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Integration of renewable generation can lead to both diversification of energy sources (which can improve the
overall economic performance of the power sector) and cost increase due to the need for further resources to
provide flexibility and thus secure operation from unpredictable, variable and asynchronous generation. In this
context, we propose a cost-risk model that can properly plan generation and determine efficient technology
portfolios through balancing the benefits of energy source diversification and cost of security of supply through
the provision of various generation frequency control and demand side services, includingpreservation of system
inertia levels. We do so through a scenario-based cost minimization framework where the conditional value at
risk (CVaR), associated with costs under extreme scenarios of fossil fuel prices combined with hydrological in-
flows, is constrained. The model can tackle problems with large data sets (e.g. 8760 hours and 1000 scenarios)
since we use linear programming and propose a Benders-based method adapted to deal with CVaR constraints
in themaster problem. Through several analyses, including the Chileanmain electricity system, we demonstrate
the effects of renewables on hedging both fossil fuel and hydrological risks; effects of security of supply on costs,
risks and renewable investment; and the importance of demand side services in limiting risk exposure of gener-
ation portfolios through encouraging risk mitigating renewable generation investment.
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1. Introduction

1.1. Motivation

Integration of renewable generation may support not only develop-
ment of sustainable electricity systems but also diversification of energy
sources, improving the overall economic performance of the power sec-
tor (Awerbuch, 2006; Jansen et al., 2006; Doherty et al., 2006; Delarue
et al., 2011). In fact, an electricity system which is less dependent on
thermal and hydroelectric plants may decrease its exposure to volatile
fossil fuel prices and hydrological conditions driven by market and cli-
mate phenomena, reducing risks levels associated with generation in-
vestment and operating costs. Hence, policy makers and planners that
are more risk averse may perceive higher economic benefits from re-
newable generation technologies (Awerbuch, 2006).

Integration of renewable generation, however, may significantly es-
calate capital and operating costs due to the need for further resources
to provide flexibility and thus secure operation from unpredictable,
451, Chile.
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variable/intermittent and asynchronous generation. Therefore, a cost-
benefit analysis to determine renewable generation investment from a
system perspective should be able to balance the various benefits and
costs associated with diversification of energy sources, security of
supply, system-wide investment and operational costs, etc.

1.2. Literature review and contribution

From a socio-economic viewpoint, the integration of renewable
technologies for electricity generation presents various advantages
and disadvantages that need to be properly balanced. For example, elec-
tricity generation from renewables can make local electricity markets
less dependent on international fossil-fuel markets (Awerbuch, 2006;
Jansen et al., 2006; Doherty et al., 2006; Delarue et al., 2011), and can
also yield significant environmental benefits in terms of reductions in
CO2 and other greenhouse gas emissions (that are themain responsible
for global warming) (Pindyck, 2013), displacing the need for fossil-fuels
energy production. On the other hand, renewable technologies can also
cause problems in terms of security of supply due to, as discussed in
Denholm and Margolis (2007), Joskow (2011), their intermittent pro-
duction of power (e.g. a plant based on solar technology produces
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Nomenclature

Sets
I: Set of all generation technologies
IRH: Set of all types of hydro reservoir technologies (subset

of INR)
I FS: Set of fast start technologies participating in standing

reserves (subset of I)
INR: Set of non-renewable technologies (subset of I)
IG: Set of technologies that participate in primary frequency

control (subset of INR)
ING: Set of technologies that do not participate in primary

frequency control (subset of INR)
IR: Set of renewable technologies (subset of I)
J: Set of hours in a year
Jk
D: Set of hours in a particular day k (subset of J)
K: Set of days in a year
S: Set of simulation scenarios

Parameters
CV: Required (maximum) CVaR of generation portfolio

costs, [$]
Dj: Demand in hour j, [MWh]
dc−: Cost of demand decrease due to demand shifting,

[$/MW]
dc+: Cost of demand increase due to demand shifting, [$/MW]
DRj ,s

S : Amount of curtailable demand in hour j under scenario s
for the operating reserve timeframe, [MW]

DRj ,s
P : Amount of curtailable demand in hour j under scenario s

for the primary frequency control timeframe, [MW]
ds

−
: Maximum fraction of demand in any hour that can be

shifted/decreased, [p.u.]
ds

þ
: Maximum fraction of demand in any hour that can be

shifted/increased, [p.u.]
f0: Nominal system frequency, [Hz]
fdb: Governors' frequency dead band, [Hz]
fmin: Minimum frequency allowed under an N-1 contingency,

[Hz]
FS: Fraction of fast start generation capacity that contributes

to operating reserves, [p.u.]
FUi,s: Fuel cost of technology i in scenario s, [$/MWh]
Hf: Inertia constant of failed unit, [s]
Hi: Inertia constant of units of technology i, [s]
Infi,j,s Normalized water inflow of reservoir i in hour j under

scenario s, [hm3/MW]
INVi,s: Annuitized investment cost of technology i under sce-

nario s (this includes yearly fixed maintenance costs),
[$/MW-year]

Pi;Pi: Maximum and minimum power output of each unit of
technology i, [MW]

ps: Probability of occurrence of scenario s, [p.u.]
ri: Emergency ramp rate of a unit of technology i, [MW/s]
RPi,j Generation availability of renewable technology i at

hour j, [p.u.]
RRPj,s: Run-of-river generation availability at hour j in scenario

s, [p.u.]
tSR: Maximum time in which spinning reserves must be

deployed, [h]
vi; vi: Normalized lower and upper bound of stored water in

reservoir i, [hm3/MW]
α: CVaR parameter that defines the (1−α)% highest cost

scenarios, [p.u.]
voll: Value of lost load, [$/MWh]
λi: Losses of stored water due to evaporation and/or seep-

age in reservoir i, [p.u.]

ΔP: Maximum N-1 contingency magnitude for which re-
serve and inertia requirements are set, [MW]

ηi: Production coefficient of reservoir i, [MWh/hm3]
ρi: Hourly ramp rate limit of technology i, [MW/h]
σSOL ,j: Standard deviation of solar forecast errors in hour j,

[p.u.]
σWND: Standard deviation of wind forecast errors in all hours,

[p.u.]

Decision variables
ci: Installed capacity of technology i, [MW]
Cs: Total investment and operating costs in scenario s

(without including the value of lost load), [$]eCs : Total investment and operating costs in scenario s
(including the value of lost load), [$]

Dj ,s
−: Demand decrease in hour j under scenario s due to

demand shifting, [MW]
Dj ,s
+: Demand increase in hour j under scenario s due to

demand shifting, [MW]
ds: α – CVaR (auxiliary) variable that represents the

positive deviation of the cost in scenario s with respect
to the value of variable z, [$]

gi ,j ,s: Generation of technology i in hour j under scenario s,
[MWh]

LLj ,s: Lost load in hour j under scenario s, [MWh]
ni ,j ,s: Number of online or synchronized units of technology i

in hour j under scenario s, [ − ]
Ri ,j ,s
P : Capacity headroom in units of technology i in hour j

under scenario s for primary frequency response, [MW]
Ri ,j ,s
S : Capacity headroom in units of technology i in hour j

under scenario s for spinning reserve, [MW]
vi ,j ,s: Volume of storedwater in reservoir i at the end of hour j

under scenario s, [hm3]
spi ,j ,s: Water lost through spillage in hour j under scenario s by

hydro reservoir technology i, [hm3]
z: α – CVaR (auxiliary) variable that represents VaRαð eCsÞ,

[$]
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electricity only when the sun is shining). Tominimize the effect of large
amount of renewable generation on reliability, operators of electricity
systems use additional generation reserves (i.e. backup generation
based on other – usually conventional – technologies) to maintain sys-
tem security at acceptable levels (Gowrisankaran et al., 2011;
Borenstein, 2012).

Despite the evident aforementioned challenges associatedwith elec-
tricity systems, cost-benefit optimizationmodels that determine gener-
ation expansion have historically been undertaken without considering
a risk position from the planner and security measures to ensure a reli-
able supply (such as reserves, see for instance Steffen and Weber
(2013), Neuhoff et al. (2008), Eide et al. (2014)); and although this
has been accepted to plan conventional systems (due to their simpler
characteristics such as the presence of fully controllable generation re-
sources, slow dynamics associated with demand changes, reliable
power generation, etc.), there is an increasing interest from policy
makers to (i) reduce dependency levels on international markets
through generation technology diversification and investment in re-
newables, and (ii) maintain system reliability (at acceptable levels)
when large amounts of renewables are connected.

