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Abstract

We propose a solution method for the large-scale stochastic unit commitment (SUC) problem with weekly-dispatched
energy storage and significant weather-dependent stochastic generating capacity. Weekly storage facilities that mostly
charge during weekends and discharge during weekdays require a weekly scheduling of generating units, which result
in a large-scale optimization problem. This SUC problem is formulated as a two-stage stochastic model and we use
the conditional value-at-risk as a risk measure. Using a Benders framework, the proposed solution method decomposes
the problem into a mixed-integer linear master problem and linear and continuous subproblems. The master problem
corresponds to the first-stage decisions throughout the week and includes all the commitment (binary) variables and their
corresponding constraints. The subproblems correspond to the actual dispatch of the generating units on a weekly basis.
Based on the success of column-and-constraint generation algorithms to solve robust optimization problems, we improve
the low communication between the master problem and the subproblems in the standard Benders decomposition
by adding primal variables and constraints from the subproblems to the master problem, which provides a better
approximation of the recourse function. Our computational experiments demonstrate the effectiveness of the proposed
decomposition method using an instance of the South Carolina synthetic system with 90 generating units under 40
scenarios.

Keywords: Benders decomposition, column-and-constraint generation algorithm, energy storage, risk control,
two-stage stochastic programming, unit commitment.

1. Introduction

One of the key problems in the operation of power
systems is the Unit Commitment (UC), also known as
generation scheduling, which consists of determining the
hourly start-up and shut-down schedule of all power plants5

for a given planning horizon (one week in this paper).
Such schedule aims at supplying the electric demand while
being economically efficient (i.e., minimizes the cost of
scheduling and operating power plants) and satisfying op-
erational constraints. Since starting up thermal units is10

costly and complex, the UC problem remains challeng-
ing in large-scale power systems. The growing share of
weather-dependent generation into the generation mix pro-
vides important benefits to reduce the carbon footprint
of electricity generation. Such generation has, however,15

raised important challenges to the unit commitment prob-
lem mainly due to its uncertainty. Deterministic models
of weather-dependent generation may result in economi-
cally inefficient and unreliable commitment of generating
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units [1, 2, 3]. Hence, more accurate models of uncertain20

generation accounting for its stochastic nature need to be
incorporated in the unit commitment formulation.

Numerous formulations of the unit commitment prob-
lem have been proposed in the literature to consider gen-
eration and demand uncertainties. The most common ap-25

proach to deal with uncertainty in the model is based on
two-stage stochastic programming, which explicitly con-
siders the underlying probability distribution of the un-
certainties using a discrete set of scenarios with associated
probabilities [3, 4, 5]. In the first stage of the stochas-30

tic unit commitment, the commitment of generating units
is modeled using binary decision variables. The second
stage, which only contains continuous variables, models
the actual generation dispatch, the curtailment of weather-
dependent generation, and unserved energy for each sce-35

nario. For realistic power systems, the stochastic unit com-
mitment problem is a large-scale two-stage mixed-integer
linear optimization problem with continuous recourse, whose
extensive formulation is in general unsolvable by state-of-
the-art solvers within expected solution times even for a40

small number of scenarios. The main challenges of the two-
stage stochastic unit commitment problem pertain to the
binary nature of the commitment decision variables and
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Nomenclature

Sets

T Time periods, T = {1, . . . , |T |}.
Tfill Time period(s) when the energy reservoirs of

storage units have to be filled.

Λg Combined cycle gas turbines.

Λc Coal-fired power plants.

Λng Gas turbines.

ΛT Thermal power plants, ΛT = Λc
n ∪ Λng

n ∪ Λg
n.

Λn Nuclear power plants.

Λw Weather-dependent power plants.

Λd Demands.

Λs Storage units.

Ω Scenarios indexed by ω.

ΩM,(ν) Scenarios included in the master problem at it-
eration ν.

I(ν)
ω (t) Active ramping constraints at iteration ν under

scenario ω and at time period t.

