,t,k b r,r ′ ,t,k − p sell 
r,r ′ ,t,k s r,r ′ ,t,k 

)
+ 

∑ 

t∈ T 

∑ 

j∈ J 
εr,t,k 

(∑ 

j∈ J 
x j,r,t,k + 

∑ 

t∈ T 

∑ 

j∈ J 

∑ 

r ′ ∈ R 
b r,r ′ ,t,k 

−
∑ 

r ′ ∈ R 
s r,r ′ ,t,k − ȳ r,t,k 

)

+ 

∑ 

t∈ T 

∑ 

j∈ J 
γr,t,k 

( 

CO 2 r,t −
∑ 

j∈ J 
f j,r,t x j,r,t,k 

) 

+ 

∑ 

t∈ T 

∑ 

j∈ J 
ζ j,r,t,k 

(
α j,r,t,k h j,r,t − x j,r,t,k 

)

1241 
+ 

∑ 

r ′ ∈ R 

∑ 

t∈ T 
ηr,r ′ ,t,k 

(
u r,r ′ ,t − s r,r ′ ,t,k 

)
+ 

∑ 

r ′ ∈ R 

∑ 

t∈ T 

∑ 

j∈ J 
σr,r ′ ,t,k 

(
s r ′ ,r,t,k − b r,r ′ ,t,k 

)
+ 

∑ 

r ′ ∈ R 

∑ 

t∈ T 

∑ 

j∈ J 
ˆ σr,r ′ ,t,k 

(
s r,r ′ ,t,k − b r ′ ,r,t,k 

)
(16) 

hrough deriving the first-order optimality conditions of L k 

nd 

∑ 

r∈ R L r,k respectively, it can be clearly seen that (11) and 

12) share the same form of KKT conditions. Therefore, the equi- 

ibrium solution of problem (11) coincides with the optimal so- 

ution of the centralized problem (12) under the condition that 

p buy , p sell ) = (p buy ′ , p sel l ′ ) . Therefore, we have 

 (u, h, ω k ) = 

∑ 

r∈ R 
F r 
(
u, h r , ω r,k , φr,k | 

(
p buy , p sell 

)
= 

(
p buy ′ , p sel l ′ )), ∀ k ∈ K (17) 

ote that problem (9) can be written into the following simplified 

orm. 

min 

u ∈ U 

min 

h ∈ H 

max 
P ∈ F 

E P 

[ 

max 
ω k ∈ �k 

( ∑ 

r∈ R 

∑ 

t∈ T 

∑ 

j∈ J 
C genin v 

j,r,t,k 
h j,r,t + F (u, h, ω k ) 

) ] )
(18) 

ecause of the equality condition we have obtained in (17), 

18) can be equivalently transformed into the following problem. 

min 

u ∈ U 

min 

h ∈ H 

max 
P ∈ F 

E P 

[
max 

ω k ∈ �k ,φk ∈ �k 

(∑ 

r∈ R 

∑ 

t∈ T 

∑ 

j∈ J 
C genin v 

j,r,t,k 
h j,r,t 

+ 

∑ 

r∈ R 
F r 
(
u, h r , ω r,k | (p buy , p sell ) = (p buy ′ , p sel l ′ ) 

))]
(19) 

bserve that H = { h | h r ∈ H r , ∀ r ∈ R } , F = { P | P r ∈ F r , ∀ r ∈ R } ,
k = { ω k | ω r,k ∈ �r,k , ∀ r ∈ R } , and �k = { φk | φr,k ∈ �r,k , ∀ r ∈ R } . It

eans that the cost of one regions only depends on the variables 

nd uncertainty parameters chosen in this region only, and not on 

he variables and uncertainty parameters chosen in the other re- 

ions. A consequence is that the inner min-max-max problems in 

19) is decomposable on r ∈ R . Therefore, (19) can be rewritten into

he following problem. 

min 

u ∈ U 

∑ 

r∈ R 
min 

h r ∈ H r 

max 
P r ∈ F r 

E P r 

[
max 

ω r,k ∈ �r,k 

(∑ 

t∈ T 

∑ 

j∈ J 
C genin v 

j,r,t,k 
h j,r,t 

+ F r 
(
u, h r , ω r,k | (p buy , p sell ) = (p buy ′ , p sel l ′ ) 