To capture the effects of generation resource diversification,we need
to develop generation expansion models based on portfolio theory,
whose principles were introduced by Markowitz (1952). In this frame-
work, the optimal generation expansion problem can be understood as
a portfolio optimization, where asset allocations represent the optimal
investment in different generation technologies (including renewable
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and fossil fuel technologies). The first application of portfolio theory to
optimal generation planning was developed in 1972 by Bar-Lev and
Katz (1976) that considered fossil-fuel plants only and neglected secu-
rity of supply constraints. More recent studies have developed cost-
risk approaches that use Gaussian distributions to capture uncertainty
and standard deviations to measure risks. The first studies of this kind
were based on capacity-only models (Awerbuch and Berger, 2003),
and demonstrated that displacement of conventional generation capac-
ity through integration of renewables can effectively contribute to re-
duce risks associated with generation investment and operating costs
(associated with volatile fossil-fuel prices), albeit the overall average
cost can be increased. Later on, studies like those in Huang and Wu
(2008), Gotham et al. (2009), Vithayasrichareon andMacGill (2014) in-
troduced operational aspects associated with intermittent renewables,
recognizing that such intermittency reduces the value of renewable
generation capacity. Recently, reference Delarue et al. (2011) has con-
sideredmore detailed operational constraints related to system's ability
to ramp flexibly and thus efficiently absorb changes from intermittent
renewables' output. This study demonstrates that the increased need
for flexibility that allows system operators to deal with intermittent
generation can affect investment in technologies such as wind and
solar, reducing further their share with respect to portfolios obtained
from studies in which system flexibility was not captured.

In this context, recent studies suggest that an array of flexible mea-
sures to secure system operation through, for example, higher volumes
of generation reserves and demand side services, have to be in place in
order to promote increased levels of investment in renewables (Strbac,
2008; De Jonghe et al., 2010; Pérez-Arriaga and Battle, 2012). Clearly,
these sources of flexibility will need to be properly planned, including
detailed constraints in relation to reserve services (such as the need
for primary frequency response (PFR) as proposed in Chávez et al.
(2014), spinning and standing reserves). Hence, we contribute with a
novel cost-risk model to determine efficient generation technology
portfolios, which can:

• Properly balance the benefits of energy source diversification and cost
of security of supply (representing in detail the provision of various
ancillary services, such as generation frequency control and demand
side services, including preservation of system inertia levels);

• Determine risks from more realistic scenarios rather than from
standard deviations of simplified Gaussian distributions; and

• Tackle a large input data set (e.g. 1000 scenarios over 8760 hours) as
we propose an efficient Benders-basedmethod (that can be run using
parallel processing) for minimizing cost expectation subject to CVaR
constraint in a linear programming (LP) fashion.

Through several analyses, including the main Chilean electricity
system, we demonstrate the importance of renewables in hedging
both fossil fuel and hydrological risks and confirm that approaches
that ignore risks will significantly undermine the value of renewables
to diversify energy sources.We also show the effect of security of supply
on increasing costs and risks, and constraining renewables investment.
In this context, we highlight the importance of demand side actions
which can encourage higher volumes of investment in risk mitigating
renewable generation capacity. The concepts developed in this paper
can be broadly applied on both thermal and hydro-thermal electricity
systems, albeit these are particularly relevant for countries such as
Chile, Peru, Brazil, Russia, China, Canada, India, Indonesia and Nepal
(World Energy Council, 2015), where existing capacity and potential
of hydropower generation requires a combined treatment of risks
from both prices of fossil fuels and hydrological conditions for the anal-
ysis of long-term generation investment scenarios.

This paper is structured as follows. Section 2 presents the cost-risk
model to determine optimum portfolios of electricity generation.
Sections 3 and 4 present and discuss the main results over a small and
a large-scale system in order to illustrate/validate, and prove scalability
of our model, respectively. Section 5 concludes.
2. The model

2.1. Overview

We propose a two-stage stochastic linear programming model to
determine the optimum portfolio of generation technologies of a future
power system. The model minimizes overall expectation of investment
and operating costs across a large number of future scenarios subject to
a given level of CVaR associated with these costs. To do so, we optimize
the vector of generation capacities in a first stage, and the operation
of the proposed generation infrastructure in a second stage, which
are coordinated by a Benders-based method due to the large size
of the problem (e.g. 8760 hours a year under hundreds of scenarios).
At the operational stage, complexities related to maintaining system
security levels through scheduling various types of reserves from gener-
ation and demand, are considered (including effects in system inertial
response).

Therefore, the model can balance investment in conventional and
renewable generation in order to minimize overall system costs subject
to a given risk exposure due to unexpected fossil fuel prices and/or
hydrological conditions. Hence investment in renewables may be pre-
ferred despite their higher investment costs, if fuel prices associated
with thermal plants are highly volatile. Also, the model can recognize
escalation in operating costs due to increased reserve requirements to
deal with uncertainty associated with the output of renewable genera-
tion. Furthermore, under low demand conditions, renewables' output
might be curtailed and fast thermal plants (rather than low-cost ther-
mal units) can result scheduled despite its higher costs, if increased
availability of renewable resources such as wind and solar deteriorates
system inertial response and thus jeopardizes security of supply.
Under these conditions, the model can conciliate secure operation and
renewables' output maximization that minimizes cost.

Hence our model can suggest portfolios of generation investment
that are more robust against fossil fuel prices and hydrological condi-
tions that can significantly change from one year to another. In addition,
such portfolios consider further resources needed to secure system
operation against renewables' output uncertainty and their associated
operating cost. Indeed, themodel can handle both long-term uncertain-
ty due to changing fuel prices and hydrological conditions, and short-
term uncertainty due to renewables' output fluctuations.

2.2. Risk constrained optimization model

2.2.1. CVaR representation
Themodel determines the installed capacity of generation and its as-

sociated dispatch by minimizing expected investment and operation
costs across a set of scenarios (that can represent combination of fossil
fuels prices and hydrological inflows, for example) constrained to a
level of risk exposure in terms of CVaR. Since demand is considered in-
elastic,maximum socialwelfare is reachedwhen total cost isminimized
as shown in Eqs. (1) and (2).

O:F: : min
X
s∈S

ps � Cs þ
X
s∈S

ps � voll �
X
j∈ J

LL j;s ð1Þ

s.t.:

Cs ¼
X
j∈ J

D−
j;s � dc− þ

X
j∈ J

Dþ
j;s � dcþ þ

X
i∈I

INVi;s � ci þ
X
i∈I

X
j∈ J

FUi;s � gi; j;s ∀s ∈ S

ð2Þ

α-CVaR constraints are used as proposed in reference Rockafellar
and Uryasev (2002), which are shown in Eqs.(3)–(5). A large CV value
(i.e. α-CVaR upper bound) can be used to obtain the minimum cost
portfolio. Several lower values of CV can be used to draw the Pareto
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boundary between minimum expectation and minimum risk solutions.

eCs ¼ Cs þ voll �
X
j∈ J

LL j;s ∀s ∈ S ð3Þ

ds ≥ eCs−z ∀s ∈ S ð4Þ

zþ 1
1−α

X
s∈S

ds � ps ≤ CV ð5Þ

2.2.2. Economic dispatch constraints
Eq. (6) ensures that generation and load are balanced in every period

(e.g. one hour), including load that can be curtailed or lost under ex-
treme scenarios, e.g. dry inflows, and demand shifted used to accommo-
date the output of renewables. Eqs. (7) and (8) limit the amount of
flexible demand in every period to be lower than or equal to a percent-
age of the demand. Eq. (9) ensures that changes in load due to flexible
demand shifts are balanced within a time window, e.g. 24 hours.X
i∈I

gi; j;s ¼ D j þ Dþ
j;s−D−

j;s−LLj;s ∀ j ∈ J; s ∈ S ð6Þ

D−
j;s≤ ds

− � D j ∀ j ∈ J; s ∈ S ð7Þ

Dþ
j;s≤ ds

þ � D j ∀ j ∈ J; s ∈ S ð8Þ
X
j ∈ JDk

Dþ
j;s−

X
j ∈ JDk

D−
j;s ¼ 0 ∀k ∈ K; s ∈ S ð9Þ

Eqs. (10) and (11) are used to model hydro power plants that may
store energy in the form ofwater resources. Eq. (10) considers water in-
flows, and outflows associated with generation, spillage and losses that
may depend on seepage and evaporation. Eq. (11) limits the volumes of
stored water. An average rather than an overhead dependent ηi is used
and this is a reasonable assumption for system planning studies as
considered in Gil et al. (2014). Further constraints that bound initial and
final reservoir levels and represent actual system operator's practices
are, for simplicity, omitted in this paper.