Constants

Scenario independent

cj Linear cost coefficient of unit j ($/MW).

cDj /c
U
j Shutdown/Startup cost coefficient of unit j

($/h).

cLOL
i (t) Value of unserved demand i in period t ($/MW).

cNL
j No-load cost coefficient of unit j ($/h).

cRU
j (t)/cRD

j (t) Marginal cost of deploying up/down-reserves by

unit j in period t ($/MW).

cUj (t)/cDj (t) Startup/shutdown cost of unit j in period t (h).

Di(t) Active power load of demand i in period t (MW).

E`(t)/E`(t) Maximum/Minimum energy content of storage
unit ` at the end of hour t (MWh).

Eini
` Energy stored in storage unit ` at the beginning

of the time period (MWh).

Fj Equal to [TD
j − HD

j ][1 − vini] unless it exceeds

the time horizon, in which case Fj equals |T |,
Fj = min(|T |, [TD

j −HD
j ][1− vini

j ])

HD
j /H

U
j Number of hours that unit j is required to be

off/on at the beginning of the time horizon (h).

Lj Equal to [TU
j − HU

j ]vini unless it exceeds the

time horizon, in which case Lj equals |T |, Lj =
min(|T |, [TU

j −HU
j ]vini

j ).

pini
j Active power output of unit j at the beginning

of the time horizon (MW).

pN
j (t) Active power output of nuclear unit j in period

t (MW).

P j/P j Maximum/minimum active power output of unit
j (MW).

RD
j /R

U
j Maximum ramp-down/up rate of unit j

(MW/h).

SU
j /S

D
j Maximum startup/shutdown ramp rate of unit

j (MW/h).

TD
j /T

U
j Minimum number of time periods required for

unit j to be off/on before it can be turned on/off
(h).

vini
j Initial commitment status of unit j (1 if online,

and 0 otherwise).

ϑc
`/ϑ

d
` Efficiency of storage unit ` in charg-

ing/discharging mode.

∆
ch
` (t)/∆ch

` (t) Maximum/Minimum power demand change of
storage unit ` at the end of hour t (MW).

∆
dis
` (t)/∆dis

` (t) Maximum/Minimum power output change of
storage unit ` at the end of hour t (MW).

β CVaR weighting factor.

α CVaR confidence level.

Scenario dependent

Diω(t) Power load of demand i at period t under sce-
nario ω (MW).

pW
jω(t) Power production realization of weather-

dependent unit j at time period t under scenario
ω (MW).

ujω(t) Binary constant indicating whether or not unit
j is out of service in period t and scenario ω.

πω Probability of occurrence of scenario ω.

Variables

First-stage

E`(t) Energy content of storage unit ` at the end of
time period t (MWh).

pch
` (t)/pdis

` (t) Demand/Output of the storage unit ` (charg-
ing/discharging mode) in hour t (MW).

vj(t) Commitment status at time t of unit j: vj(t)
equals 1 if unit j is on at time period t, and 0 if
it is off.

yj(t) Startup status at time t of unit j: yj(t) equals
1 if unit j starts up at the beginning of time t,
and 0 otherwise.

zj(t) Shutdown status at time t of unit j: zj(t) equals
1 if unit j shuts down at the beginning of time
t, and 0 otherwise.

ζ Value at risk.

Second-stage

Dsh
iω(t) Power shed of demand i in time period t under

scenario ω (MW).

E`ω(t) Energy content of storage unit ` at the end of
time period t under scenario ω (MWh).

pjω(t) Power produced by unit j in time period t under
scenario ω (MW).

pW,spill
jω (t) Power spillage of weather-dependent unit j in

time period t under scenario ω (MW).

∆ch
`ω(t)/∆dis

`ω (t) Demand/Output change of storage unit ` at the
end of hour t under scenario ω (MW).

ηω CVaR auxiliary variable.

ψω Under-approximation of the second-stage cost of
scenario ω.

the problem size. The number of continuous and binary decision variables and constraints of the unit commitment45
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problem grows with the number of generating units, time
periods, and uncertainty scenarios [3, 6].