))]
(20) 

hich becomes exactly the same form of MPEC problem (7) under 

he condition that (p buy , p sell ) := (p buy ′ , p sel l ′ ) . Therefore, proposi-

ion 1 holds. �

We remark that the result in Proposition 1 holds as a conse- 

uence of Assumption 4.2 . That is, the data uncertainty sets in 

ifferent regions are uncorrelated with each other. This is termed 

ere as uncorrelated uncertainty case . On the other hand, in the 

ase of correlated uncertainty sets , the outcome of uncertain pa- 

ameters in a region may influence the outcomes of the parame- 

ers in another. An example of correlated uncertainty sets is given 

nd discussed in Appendix B. We demonstrate that the solution of 

PEC problem may not coincide with the solution of centralized 

ptimization problem in the correlated uncertainty case. In other 

ords, the market equilibrium prices computed by solving a cen- 

ralized optimization problem may not be market clearance prices 

or a decentralized market under the correlated uncertainty case. 
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.3. Solving the centralized optimization problem 

The centralized optimization problem (9) can be equivalently 

ransformed into a single-stage MILP problem based on the follow- 

ng proposition. The MILP problem can be efficiently solved using 

he commercial solver, e.g., GUROBI and CPLEX . 

roposition 5.2. Problem (9) can be equivalently transformed into 

he following single-stage MILP problem (21) . 

min 

,h,x,b,s, ̄λ, λ, ̄π, π,δ,μ, ̄τ , τ
Cost tot = 

∑ 

r∈ R 
( ̄τr − τ r + B r μr ) (21a) 

.t. ȳ r,t,k ≤
∑ 

j∈ J 
x j,r,t,k + 

∑ 

r ′ ∈ R 
b r,r ′ ,t,k −

∑ 

r ′ ∈ R 
s r,r ′ ,t,k , ∀ r ∈ R, t ∈ T , k ∈ K 

(21b) 

∑ 

j∈ J 
f j,r,t x j,r,t,k ≤ CO 2 r,t , ∀ r ∈ R, t ∈ T , k ∈ K (21c)

τ̄r − τ r + A r,k μr ≥ �C 
r,k δr,k + 

∑ 

t∈ T 

∑ 

r ′ ∈ R 
C tran b r,r ′ ,t,k 

+ 

∑ 

t∈ T 

∑ 

j∈ J 

(
C̄ gen 

j,r,t,k 
λ̄ j,r,t,k − C gen 

j,r,t,k 
λ j,r,t,k 

+ ̄C genin v 
j,r,t,k 

π̄ j,r,t,k − C genin v 
j,r,t,k 

π j,r,t,k 

)
, ∀ r ∈ R, k ∈ K (21d) 

x j,r,t,k ≤ α j,r,t,k h j,r,t , ∀ j ∈ J, r ∈ R, t ∈ T , k ∈ K (21e)

b r,r ′ ,t,k ≤ u r,r ′ ,t , ∀ r ∈ R, r ′ ∈ R, t ∈ T , k ∈ K (21f)

s r,r ′ ,t,k ≤ u r,r ′ ,t , ∀ r ∈ R, r ′ ∈ R, t ∈ T , k ∈ K (21g)

b r,r ′ ,t,k = s r ′ ,r,t,k , ∀ r ∈ R, r ′ ∈ R, t ∈ T , k ∈ K (21h)

λ̄ j,r,t,k − λ j,r,t,k + δr,k ≥ x j,r,t,k , ∀ j ∈ J, r ∈ R, t ∈ T , k ∈ K (21i)