vi; j;s ¼ vi; j−1;s þ inf i; j;s � ci−
gi; j;s
ηi

−spi; j;s−vi; j;s � λi ∀i ∈ IRH ; j ∈ J; s ∈ S ð10Þ

vi; j;s ≤ ci � vi ∀i ∈ IRH; j ∈ J; s ∈ S ð11Þ

Regarding run-of-river plants, themodel constrains their production
and reserve provision according to normalized hourly profiles which
depend on hydrological scenarios as shown in Eq. (12).

RS
RIV; j;s þ gRIV ; j;s ≤ RRP j;s � cRIV ∀ j ∈ J; s ∈ S ð12Þ

It is important to mention at this point that our proposed model can
be broadly applied on both thermal and hydro-thermal electricity
systems since the model can be easily accommodated to study ther-
mal systems by neglecting those constraints associated with hydro
resources.

Units' ramp rates limits are shown in Eqs. (13) and (14) which
constrain the amount of power production that can be increased or de-
creased from one period to the next one. To properly constrain ramp
rates, we need to determine the number of units that are synchronized
(i.e. online units) as shown in Eqs. (15)–(17). Also, we use function
min{ } and Pi in order to recognize that a net increase/decrease in gener-
ation output may be accompanied by a potential reduction/growth in the
number of synchronized units.

gi; j;s−gi; j−1;s≤ min ni; j;s;ni; j−1;s
� � � ρi þ ni; j;s−ni; j−1;s

� � � P
i

∀i ∈ INR; j N1 ∈ J; s ∈ S

ð13Þ

gi; j−1;s−gi; j;s ≤ min ni; j;s;ni; j−1;s
� � � ρi þ ni; j−1;s−ni; j;s

� � � Pi ∀i ∈ INR; j N 1 ∈ J; s ∈ S

ð14Þ

ni; j;s � Pi ≤ gi; j;s ≤ ni; j;s � Pi ∀i ∈ INR; j ∈ J; s ∈ S ð15Þ

ni; j;s � Pi ≤ ci ∀i ∈ INR; j ∈ J; s ∈ S ð16Þ

ni; j;s ∈ℤ ∀i ∈ INR; j ∈ J; s ∈ S ð17Þ

Eq. (18) limits renewables' output according to the volume of re-
newable resources available which are modeled through normalized
hourly profiles that multiply installed capacity levels. Installed capacity
of these technologies is aggregated into several types, for instance, wind
and solar. It is not relevant to identify the number of synchronized units
for these technologies.

gi; j;s ≤ RPi; j � ci ∀i ∈ IR; j ∈ J; s ∈ S ð18Þ

2.2.3. Security of supply through inertial frequency response and reserves
We extended the simplified dynamic model of primary frequency

response (PFR) developed in reference Chávez et al. (2014) in order to
deal with system planning. Following definitions in Chávez et al.
(2014), PFR is considered adequate if system frequency does not drop
below a given limit after any single generation contingency. Reserve
maintained for PFR is referred to as primary reserve.

Eq. (9) in Chávez et al. (2014) shows that the minimum system ramp
CMIN that ensures frequency to be above a given level fMIN (considering
post-contingency inertia of the system MH=2E0/f0, magnitude of the
largest contingency Pl, the nominal frequency f0, the post-contingency
system kinetic energy E0, and governors frequency dead-bands fdb
assumed to be equal for all governors), has to comply with Eq. (19):

CMIN � E0 ¼
1
4
P2
l

1−
f MIN

f 0
−

f db
f 0

� � ð19Þ

Hence we can re-write Eq. (19) as Eq. (20) under the assumptions
that: (i) units' governors respond with a constant (and conservative)
ramp rate, and (ii) units responding to the frequency drop do not
reach their maximum output while the power balance has not been re-
stored. These are the same assumptionsmade in reference Chávez et al.
(2014) and we ensure that maximum output is not reached by adding
Eqs. (21) and (22).

X
i∈IG

ni; j;s � ri

0@ 1A �
X
i∈INR

Hi � ni; j;s � Pi−H f � ΔP
0@ 1A≥

1
4

ΔP−DRP
j;s

� 	2
1−

f min

f0
−

fdb

f0

 ! ∀ j ∈ J; s ∈ S

ð20ÞX
i∈IG

RP
i; j;s ≥ΔP−DRP

j;s ∀ j ∈ J; s ∈ S ð21Þ

RP
i; j;s ≤ni; j;s � ri �

ΔP−DRP
j;sX

i∈IG
ni; j;s � ri

 !
∀i ∈ IG; j ∈ J; s ∈ S ð22Þ

In Eqs. (20) and (22) expression∑i∈IG ni; j;s � ri corresponds to the sys-
tem ramp after the fault occurs and ∑i∈INRHi � ni; j;s � Pi−H f � ΔP is equal
to the post contingency system kinetic energy. Expression ΔP−DRj ,s

P

represents the power output of the largest fault, minus the contribution
of demand to reduce this power which is considered to occur instantly.
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Eq. (21) ensures there is enough generation reserve or headroom
(i.e. generation capacity needed to be kept unused in order to enable
production of post-fault power) to deal with the fault, and Eq. (22)
sets an upper bound to the reserve maintained in each technology.
The latter is necessary to ensure that primary reserve is deployable
before frequency reaches its nadir at time ðΔP−DRP

j;sÞ=ð∑i∈IGni; j;s � riÞ.
It is worthwhile to mention that in this context, we use emergency
ramp rates (or generation frequency response rates) ri rather than hour-
ly ramp rates ρi used under normal conditions in Eqs. (13) and (14).

Operating reserves such as spinning (provided by online units) and
standing (provided by offline units with very fast startup capability)
are also considered in the model as shown in Eq. (23) and their net
requirements (right hand side of Eq. (23)) are a function of the size of
the largest unit and renewable generation (this functionwill be presented
in detail in Section 2.3.4). Eqs. (24)–(26) limit the amount of reserves that
can be provided by each generator.

∑
i∈INR

RS
i; j;s þ FS � ∑

i∈I FS
ðci−ni; j;s � �PiÞ

þ DRS
j;s ≥ f ΔP; gi; j;s

n o
i∈IR

; cif gi∈IR
� 	

∀ j∈ J; s∈S

ð23Þ

RS
i; j;s ≤t

SR � ni; j;s � ρi ∀i ∈ INR; j ∈ J; s ∈ S ð24Þ

RP
i; j;s þ RS

i; j;s≤ni; j;s � Pi−gi; j;s ∀i ∈ IG; j ∈ J; s ∈ S ð25Þ

RS
i; j;s ≤ni; j;s � Pi−gi; j;s ∀i ∈ ING; j ∈ J; s ∈ S ð26Þ

In Eqs. (20)–(23), two types of demand response have been defined,
namely DR j ,s

P and DR j ,s
S , and distinction is given by their actions

timeframes, e.g. inertial response timeframe (seconds) and operating
reserve timeframe (minutes). The same distinction for demand services
that can support frequency is found in the Great Britain electricity sys-
tem as explained in National Grid (2014).

2.3. Assumptions and simplifications

2.3.1. Additional nomenclature

Sets

ð23Þ
IG

IG

P
rt

H
P
β

D
n

n

n

n

SS

LS

A

S:
 Set of technologies that participate in primary frequency control
and are classified as slow response units for having low
emergency ramp rate (subset of IG).
F:
 Set of technologies that participate in primary frequency control
and are classified as fast response units for having high
emergency ramp rate (subset of IG).
arameters

:
 Emergency ramp rate of slow (t = SL) and fast (t = FT)

response units.