π̄ j,r,t,k −π j,r,t,k + δr,k ≥ h j,r,t , ∀ j ∈ J, r ∈ R, t ∈ T , k ∈ K (21j)

h j,r, 0 = 

ˆ h j,r , ∀ j ∈ J, r ∈ R (21k) 

h j,r,t = h j,r,t−1 (1 − e j ) + �h j,r,t N, ∀ j ∈ J, r ∈ R, t ∈ T (21l)

h j,r,t ≤ h̄ j,r,t , ∀ j ∈ J, r ∈ R, t ∈ T (21m) 

u r,r ′ , 0 = 

ˆ u r,r ′ , ∀ r ∈ R, r ′ ∈ R (21n) 

u r,r ′ ,t = u r,r ′ ,t−1 (1 − a ) + �u r,r ′ ,t M, ∀ r ∈ R, r ′ ∈ R, t ∈ T (21o)

�u r,r ′ ,t = �u r ′ ,r,t , ∀ r ∈ R, r ′ ∈ R, t ∈ T (21p)

u r,r ′ ,t ≤ ū r,r ′ ,t , ∀ r ∈ R, r ′ ∈ R, t ∈ T (21q) 

�h, �u ∈ Z + (21r) 

u, h, x, b, s, ̄λ, λ, π̄ , π, δ, μ, τ̄ , τ ≥ 0 (21s)
1242 
roof. See Appendix C �

To guarantee the revenue adequacy of system operator, the fol- 

owing optimization routine is further developed, on top of the ca- 

acity investment model (7) , to search for the transmission fee pa- 

ameter. The optimal value of unit transmission cost C tran can be 

btained by considering the following problem. 

in 

C tran 
C ost ∗tot (C 

tran ) (22a) 

.t. (u 

∗, b ∗) ∈ argmin { Cost tot | (21 b) –(21 s ) } (22b)

∑ 

r∈ R 

∑ 

r ′ ∈ R 

∑ 

t∈ T 
C tranin v 

r,r ′ ,t u 

∗
r,r ′ ,t 

≤
∑ 

t∈ T 

∑ 

r∈ R 

∑ 

r ′ ∈ R 
C tran b ∗r,r ′ ,t,k , ∀ k ∈ K (22c) 

C tran ≥ 0 (22d) 

here C ost ∗tot (C 
tran ) is the optimal value of objective function 

 

r∈ R ( ̄τr − τ r + B r μr ) under the choice of unit transmission service 

ee C tran in (21) ; u ∗ and b ∗ are the optimal values of variables u and

computed by solving (21) . Constraint (22c) states that the total 

ransmission service fee collected from various regions should be 

o less than the total investment cost for cross-border transmis- 

ion lines. The above problem can be solved through a line search 

lgorithm as described in Appendix D. 

. Case study for ASEAN power system planning 

The Association of Southeast Asian Nations (ASEAN) comprises 

f ten member countries, namely Brunei Darussalam, Cambodia, 

ndonesia, Laos, Malaysia, Myanmar, the Philippines, Singapore, 

hailand, and Viet Nam. The over-reliance on fossil fuel generation 

as resulted in significant CO 2 emissions in the region ( IEA, 2019 ). 

s a result, the development of renewable generation has been 

dentified as a crucial strategy to reduce CO 2 emissions ( AEDS, 

021 ). However, the uneven geographical distribution of renewable 

esources presents a major challenge for renewable energy devel- 

pment in the region. One possible solution is the integration of 

SEAN power grids ( IEA, 2019 ). Against this backdrop, we apply 

he proposed model to identify the optimal transmission and gen- 

ration capacity expansion plan for the ASEAN power system from 

020 to 2040. We describe the data used in Appendix E and define 

he set of ambiguous probability in Appendix F. The optimization 

odel comprises 40,352 constraints and 46,940 variables, which 

e solve using the GUROBI solver in a Python environment with 

our 3.0 gigahertz processors and 16 gigabyte of RAM. The compu- 

ational time for the line search algorithm with 100 iterations is 

ess than 5 minutes. 

.1. Results and discussion 

The optimization model is evaluated under three distinct sce- 

arios that assume the same values of data uncertainties. These 

cenarios are as follows: 

• Isolated scenario : This scenario assumes that the different 

countries are not interconnected with each other via trans- 

mission lines. The aim of this scenario is to understand how 

individual countries can be self-sufficient without relying on 

other countries for power supply. 
• Planned lines scenario : This scenario assumes that the differ- 

ent countries are interconnected based on the existing trans- 

mission expansion plan, which is the transmission capacity 

plan from 2020 to 2040 projected by IEA (2019) . 
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Fig. 3. Generation and transmission in 2040 under different cross-border connection scenarios. 
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• Optimized lines scenario : This scenario assumes that the dif- 

ferent countries are interconnected based on the transmis- 

sion expansion plan obtained from the optimization model 

itself. 

.1.1. Impacts of regional cross-border connection 

Fig. 3 displays the optimal generation and transmission in dif- 

erent countries in 2040 under different scenarios. Table 1 reports 

he cumulative generation during the entire modeling period. As 

hown in Fig. 3 , gas-fired and renewable generation contribute to 

he majority of total electricity generation under all three scenarios 

ue to CO emissions targets. The generation portfolios among dif- 
2 

1243 
erent countries vary significantly. Gas-fired generation is primarily 

romoted in more economically developed regions such as Brunei, 

ndonesia, Malaysia, and Singapore. Hydro power mainly locates 

n Cambodia, Laos, and Myanmar due to their abundant hydro re- 

ources. Solar power is concentrated in Cambodia, Malaysia, Viet- 

am, and Singapore, while wind power is primarily developed in 

he Philippines and Thailand (see Fig. 3 ). Moving from the isolated 

cenario to the optimized line scenario increases the total amount 

f renewable electricity generation in 2040 from 1515.6 TWh to 

655.3 TWh (9.2%) (see Table 1 ). Meanwhile, the total amount of 

ossil fuel generation, including coal-fired, oil-fired, and gas-fired 

eneration, decreases from 1387.9 TWh to 1248.2 TWh with a de- 
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Table 1 

Cumulative generation by country from 2020 to 2040 (TWh). 