[MW/s]
:
 Inertia constant of generic unit (any technology).
 [s]

:
 Maximum power output of generic unit (any technology).
 [MW]
i:
 Fraction of generation of renewable technology i to be covered
through operating reserve (small-scale study).
[p.u.]
ecision variables
i ,j ,s
min:
 Minimum value between the number of units of technology i

under scenario s in hour j, and the number of units of technology
i under scenario s in hour j-1.
[ − ]
SL ,j ,s:
 Number of slow response units that participate in primary
frequency control.
[ − ]
FT , j ,s:
 Number of fast response units that participate in primary
frequency control.
[ − ]
NG , j ,s:
 Number of synchronous units that are online and do not
participate in primary frequency control.
[ − ]
j ,s:
 Operating reserve requirement at hour j under scenario s in the
small-scale study.
[MW]
j ,s:
 Operating reserve requirement at hour j under scenario s in the
large-scale study.
[MW]
Vj:
 Auxiliary variable used for modeling the operating reserve
requirement in hour j.
[MW]
2.3.2. Ramp rate constraints
Constraints (13) and (14) can be represented by using a set of

auxiliary variables which are bounded by the numbers of units syn-
chronized of a technology in both period j and j-1. Note that these
variables are lower bounded by Eqs. (27) and (28) while are upper
bounded by Eqs. (29) and (30). Hence Eqs. (27)–(30) rather than
Eqs. (13)–(14) are used in the model. In addition, due to the large
size of the model, we neglect constraint (17) which may drive frac-
tional solutions in terms of the number of units synchronized and
this is a reasonable simplification sincewe demonstrate through several
experiments that this assumption will not drive a significant MIP gap,
e.g. less than 1%.

gi; j;s−gi; j−1;s≤n
min
i; j;s � ρi þ ni; j;s−ni; j−1;s

� � � P
i

∀i ∈ INR; j N 1 ∈ J; s ∈ S

ð27Þ

gi; j−1;s−gi; j;s ≤n
min
i; j;s � ρi þ ni; j−1;s−ni; j;s

� � � P
i

∀i ∈ INR; j N1 ∈ J; s ∈ S

ð28Þ

nmin
i; j;s ≤ ni; j−1;s ∀i ∈ INR; j N 1 ∈ J; s ∈ S ð29Þ

nmin
i; j;s ≤ni; j;s ∀i ∈ INR; j N1 ∈ J; s ∈ S ð30Þ

2.3.3. Primary frequency response constraints
Eq. (20) is non-linear but convex and thus can be linearized by using

tangent planes. To do so, technologies are grouped into two categories,
according to their emergency ramp rates in order to reduce the number
of planes and computational resources used. Additionally, a third group
is defined which corresponds to technologies that do not participate in
PFR but are connected through synchronous machines to the system
and thus add inertia to it. Units' contribution to inertia (H) and their
maximum power output are assumed to be equal among all units.
Hence we re-define the region given by Eq. (20) as that associated
with Eqs. (31)–(34). Eq. (34) can be linearized by tangent planes as
shown by Fig. 1.

nSL; j;s ¼
X
i∈IGS

ni; j;s ∀ j ∈ J; s ∈ S ð31Þ

nFT ; j;s ¼
X
i∈IGF

ni; j;s ∀ j ∈ J; s ∈ S ð32Þ

nNG; j;s ¼
X
i∈ING

ni; j;s ∀ j ∈ J; s ∈ S ð33Þ

1
4

ΔP−DRP
j;s

� 	2
1−

f min

f 0
−

f db

f 0

 ! ≤ nSL; j;s � rSL þ nFT; j;s � rFT
� �

� nNG; j;s þ nFT; j;s þ nSL; j;s
� � �H � P−Hf � ΔP
� �

∀ j ∈ J; s ∈ S

ð34Þ

Additionally, Eq. (22) is non-convex and thus we define two alter-
native convex LP models that serve as upper and lower bounds to the
optimal solution. The lower bound is obtained by removing Eq. (22)
from the formulation, leading to a portfolio solution with a lower ex-
pected cost of investment and operation but which may violate
Eq. (22) and thus be technically infeasible. The upper bound solution
is obtained by fixing participation of certain technologies for the provi-
sion of PFR services according to historical engineering practices.
We may produce several upper bound solutions by defining various
levels of participation from different generation technologies in PFR.
Hence, a number of technically feasible suboptimal solutions can be
obtained, ultimately selecting that with the lowest gap with respect
to the lower bound solution. We found for all case studies analyzed
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400

500

600

700

800

900

1000

1100

0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150

R
es

er
ve

 [
M

W
]

Non-linear reserve requirement Linear approximation

· , [MW]

Fig. 2. Linear approximation of Eq. (39) for RPWND,j≥3 ⋅σWND and cWND ⋅σWND,j=
100 [MW].

109A. Inzunza et al. / Energy Economics 59 (2016) 104–117
in this paper that the selected technically feasible solutions present less
than 0.8% gap.

2.3.4. Operating reserves constraints
We use two criteria to define the amount of necessary operating

reserves in Eq. (23),where themain difference lies in the treatment of un-
certainty associated with renewable generation outputs in operational
timescales. According to the simplest criterion, operating reserves are
held by the system operator proportionally to the amount of renewable
generationdispatched and this is used for fundamental studies. Specifical-
ly, Eqs. (35)–(37) show that the amount of reserve has to be the largest
between requirements for renewables and those to deal with the outage
of the largest unit and this is according to reference Silva (2010). In con-
sequence, when no renewable generation is dispatched, the N-1 criterion
is still met.

X
i∈INR

RS
i; j;s þ FS �

X
i∈IFS

ci−ni; j;s � Pi
� �þ DRS

j;s ≥SSj;s ∀ j ∈ J; s ∈ S ð35Þ

SSj;s ≥
X
i∈IR

βi � gi; j;s ∀ j ∈ J; s ∈ S ð36Þ

SSj;s ≥ΔP ∀ j ∈ J; s ∈ S ð37Þ

Weused amore realistic criterion for the representation of operating
reserve policies, where reserve amounts required (Req) are dependent
on the forecast errors of renewable generation as shown in Eq. (38)
and defined in reference Silva (2010), and this is used in our paper for
large-scale studies.

Req ¼ ΔPþ 3 �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
σ2

WIND þ σ2
SOLAR

q
ð38Þ

Standard deviations of wind and solar forecast errors shown in
Eq. (38) – σWIND and σSOLAR, respectively – have to be computed using
a certain forecast policy. As wind speed and solar radiation are differ-
ent phenomena, their forecast techniques to predict future generation
output differ. Hence we use persistent forecast for wind according
to Silva (2010), Strbac et al. (2006) while a more time dependent
forecast method is used for solar power. Eq. (38) can be written as
a function of renewables' installed capacity and this is shown in
Eq. (39) which also considers lower volumes of reserve for those pe-
riods where wind does not present a significant power production
and this is according to actual practices by system operators as ex-
plained in Silva (2010).

f ΔP; gi; j;s
n o

i∈IR
; cif gi∈IR

� 	
¼ ΔPþ 3 �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
c2WND � σ2

WND þ c2SOL � σ2
SOL; j

q
RPWND; j ≥ 3 � σWND

ΔPþ gWND; j;s þ 3 � cSOL � σSOL; j RPWND; j b 3 � σWND

( ð39Þ

As Eq. (39) is non-linear, we use the approximation shown by
Eqs. (40)–(43). Fig. 2 illustrates how the approximation works.X
i∈INR

RS
i; j;s þ FS �

X
i∈IFS

ci−ni; j;s � Pi
� �þ DRS

j;s≥LS j;s ∀ j ∈ J; s ∈ S ð40Þ

LSj;s ¼
(
ΔPþ 3 � 1ffiffiffi

2
p � cWND � σWND þ cSOL � σSOL; j

� �þ 1−
1ffiffiffi
2

p
� �

� AV j

� �
RPWND; j≥3 � σWND

ΔPþ gWND; j;s þ 3 � cSOL � σSOL; j RPWND; j b 3 � σWND

∀ j ∈ J; s ∈ S

ð41Þ

AV j ≥cWND � σWND−cSOL � σSOL; j ∀ j ∈ J ð42Þ

AV j ≥− cWND � σWND−cSOL � σSOL; j
� �

∀ j ∈ J ð43Þ

3. Small-scale study

The small-case example will be used to illustrate the proposed cost-
riskmodel that serves to find the optimumportfolio of generation tech-
nologies, including renewables. Hence the efficient cost-risk Pareto
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1 Chilean regulator states that under frequency load shedding must take place when
system frequency reaches a threshold of 49.2 Hz (National Energy Commission, 2014b).