Wind Solar Hydro Coal Gas Oil Geothermal Biofuels and waste Total 

Isolated BRN 0.35 0.35 0.02 0.53 6.29 3.46 0.02 0.06 11.08 

KHM 0.00 4.53 16.50 3.17 0.00 0.00 0.00 0.97 25.17 

IDN 26.71 26.71 75.95 67.56 488.87 0.00 16.60 59.96 762.37 

LAO 0.00 0.00 14.72 0.00 0.00 0.00 0.00 0.00 14.72 

MYS 0.00 98.89 76.93 0.00 235.65 0.00 0.00 22.39 433.87 

MMR 0.00 12.39 42.83 1.05 0.53 0.00 0.00 0.00 56.80 

PHL 44.10 31.48 46.89 33.25 61.22 0.00 15.02 15.08 247.03 

SGP 0.00 16.78 0.00 0.00 120.77 0.00 0.00 3.00 140.55 

THA 91.42 84.47 99.88 0.00 167.23 0.00 0.00 80.89 523.89 

VNM 100.96 119.62 257.76 57.84 140.49 0.00 0.00 11.40 688.08 

ASEAN 263.53 395.22 631.49 163.40 1,221.05 3.46 31.63 193.76 2,903.56 

Planned BRN 0.35 0.35 0.02 0.53 6.29 3.46 0.02 0.06 11.08 

lines KHM 0.00 5.53 16.50 3.17 0.00 0.00 0.00 0.97 26.17 

IDN 26.71 26.71 75.95 96.97 432.26 0.00 16.60 59.96 735.18 

LAO 0.00 0.00 100.95 0.00 0.00 0.00 0.00 0.00 100.95 

MYS 0.00 84.24 76.93 0.00 235.65 0.00 0.00 22.39 419.21 

MMR 0.00 12.39 42.83 1.05 0.53 0.00 0.00 0.00 56.80 

PHL 47.50 37.07 46.89 24.50 88.16 0.00 15.02 15.08 274.22 

SGP 0.00 19.62 0.00 0.00 127.63 0.00 0.00 0.00 147.25 

THA 66.50 66.50 99.88 16.99 128.62 0.00 0.00 80.89 459.38 

VNM 100.96 110.24 257.76 62.84 130.11 0.00 0.00 11.40 673.31 

ASEAN 242.01 362.65 717.72 206.05 1,149.26 3.46 31.63 190.76 2,903.56 

Optimized BRN 0.35 0.35 0.02 0.53 8.08 3.77 0.02 0.06 13.17 

lines KHM 0.00 5.52 16.50 3.17 0.00 0.00 0.00 0.97 26.16 

IDN 26.71 26.71 75.95 211.62 211.62 0.00 16.60 59.96 629.18 

LAO 0.00 0.00 123.73 0.00 0.00 0.00 0.00 0.00 123.73 

MYS 0.00 32.90 76.93 34.42 158.76 0.00 0.00 22.39 325.40 

MMR 0.00 15.06 52.02 1.38 0.00 0.00 0.00 0.00 68.46 

PHL 76.85 37.36 46.89 0.00 163.66 0.00 15.02 15.08 354.86 

SGP 0.00 22.95 0.00 0.00 127.63 0.00 0.00 0.00 150.58 

THA 134.66 97.90 99.88 0.00 167.23 0.00 0.00 80.89 580.56 

VNM 100.96 104.99 257.76 96.83 59.52 0.00 0.00 11.40 631.46 

ASEAN 339.53 343.74 749.68 347.95 896.48 3.77 31.63 190.76 2,903.56 

Fig. 4. Feasibility ratios and costs of different optimization models evaluated by out-of-samples approach. 
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reasing rate of 10.1%. The result indicates that cross-border grid 

ntegration encourages the development of renewable electricity 

eneration. For example, Laos generates much more hydro genera- 

ion output in the planned lines and optimized lines scenarios com- 

ared to the isolated scenario. The additional hydro power gener- 

tion is exported to Thailand and Vietnam. Myanmar significantly 

ncreases its production output of hydro power in the optimized 

ines scenario and exports it to Malaysia. Thailand increases its 

hare of wind power generation and exports electricity to Malaysia 

see Fig. 3 ). The increase in electricity trading volumes is primarily 

otivated by following reasons. On the one hand, for the electric- 

ty exporting countries, installing more renewable generation ca- 
1244 
acities could lead to a reduction in the renewable power gener- 

tion cost due to economies of scale. Furthermore, selling renew- 

ble energy to other countries could help generate profits without 

acrificing their own CO 2 emissions targets. On the other hand, for 

he electricity importing countries, importing renewable electricity 

rom other countries can help them achieve their CO 2 emissions 

argets in a more economic way. As such, cross-border renewable 

lectricity trading can be considered a “Win-Win” strategy for both 

lectricity exporters and importers. 

The benefits of cross-border power grid integration are signifi- 

ant, as demonstrated by the cost breakdown presented in Table 2 . 

he integration of the ASEAN power grid reduces the system cost 
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Table 2 

Cumulative cost from 2020 to 2040 in different cross-border connection scenarios (Million USD). 

BRN KHM IDN LAO MYS MMR PHL SGP THA VNM ASEAN 

Isolated Gen. inv. cost 2667 9324 193,531 25,911 128,647 24,078 78,601 35,998 168,183 246,385 913,323 

Gen. cost 9626 1126 386,324 0 207,792 357 65,699 70,030 127,113 113,557 981,624 

Trad. cost 0 0 0 0 0 0 0 0 0 0 0 

Trans. cost 0 0 0 0 0 0 0 0 0 0 0 

Trans. inv. cost – – – – – – – – – – 0 

Total 12,293 10,450 579,855 25,911 336,438 24,435 144,299 106,029 295,296 359,942 189,4948 

Planned Gen. inv. cost 2667 10,419 173,385 50,113 128,275 24,078 91,429 39,174 147,385 233,581 900,505 

lines Gen. cost 9626 1889 357,896 0 196,640 357 75,424 75,201 79,453 109,875 906,362 

Trad. cost 0 −3966 44,248 −25,244 6591 0 −29,626 −11,133 4533 14,597 0 

Trans. cost 0 80 2662 0 2268 0 275 0 9107 1612 16,005 

Trans. inv. cost – – – – – – – – – – 4431 

Total 12,293 8423 578,192 24,868 333,775 24,435 137,502 103,241 240,477 359,665 1,827,302 