2 Maximum allowed governors' dead band in Chile (National Energy Commission,
2014b).
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boundary of generation portfolios is determined and compared to those
obtained by alternative methods, highlighting the effects of system se-
curity on optimum portfolio selection. In addition, we study the effects
of demand services on accommodating renewables' generation outputs
and thus on supporting investment in technologies such as wind and
solar power.

In this context, the case study in this section is simplified through a
small set of scenarios, generation technologies, number of hours, etc.,
for the sake of simplicity and clarity. Thus, the numerical results
shown in this section (e.g. average indicators such as the expected
costs of generation, risk indicators such as CVaR) are illustrative (rather
than realistic) and should be interpreted with care. Section 4, on the
other hand, presents a realistic exercise applied to the Chilean genera-
tion sector, which serves to demonstrate the full capabilities of the
proposed modeling framework.

3.1. Input data

In this small-scale case studywe consider 5 generation technologies,
namely coal, oil, hydro (reservoir), wind and solar. Annuitized invest-
ment costs used are 200 $/kW-year (~2000 $/kW as upfront capital
cost, assuming 10% real discount rate) for coal, reservoir and wind
generation technologies, 50 $/kW-year (~500 $/kW) for oil plants, and
250 $/kW-year (~2700 $/kW) for solar plants. We assume that coal
and oil generation technologies' variable costs present an expected
value of 50 and 150 $/MWh, respectively, and a standard deviation of
12.5 and 45 $/MWh, respectively, following normal distributions
which are perfectly correlated. These scenarios represent uncertainty
in fossil fuel prices which is combined with uncertainty in hydrological
conditions (inflows) that significantly affect the annual cost of system
operation. Hence we build 120 scenarios that represent combination
of 40 potential realizations of variable costswith 3 hydrological (inflow)
scenarios that represent load factors of 20%, 40% and 60% for hydro
plants. A value of lost load (VoLL) equal to 400 $/MWh is used and
this is according to the regulation of the power sector in Chile. Demand,
wind and solar profiles used are shown in Fig. 3 that present an average
load factor 86%, 29% and 30%, respectively, where the optimization ho-
rizon covers 24 hours.

Minimum and maximum units' outputs are assumed to be 50 and
400 MW with an hourly ramp rate (ρi) of 100 MW/h for coal and
350 MW/h for all other conventional technologies. Emergency ramp
rates (ri) are those used by Chávez and Baldick (2012) and equal to
38 MW/s for thermal plants and 8 MW/s for hydro plants. In real
power systems, primary frequency response service is provided by a
subset of the conventional plants synchronized, which is represented
in our model by defining two types of units per technology: with and
without capability to respond to frequency changes inwhich the former
presents a slightly higher investment cost that allows us to quantify the
demand for the frequency response service. Also, operation is secured
against the outage of a single unit (i.e. 400MW) underwhich frequency
is not allowed to violate a minimum value of 49.21 Hz from a nominal
value of 50 Hz (governors' dead-band are assumed to be equal to
±252mHz and units' inertia (H) is equal to 5 s). Regarding operating re-
serves needed for renewables, we assume that they should be sufficient
to cover variations up to 45% of their net output (βWND=βSOL= 45%).
This is a simplification used to study the fundamentals of cost-risk gen-
eration planning with security and we use a more realistic demand
function for operating reserves in our next large-scale example.

Finally, we assume that costs associated with demand services are
equal to zero (in order to study its benefits), reservoir seepage and
evaporation losses are equal to 0.5% of stored water, and maximum ca-
pacity of the reservoir is very high and thus does not constrain hydros'
output. Portfolios will be determined by using an α-CVaR with an α of
95%.

3.2. Cost-minimizing and risk-averse investment decisions

Cost expectations areminimizedwhen no risk constraint is imposed
which leads to a generation technology portfolio composed of coal and
hydro plants. These technologies are less costly in average terms and
thus are preferred under a minimum cost framework. However, if the
exposure of the selected generation portfolio to risks is constrained, in-
vestment in conventional technologies may be partially displaced by
contribution from renewable generation and this is illustrated in Fig. 4
and Table 1 that present the cost-risk Pareto boundary and its corre-
sponding investment decisions.

Table 1 shows that there is a clear tendency to reduce participation
of hydropower generation as risk exposure is minimized. Although
hydro plants are the most economic investment option and therefore
preferred in the minimum cost solution, it drives risk exposure due to
uncertainty in hydro production. In fact, we assume that in a dry year
hydro plants can produce only at 20% load factor while in a wet year
production increases up to 60% load factor. Since lack of hydro produc-
tion that can occur in dry years can significantly increase the cost of op-
eration in a system with high penetration of hydro (including cost of
unsupplied demand), hydro share is reduced in risk-averse portfolio
selections.

In contrast, penetration of coal generation does not present a mono-
tonic trend with respect to risk levels as that of hydro. In fact, coal gen-
eration increases in risk-averse portfolio selectionswhenno renewables
are built, and decreases otherwise. This is so since, on the one hand, risk
caused by uncertain hydrological conditions can be hedged by a higher
share of coal generation and, on the other hand, a significant penetra-
tion of coal may cause exposure to further risks such as that associated
with fuel costs. Hence an optimum cost-risk portfolio selection will
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Table 1
Optimum generation portfolios.

A B C D E F

Installed capacity [MW]
Wind 0 0 2917 4590 5049 5060
Solar 0 0 0 1024 1890 2248
Coal 7174 8342 8537 8171 8022 8018
Reservoir 17,936 12,139 8829 7680 6886 6459
Oil 0 0 0 0 0 0

Expected generated energy
Wind 0% 0% 8% 12% 13% 14%
Solar 0% 0% 0% 3% 5% 6%
Coal 33% 55% 59% 56% 56% 56%
Reservoir 67% 45% 33% 29% 25% 24%
Oil 0% 0% 0% 0% 0% 0%

Expected cost [$/MWh] 70 70.9 72.8 74.3 75.3 75.6
CVaR [$/MWh] 99.6 97.2 95.8 95.3 95.2 95.1
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hedge hydrological risks by installing thermal generation first, and use
renewables as a second and more expensive option to reduce risks fur-
ther as shown in Table 1.

In this context, Fig. 5 shows that although risk exposure to fossil fuel
prices and hydrological conditions can be handled by an optimum com-
bination of thermal and hydro generation, it can be further reduced and
efficiently minimized by building renewable generation.

From Fig. 5 it can also be concluded that if hydrological risk is
not properly considered in the portfolio analysis, the value of
renewables may be under-estimated and in consequence, less risk mit-
igating renewable generation capacity may be built. As previous re-
search demonstrates (see, for instance, references Awerbuch (2006),
Bazilian and Roques (2008), Roques et al. (2008)), in portfolio theory
the investment decision in new installed capacity depends not only on
the stand-alone cost-risk profile of the new alternatives but also on
the current generation mix that the system presents.

Both wind and solar plants are used to reduce risks albeit we have
assumed that solar is significantly more expensive in terms of its unit
cost (i.e. 78.73 $/MWh of wind against 95.1 $/MWh of solar). Through
various sensitivity analyses where demand profiles and solar avail-
ability and cost are changed, we demonstrate that investment levels
observed in solar plants are mainly justified by the high correlation be-
tween solar and demand profiles. Furthermore, as hydro is essentially a
technology that produces at peak demands, reduction in hydro capacity
investment caused by significantly contained risk levels, drives invest-
ment in solar that can do both: produce at peak demands and displace
investment in peaking plants such as oil that would escalate portfolios'
cost and risk.

Note that the VoLL used in our study corresponds to levels observed
in a developing country's electricity system and thus this may be con-
sidered small with respect to levels observed in developed countries.
Hence we carried out a sensitivity analysis for higher VoLL and ob-
served that the efficient portfolios remained unchanged since the
current solutions (shown above) already eliminated the load curtailed
(i.e. although VoLL used may be considered small, it is sufficiently
high with respect to alternative costs of building and operating gener-
ation assets).

Our previous results are in linewith published studies such as that in
references Bazilian and Roques (2008), Roques et al. (2008), where the
hedging effects of renewables against fuel prices were studied in extent.
In this context, our framework expands on the previous findings
and demonstrates for the first time how investment in hydropower
can be coordinated with further renewable and non-renewable genera-
tion capacity investment within a cost-risk optimization framework,
complementing the previous research that mainly focused on thermal
systems.
3 Calculated using: INVi;s=ð8760 � lf Þ, lf = Average load factor.
3.3. Effects of security of supply on optimum portfolio selection

Through constraints (20)–(26), our method ensures that optimum
portfolio of generation technologies built can be operated securely,
recognizing the costs of various services to maintain system frequency
stability. Hence we compare solutions from purely economic cost-risk
models like that developed by Delarue et al. (2011) against solutions
from our model that considers the costs associated with secure opera-
tion. Fig. 6 shows that although purely economicmodels seem to present
amore efficient cost-risk Pareto boundary (Unsecure Planning/Unsecure
Operation) than those obtained by our model (Secure Planning/Secure
Operation); the former ignores costs associated with security of supply.
In fact, if investment solutions obtained by models that ignore the
need for reserves are operated in a secure fashion (as any system opera-
tor would utilize new generation infrastructure), real costs and risks of
investmentwill bemuch higher than those initially estimated (Unsecure
Planning/Secure Operation).

Furthermore, if the need for security is ignored, higher volumes of
investment in renewables will be promoted that will lead to either
higher cost to secure system operation or very low levels of security of
supply in operational timescales since resources that provide such secu-
ritywere not properly planned. This can be observed in Fig. 7 that shows
the operation of the minimum risk solution obtained by a purely eco-
nomic model (under a particular scenario) in two modes: with consid-
eration of security of supply and without it. Hence if the generation
infrastructure determined is forced to operate securely as shown in
Fig. 7(b), demand would be curtailed in the evening since hydro
power needs to be used along the day to provide frequency control
services, which is ignored in Fig. 7(a). In this case, frequency control ser-
vices could not be efficiently provided without hydro plants due to the
without Renewables with Renewables

Fig. 5. CVaR versus hydro (reservoir) installed capacity with and without renewables.
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limited ability of other technologies to ramp and contribute to operating
reserves. In addition, solar power plants are curtailed since system capa-
bility to absorb renewable generation is also limited.

Various analyses of the dual prices associated with constraint (20)
also demonstrate the importance of security. For example, we observed
that if system inertia is compromised by high levels ofwind or solar out-
puts, our model will schedule out-of-merit generation in order to:
(i) synchronize a higher number of partially loaded economic plants
and thus increase system inertia; (ii) synchronize units that can provide
very fast frequency response service and thus improve system's capabil-
ity to ramp under emergency conditions; and (iii) curtail renewables
output if the above-mentioned measures do not suffice to maintain
minimum frequency drop under certain levels. In Fig. 7(b), operational
measures to maintain acceptable levels of frequency drops are needed
in hour number 3 and 23.

3.4. Effects of demand services on cost, risk and generation portfolio
selection

In the above case studies, demand actions to either secure portfo-
lio selections (through demand response) or make them more eco-
nomically efficient (through demand shift), are neglected. Thus, we
analyze next the contribution from demand flexibility to economics
and security performance of both system operation and planning.
Demand flexibility may be enabled by smart grid solutions that can
control, for example, thermal loads in real time (Papadaskalopoulos
et al., 2013).
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3.4.1. The role of demand response
Demand response refers to the ability to reduce load in a timely fash-

ion in order to control frequency after an outage occurs. Fig. 8 shows
various cost-risk Pareto boundaries for different levels of demand re-
sponse. Interestingly, demand response improves the Pareto boundary,
presenting a larger impact on those portfolios with limited risk expo-
sure while no effect is observed on those solutions that minimize cost
expectation. This is so since security constraints are not critical on
those cases without a significant amount of renewables. In fact, when
all units are synchronous in the operation, system inertia is robust,
and amount and cost of response and reserves are minimal. Fig. 8 also
shows that demand response can increase participation of renewables
in generation portfolios since cost of security needed to maintain sys-
tem stable with high renewables output can be reduced by utilization
of demand control.

3.4.2. The role of demand shift
Demand shift refers to the ability to reduce load during peak de-

mand conditions and increase load during off-peak periods in order to
balance overall energy consumptionwithin a day and improve system's
economic performance. Fig. 9 shows various cost-risk Pareto boundaries
for different levels of demand shift capability, anddemonstrates similar-
ly to demand response, improvement of cost-risk Pareto boundary
while increasing demand shifted volumes, especially in portfolios with
reduced risk levels with higher participation of renewables. For the
risk-neutral portfolio, effect of demand shift is negligible since hydro
generation can provide enough flexibility (by prioritizing production
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during peaks) to improve efficiency of thermal plants. As risk-averse in-
vestment decisions seek the correct balance between renewable and
hydro generation, demand shift can provide required levels of flexibility
to increase penetration of renewables and reduce share of hydro plants
and this is also shown in Fig. 9. Note that demand shift modeling can
also be used to study effects of energy storage plants (e.g. battery,
hydro pumped storage, etc.) on planned generation portfolios.

4. Large-scale study

The large-scale studywill be used to obtain results and insights over
a more realistic case that represents themain Chilean electricity system
for whichminimum cost and risk generation portfolios are determined.
Given the very large volumes of data that have to be considered in the
optimization (1000 scenarios that combinedmultiple fuel costs and hy-
drological conditions across 8760 hours), we use a Benders
decomposition-based algorithm in a parallel computing fashion and
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demonstrate its ability to tackle large-scale problems. This algorithm is
detailed in the Mathematical Appendix.

We implemented our method in FICO suite optimization (FICO,
2014) by using a computer with 192 GB of RAM and 2 Intel Xeon
X5690 (3.46 GHz) processors.

4.1. Generation input data

We divided generation units into 7 technologies as shown in Table 2
that also presents operating and investment costs together with tech-
nologies' lifespans, current installed capacity and total potential. Data
are according to the average values observed in Chile (National Energy
Commission, 2014a, 2016; Ministry of Energy, 2015) and the U.S. Ener-
gy Information Administration (EIA, 2015). Investment costs were
annuitized using a 10% real discount rate.

Reserve requirements are those according to Eqs. (40)–(43) with a
standard deviation equal to 12.8% during all hours for wind output
97.5 98.5 99.5

R [$/MWh]

DS = 2.5% DS = 5%

s (demand shift sensitivity).



Table 2
Generation input data.

Investment cost Fixed maintenance cost Variable maintenance cost Lifespan Current installed capacity Resource potential

[$/kW] [$/kW-year] [$/MWh] [years] [MW] [MW]

Wind 1491 40 - 20 810 -
Solar 1690 25 - 25 443 -
Coal 2727 31 5 24 2170 -
Reservoir 2900 15 - 50 3393 6200
Oil 500 7 10 24 2591 -
LNG 1053 13 4 24 2543 -
Run-of-river 2900 15 - 50 2615 6200
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forecast errors, and with a standard deviation equal to 0% to 10.6% de-
pending on the particular hour of the day for solar output forecast er-
rors. Hourly demand profile is that of 2012 which was scaled up in
order to meet 2025 projections undertaken by the Chilean regulator
(peak of 12.5 GW and energy consumption of 87.1 TWh).

Each aggregated wind and solar generation profile was determined
from real measurements across expected placement of future genera-
tion and can be found in references University of Chile, 2014a;
University of Chile, 2014b. These profiles present average load factors
of 28% and 24% for wind and solar generation, respectively.