Optimized Gen. inv. cost 3958 10,308 150,912 61,238 89,804 28,573 109,580 43,115 210,590 212,704 920,783 

lines Gen. cost 9801 1928 318,192 0 122,388 1118 78,958 90,110 100,401 94,413 817,309 

Trad. cost −1599 −2706 85,524 −109,886 112,308 −10,365 −45,579 −39,316 −33,120 44,738 0 

Trans. cost 100 18 6341 231 11,789 182 279 28 10,118 3315 32,400 

Trans. inv. cost – – – – – – – – – – 11,241 

Total 12,261 9548 560,968 −48,417 336,288 19,509 143,238 93,938 287,988 355,170 1,781,732 

Fig. 5. Total generation capacity generated by deterministic-pessimistic (a), deterministic-average (b), sampling-average (c), sampling-CVaR (d), and stochastic-robust (e) 

approaches under the optimized lines scenario. 
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y 3.6% and 6.0% in the planned lines and optimized lines scenar- 

os, respectively, compared to the isolated scenario. The cost break- 

own shows that the planned lines and optimized lines scenarios 

nvest an additional 4,431 and 11,241 million USD in cross-border 

ransmission expansion, respectively, but earn 67,646 (15 times) 

nd 113,216 (10 times) million USD in return compared to the iso- 

ated scenario. The cost savings earned by the investment in cross- 

order transmission lines are mainly from the savings in genera- 

ion costs. Furthermore, Table 2 shows that all the countries bene- 

t from the grid integration to some extent. This can be explained 

y the fact that the solution is one of the equilibrium solutions 

rom a market equilibrium model, in which every country makes 

heir investment and trading plan only for the minimization of 

heir costs. Therefore, the cost of in the optimized lines scenario 
1245 
ill never exceed the cost in the isolated scenario for each individ- 

al country. 

.1.2. Uncertainty handling performance evaluation 

We compared the performance of the stochastic-robust op- 

imization approach with four benchmark approaches com- 

only used for handling data uncertainty. These benchmark ap- 

roaches include the deterministic-average optimization approach, 

he deterministic-pessimistic optimization approach, the sampling- 

verage optimization approach, and the sampling-CVaR optimiza- 

ion approach. The formulations of these benchmark approaches 

re provided in Appendix G. To evaluate the performance of these 

pproaches, we ran the above mentioned optimization models sep- 

rately and obtained different sets of capacity expansion solutions. 
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Fig. 6. Transmission capacity generated by deterministic-pessimistic (a), deterministic-average (b), sampling-average (c), sampling-CVaR (d), and stochastic-robust (e) ap- 

proaches under the optimized lines scenario. 
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3 It should be noted that the model comparison is performed under one certain 

value of cost uncertainty budget �C 
r,k 

. However, we have also conducted model com- 

parisons under different values of the uncertainty budget in Appendix H, which 

yield similar results. 
4 From Table E8, we can see that the cost of solar generation technology will de- 

crease significantly, while the cost of gas-fired generation technology will not de- 

crease notably in the optimistic cost scenario 
e then used the Monte Carlo simulation approach, as described 

n Appendix G, to assess the performance of these capacity solu- 

ions under data uncertainty. 

Two performance indicators have been designed for model 

omparison: feasibility and cost. Feasibility performance measures 

he likelihood of the capacity solution to meet power demand 

nd CO 2 emissions targets, while cost performance measures the 

xpected system cost associated with the capacity solution un- 

er uncertainty (See details of the two indicators in Appendix G). 