Minimum outputs of units that provide frequency control services
are assumed to be 40% of the maximum output for thermal units
(160 MW) and 10% for hydro power units (40 MW). Ramp rates for
the hourly commitment of units (ρi) are considered to be 10% of the
maximum output for coal units, 50% for LNG units and 100% for remain-
ing technologies.

Regarding hydro plants, one representative reservoir is considered
and we assume that the average inflow-to-power rate is equal to
1.9 MW/m3/s, lower and upper bounds for the stored water (vi and vi)
are equal to4 1,556 hm3 and 10,321 hm3, respectively, and losses due to
evaporation and seepage (λi) are equal to 0.002% of the stored water
level in each hour. Data associated with reservoirs were obtained from
the actual software used by the system operator to run the Chilean
system.

Finally, value of lost load (voll), emergency ramp rates (rt), maxi-
mumoutput of units (P), size of largest generation outage (ΔP), frequen-
cy dead-band of governors (f db), minimum frequency allowed under
contingency (f min), nominal frequency (f 0), inertia of units (H), deploy-
ment time of operating reserves (t SR), demand shift costs (dc− and dc+)
and the α parameter for the α-CVaR measure are those of the small-
scale example analyzed in the previous section.

4.2. Scenario modeling

Hydrological and fossil fuel price scenarios are combined in order
to represent uncertainty through 1000 scenarios as explained next.

4.2.1. Fossil fuel price scenarios
Previous works such as those of references Jansen et al. (2006),

Doherty et al. (2006), Delarue et al. (2011), Sunderkötter and Weber
(2012) use variance as the riskmeasure and thus Gaussian distributions
are suitable to represent uncertainty of fossil fuel prices. As we used a
scenario-based approach and a CVaR risk measure, a proper random
walk process can be used to represent uncertainty in future prices and
thus fossil fuel prices are assumed to follow a correlated, geometric
Brownian motion which is a standard assumption in finance as
explained in Hull (2009). Hence through a Monte-Carlo process we
4 As the model considers upper and lower bounds of the representative reservoir to be
proportional to the installed capacity, these values correspond to the case when the
installed capacity of the reservoir is equal to the minimum installable capacity
(3393 MW).
can use Eq. (44) to generate prices in a given year.

Pi
tþΔt ¼ Pi

t � e μ i−
1
2�σ i

2ð Þ�Δtþai �
ffiffiffiffi
Δt

p
ð44Þ

Where μ i andσi are themean and standard deviation of year-to-year
fossil fuel prices returns and ai is the ith component of the vector
resulting from themultiplication C ⋅ϵ, where C is the Cholesky decompo-
sitionmatrix of the Variance–Covariancematrix∑ (i.e.Σ=C ⋅CT) and є
is a vector with random values that distributesN(0,1).Δt represents the
time lag between the moment when the investment decision is made
and a given year in the future.

Time series of fossil fuel prices were obtained from the U.S. Energy
Information Administration (EIA, 2014a, 2014b, 2014c). Table 3 shows
the statistical parameters of the time series used.

A 6-year lag is assumed (Δt=6), which represents an average con-
struction time in Chile. As the target year is 2025, prices envisaged by

regulator for 2019 were used as initial prices (Pi
t). Expected returns of

fuel prices (μ i) were assumed equal to the 6-years5 real yield of bonds
issued by the Chilean government which is approximately 2% and this
is according to Hull (2009), Gorton et al. (2013).6

Finally, the statistical data of the generated (log-normal) distribu-
tions for the fossil fuel prices are shown in Table 4 and used to elaborate
100 Monte-Carlo fossil fuel scenarios.

4.2.2. Hydrological scenarios
By using real data provided by the system operator, 10 hydrological

scenarioswere producedwhich are considered to represent the range of
inflows observed over the last 50 years. Probabilities and average load
factors of profiles associated with inflows of run-of-river and reservoir
generation are shown in Table 5.

In our model, uncertainties associated with different hydrological
scenarios that can occur are considered only in planning timescales for
investment decisions. Hence uncertainty in availability of hydro re-
sources for short-term operation is not modeled and this is a common
assumption in this type of studies as explained in Unsihuay-Vila et al.
(2010) since the focus is on system planning.

4.3. Results and discussion

Table 6 shows our results for the minimum cost and risk generation
portfolios in which 5% of hourly demand can be shifted and 200MW of
demand response can be utilized to provide frequency control services.
Similarly to our results in the previous sections, investment in reservoir
hydro plants is limited when a more risk-averse solution is preferred;
nevertheless, the model ensures that flexibility of the generation mix
is still sufficient to deal (in operational timescales) with the uncertainty
and (hourly) intermittency associated with the new investment in
5 Since Chilean bonds are issued for maturities of 5 and 10 years, linear interpolation
was done to calculate the 6-year real yield.

6 Empirical studies generallyfind the systematic risk of commodity futures to be close to
zero and fail to reject a non-zero risk premium for individual commodity futures (see
Bessembinder (1992), Kolb (1992), Erb and Campbell (2006)).



Table 6
Optimum 2025 generation portfolios.

Minimum cost Minimum risk

Installed
capacity [MW]

Expected
generation

Installed
capacity [MW]

Expected
generation

Wind 4586 13.00% 6736 19.05%
Solar 443 1.08% 3640 8.88%
Coal 2790 24.00% 3912 24.58%
Reservoir 5654 24.71% 3393 14.87%
Oil 2591 0.38% 2591 0.04%
LNG 2543 4.60% 2543 0.42%
Run-of-river 6200 32.25% 6200 32.17%

Expected cost [$/MWh] 81.72 85.65
CVaR [$/MWh] 111.30 100.12

Table 3
Statistical data of fuel price returns' time series.

Coal LNG Oil

Mean 2% 2% 6%
Standard deviation 12% 14% 21%

Correlation coefficients Coal LNG Oil

Coal 1 - -
LNG 0.4 1 -
Oil 0.2 0.7 1

Table 4
2019 Expected fuel prices and 2025 fuel price distributions.

Coal LNG Oil

Base price (2019) [$/MWh] ðPi
tÞ 38 95 184

Expected price (2025) [$/MWh] 43 107 204
Standard deviation (2025) [$/MWh] 14 37 117
Coefficient of variation 31% 35% 58%
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renewables. Interestingly, investment in renewables will be accompa-
nied by higher investment levels in coal plants which are found to be
less risky than reservoir power plants (note that we have not consid-
ered carbon taxes in this study). Potential of run-of-river plants, on
the other hand, is always fully used since it reduces exposure to fuel
price volatility and their inflows appear to be steadier within the differ-
ent scenarios, in comparison to other hydro technologies. Investment in
wind rather than solar is encouraged in the minimum cost solution
while the value of solar power is clearly disclosed in the risk-averse so-
lution, where amore balancedwind/solar portfolio is chosen as an opti-
mal hedge against risks in fossil fuel prices and inflows. Finally, new
investments in oil and LNG are not promoted under any circumstance.
Although energy production from oil plants isminimized, their capacity
is needed to provide standing reserve services.

In light of these results, we can conclude that by 2025 up to about 28%
of demand can be produced fromwind and solar in an economically effi-
cient fashion with generation portfolios that can properly hedge uncer-
tainties associated with fossil fuel prices and hydrological conditions.
This penetration level can also be efficiently handled from a system secu-
rity point of view by system operators and in fact wind penetration has
been already reduced by a factor of 0.71 due to security constraints
(with respect to a case without security constraints). Note that this level
of renewables penetration is economically efficient from a cost-risk
perspective and without environmental considerations. Hence, further
investment in wind and solar may be justified by taking account of
environmental costs (e.g. emission costs that penalize production from
conventional generation) and further flexibility provision from demand
and storage. Also, if investment costs of wind and solar generation are
reduced, further investment can be encouraged in these technologies,
displacing coal generation capacity of the above portfolios. Under this in-
vestment cost sensitivity, we also observed that the high share of run-
of-river plants remains the same, which demonstrates the robustness
and efficiency levels of investment decisions in run-of-river units.
Table 5
Hydrological scenarios.