igure 4 (a) and (b) illustrate the feasibility and cost performance 

f the capacity solutions generated by different optimization ap- 

roaches, respectively. From Fig. 4 (a), it can be observed that the 

easibility ratios of stochastic-robust and deterministic-pessimistic 

pproaches are 100% under all three cross-border connection sce- 

arios, while the feasibility ratios of the other approaches fall 

hort of 100% under some scenarios. This result indicates that 

he capacity expansion plans generated by stochastic-robust and 

eterministic-pessimistic approaches are the most reliable plans 

or meeting demand and CO2 emissions targets. Although both ap- 

roaches have the same feasibility performance, the cost of the 

tochastic-robust approach is 4.5%–7.8% lower than the cost of 

he deterministic-pessimistic approach under different grid con- 

ection scenarios ( Fig. 4 (b)). Therefore, the capacity expansion so- 

ution generated by the stochastic-robust optimization approach is 

ot only reliable for meeting demand and CO emissions targets, 
2 

1246 
ut can also significantly reduce the investment and operation 

osts. 3 

The generation and transmission expansion solutions generated 

y different optimization approaches in the optimized lines scenario 

re compared in Figs. 5 and 6 , respectively. As shown in Fig. 5 ,

he pessimistic-deterministic and sampling-CVaR models promote 

ore gas-fired generation over solar generation. This can be ex- 

lained by the fact that these approaches only consider the (near) 

orst-case parameters. Since the solar generation technology is not 

ost-competitive compared to the gas-fired generation technology 

n the worst-case scenario, it will not be chosen by the two mod- 

ls. On the other hand, the deterministic-average and sampling- 

verage approaches promote much more solar generation over gas- 

red generation. This is due to the fact that these approaches con- 

ider both the optimistic and pessimistic cost scenarios, making so- 

ar generation technology more cost-competitive than the gas-fired 

eneration technology, and therefore largely adopted 

4 . Although 
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he stochastic-robust approach also considers the optimistic cost 

cenario, it installs less solar generation capacity but more gas- 

red generation capacity compared to the deterministic-average 

nd sampling-average approaches. This is because the solar gen- 

ration technology has a larger local uncertainty compared to the 

as-fired generation technology (See Table E7), and the stochastic- 

obust approach tends to avoid technologies with large cost un- 

ertainty and choose technologies with small cost uncertainty to 

nsure that the cost uncertainty budget is not violated. In addition 

o the generation capacity solutions, the transmission capacity so- 

utions generated by different approaches also vary significantly in 

oth total capacity and connection topology (See Fig. 6 ). From the 

bove comparison, we can see that the proposed stochastic-robust 

ptimization approach is able to generate a more reliable and cost- 

ffective capacity expansion solution, which cannot be inferred by 

xisting practices. 

. Conclusion and future extensions 

This study presents a novel stochastic-robust optimization 

odel for inter-regional power system planning that addresses un- 

ertainties in technology costs, demand, and resource availability. 

he model is formulated as a two-layer MPEC problem, where a 

entral planner determines the cross-border transmission expan- 

ion plan at the top-level, and various regions independently de- 

ide their capacity investment, generation, and trading plans under 

erfect competition at the bottom-level. The results of the mod- 

lling exercise in the ASEAN region demonstrate that the integra- 

ion of ASEAN power grids leads to increased renewable power 

eneration and can reduce system costs by up to 6.0%. We com- 

are the proposed stochastic-robust approach with several bench- 

ark methods for data uncertainty handling, and demonstrate that 

he capacity expansion solution generated by our approach is not 

nly reliable in meeting power demand and CO 2 emissions targets, 

ut can also significantly reduce investment and operation costs. 

verall, our study presents a promising approach to addressing the 

hallenges of inter-regional power system planning in the presence 

f both scenario and local uncertainties. 

Several avenues for future research can be considered based on 

he current work. First, while we have shown that the MPEC prob- 

em’s solution is consistent with the solution of centralized op- 

imization problem under uncorrelated uncertainty scenario, de- 

ermining market equilibrium prices in the MPEC problem un- 

er correlated uncertainty scenario is still an open question that 

arrants further exploration. Second, the current study assumes 

 perfectly competitive market, with generators acting as price 

akers. However, the real inter-regional power market may be 

n imperfectly competitive one where regions can be price mak- 

rs and act oligopolistically. Therefore, future research could ex- 

lore the stochastic-robust optimization problem for inter-regional 

ower system planning under an imperfectly competitive mar- 

et and examine the impact of data uncertainties on market 

quilibria. 
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