H1 H2 H3

Probability [p.u.] 0.06 0.06 0.13
Reservoir equivalent average capacity factor 16% 24% 30%
Run-of-river average capacity factor 42% 49% 51%
5. Conclusions and further work

We contribute with a LP cost-risk optimization model to determine
efficient generation technology portfolios, which can properly balance
the benefits of energy source diversification and cost of security of sup-
ply through the provision of various generation frequency control and
demand side services, including preservation of system inertia levels.
The model can determine risks from scenarios rather than from stan-
dard deviations of simplified Gaussian distributions, and tackle a large
input data set through an efficient Benders-based method. All these
make the model more applicable and suitable for real policy and plan-
ning studies.

Through several studies we demonstrate the importance of renew-
ables in hedging both fossil fuel and hydrological risks and confirm
that approaches which neglect risk will significantly undermine the
value of renewables to diversify energy sources. We also demonstrate
that properly accounting for hydrological risk, is paramount to correctly
assess the value of renewables, especially in reducing cost spikes during
dry seasons. Additionally, we show the effect of security of supply on in-
creasing costs and risks, and constraining renewables investment. In
this context, we highlight the importance of demand side actions
which can encourage higher volumes of investment in risk mitigating
renewable generation capacity. Finally, scalability of our model was
proved by running a case study on the Chilean main electricity system
in which planned generation infrastructure was run over 8760 hours
in 1000 scenarios. In this particular case, we demonstrate the economic
benefits associatedwith investment inwind, solar and run-of-river gen-
eration (that can take the form of small hydro units) for the Chilean
electricity sector by 2025.

These types of analyses can be particularly interesting for policy
makers and regulators that seek cost-effective integration of different
renewable generation technologies in both thermal and hydrothermal
systems. Our analysis is especially useful in hydrothermal systems ei-
ther with or without new envisaged developments in hydropower gen-
eration since, from a portfolio analysis perspective, investment
decisions significantly depend on the existing generation mix (that
can present important volumes of hydro capacity). Hence if new
hydro plants are envisaged to be developed (as it may be the case in
countries such as Russia, China, Canada, Brazil that present large levels
H4 H5 H6 H7 H8 H9 H10

0.17 0.13 0.11 0.17 0.08 0.04 0.06
34% 41% 46% 52% 57% 63% 71%
47% 51% 53% 55% 58% 54% 59%
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of unexploited potential (World Energy Council, 2015)), our model will
properly capture both hydrological and fossil-fuel price risks in invest-
ment decisions that include the presence of new hydro plants. In con-
trast, if no (or small capacity of) hydro plants are envisaged to be
developed (as it may be the case in jurisdictions such as Mexico,
Norway, Italy or Switzerland that present large levels of their potential
already exploited (International Energy Agency, 2010)), our model
will properly capture the benefits of new renewables such as wind and
solar in hedging both existing levels of hydrological risks and fossil-fuel
price risks. Moreover, the proposed framework can also be interesting
for policy makers and regulators to (i) justify renewable generation in-
vestment in the absence of formal renewables targets, (ii) adjust/improve
existing mechanisms that encourage integration of renewables (e.g. re-
newable portfolio standards) in order to increase the efficiency levels of
new investment, and (iii) analyze alternative regulatory frameworks
aimed at mitigating risks in future generation investment decisions and
these topics are suggested for future research.
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Mathematical Appendix. Benders decomposition-based algorithm

In this section the Benders decomposition-based algorithm used for
tackling large-scale problems is described. The master and slave prob-
lemsmake investment and dispatch decisions, respectively. Investment
decisions made in the first stage attempt to minimize total cost of
investment and operation across a large number of future scenarios
subject to a given level of CVaR associated with these costs. In the mas-
ter problem, operation costs are represented through a convex function
of the investment as shown in Eqs. (A.1)–(A.4) and thus operation
variables such as generators' outputs are not explicitly considered.

P1ð ÞMinimize z ¼ dT � y þ
X
s∈S

ps � Q y; cs; Fsð Þ ðA:1Þ

s.t.:

δþ 1
1−α

�
X
s∈S

ps � dT � y þ Q y; cs; Fsð Þ−δ
� 	þ

≤ CVaR ðA:2Þ

y ∈ Y ðA:3Þ

δ ≥ 0 ðA:4Þ

In Eqs. (A.1)–(A.4), Y is a set of polyhedral constraints, y is the set of
first-stage decision variables (investment) and d is a vector containing
investment costs. Also, (x)+=max(x, 0) and CVaR is the maximum
allowed portfolio's CVaR.

The second-stage problem (operation) is given by:

P2sð Þ Q y; cs; Fsð Þ ¼ MinimizecsT � x ðA:5Þ

s.t.:

Fs � y þ E � x ¼ h ðA:6Þ

x≥0 ðA:7Þ
The master problem (P1) is defined by a convex set of feasible
solutions and a convex objective function, which allows us to use a
Benders decomposition-type algorithm.

Moreover, function Q(y,cs,Fs) has the same structure as the classic
slave problem from the Benders decomposition, so the same approxi-
mation (and cutting planes selection algorithm) can be used for solving
this particular problem as explained in Papavasiliou et al. (2014).

Therefore, themaster problem can be re-written, including optimality
cuts derived from the Benders algorithm as shown in Eqs. (A.8)–(A.15).

P10� �
MinimizezL ðA:8Þ

s.t.:

zL ≥d
T � y ðA:9Þ

zL ≥d
T � y þ

X
s∈S

ps � Q ŷi; cs; Fs

� 	
þ ŷi−y
� 	T

� Fs
T � ui

s

� �
1≤ i≤k

ðA:10Þ

vs ≥d
T � y þ Q ŷi; cs; Fs

� 	
þ ŷi−y
� 	T

� Fs
T � ui

s−δ ∀s ∈ S;1≤ i≤k

ðA:11Þ

δþ 1
1−α

�
X
s∈S

ps � vs≤CVaR ðA:12Þ

vs ≥0 ∀s ∈ S ðA:13Þ

y ∈ Y ðA:14Þ

δ≥0 ðA:15Þ

Auxiliary variables vs are used for obtaining the linear form of con-
straint (A.2) and ui

s are the Lagrange multipliers of P2s associated
with the coupling constraints (i.e. generation capacities), considering

the ith investment decision trial ŷi. Constraint (A.9) is added to avoid
unboundedness.

Using P1’ and P2s shown in Eqs. (A.5)–(A.15), the following
algorithm is proposed:

Step 0: Set k=1. Initialize ẑlower ¼ −∞, ĉlower ¼ −∞ and ŷ1 . Go to
step 1.

Step 1: Solve P1’. Set ŷk equal to the optimal first-stage solution and

set ẑlower ¼ ẑL and ĉlower ¼ δ̂þ 1=ð1−αÞ �∑s∈Sps � v̂s. Go to step 2.

Step 2: For all s∈S, solve P2s using ŷk as input. Set uk
s equal to the

optimal multipliers of the coupling constraints in Eq. (A.6). Set ẑupper ¼

dT � ŷk þ∑
s∈S

ps � Qð ŷk; cs; FsÞ and ĉupper ¼ CVaRαðCðŷkÞ;ρÞ.
Where CVaRα(x,ρ) is the function that computes the (1−α) per-

centile conditional value at risk of the cost vector x with the associated

probabilities vector ρ. CðŷkÞ corresponds to the vector containing the
total costs of every scenario computed when solving P2s slaves, given

the first-stage decision ŷk and ρ is the vector containing scenarios' prob-
abilities. Go to step 3.

Step 3: If (i) jẑupper−ẑlower j≤ε1 and (ii) jĉupper−ĉlowerj≤ε2 then exit

with ŷk as the optimal solution. Otherwise, set k=k+1 and go to step
1. Note that (ii) can be re-written as ĉupper − CVaR ≤ ε2 and ẑupper is not
a true upper bound of the real cost expectation until (ii) is fully met.

In the above algorithm, the exit criterion ensures that both cost ex-
pectation and CVaR are correctly approximated in the neighborhood
of the optimal solution and given that subproblems are linear, conver-
gence is ensured in a finite number of iterations (since true cost expec-
tation and CVaR functions are piecewise linear). For the sake of
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simplicity, the addition of Benders feasibility cuts is not explained, al-
though they might be necessary for obtaining the optimal solution.
The addition of these cuts can be done as in the classical Benders decom-
position algorithm. Note also that parallel processing can be used to un-
dertake step 2.
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