One alternative to solve the stochastic UC is using
decomposition techniques. In particular, Benders decom-
position [7], which exploits the L-shaped structure of the50

problem, breaks the problem into a master problem and
many subproblems [8]. In the master problem, which is
mixed-integer linear, the commitment (binary) decision
variables and their constraints (minimum up/down time
and commitment logic) are represented in detail whereas55

the second-stage costs are piece-wise linearly approximated.
Once the first-stage variables are fixed, the subproblems,
which correspond to the unrelated second-stage problems,
can be solved independently and provide dual informa-
tion (cuts) to the master problem to refine the approxi-60

mations of the second-stage costs. In the basic form of
Benders decomposition, a single cut is added to the mas-
ter problem whereas in more advanced versions one cut for
each subproblem is added. Adding multiple cuts per sce-
nario generally provides a more accurate representation65

of the recourse function, at the cost of solving a larger
master problem. In recent years, there has been signifi-
cant attention to developing bundle methods that offer a
trade-off between the multi-cut and single cut approaches
[9, 10, 11, 12, 13].70

In the context of the UC problem, some works have
proposed strategies to accelerate the convergence of Ben-
ders decomposition. Wu and Shahidehpour [14] propose a
method to generate multiple strong Benders cuts via mul-
tiple optimal dual solutions of the subproblems. Wang et.75

al. [15] propose adding second-stage constraints into the
master problem in the first iteration and keeping them dur-
ing the course of evolution of the algorithm. However, the
authors do not provide a systematic way to include them.
Zhang et. al. [16] propose adding an artificial scenario cor-80

responding to the average scenario in the master problem.
The authors use Jensen’s inequality to show that adding
such scenario does not cut any feasible solution, hence, the
master problem still provides a valid lower bound.

Although there is a rich body of literature on solving85

the day-ahead stochastic UC using Benders decomposition
(see [7] and references therein), there is a limited number
of works addressing its week-ahead counterpart, which is
required if weekly storage is present. The week-ahead unit
commitment is relevant in power systems with important90

hydro resources whose water reservoirs are dispatched con-
sidering medium- to long-term time horizons [17]. In fact,
pumped-hydro energy storage units are particularly useful,
due to their flexibility, to address the pernicious effects
induced by the uncertain weather-dependent generation95

[18, 19]. Such storage units are able to provide services in
a wide range of time frames going from spinning reserves
to weekly smoothing of load curves [20]. In the context
of unit commitment, pumped-hydro energy storage units
allow to reduce the number of startup and shutdowns op-100

erations of thermal power plants, reducing the scheduling
and dispatch costs [21].

Most works focused on the weekly UC consider a deter-
ministic approach, which could make its generation schedul-
ing vulnerable to certain scenarios. In [22], the authors105

propose a hybrid decomposition approach based on outer
approximation and Benders decomposition to address the
stochastic UC with endogenous reserve determination con-
sidering forced outages of equipment. In [23], the authors
propose a Benders decomposition to address the weekly110

two-stage robust UC problem considering the uncertain
volume of water inflow in hydrothermal power systems. In
[24], the authors propose a Benders decomposition algo-
rithm to solve a risk-constrained day-ahead stochastic UC
with energy storage and weather-dependent generation.115

Despite of the popularity of Benders decomposition to
address the deterministic and stochastic variants of the
generation scheduling problem, such decomposition ap-
proach has several drawbacks, such as: (i) the master
problem provides a loose relaxation of the original prob-120

lem, (ii) poor initial iterations, and (iii) slow convergence
of the upper and lower bounds [25]. The main reason for
these drawbacks is that there is not a good communication
between the master problem and the subproblems since
the master problem does not consider scenario-wise infor-125

mation to make an informed scheduling decision. Such
lack of communication may result in expensive or infeasible
scheduling of generating units, particularly, in the initial
iterations. To bridge this gap, we propose a Benders-like
decomposition approach, which overcomes the main draw-130

backs of standard Benders decomposition, to address the
risk-constrained stochastic unit commitment.

In this work, we aim at addressing the two-stage stochas-
tic unit commitment problem with weekly storage and
risk-control. In particular, our work is focused on the135

stochastic UC with weekly-dispatched energy storage (e.g.,
pumped-hydro storage), which requires a weekly schedul-
ing horizon. The proposed model considers uncertain net
power injections induced by demand and weather-dependent
generation. Hence, we consider an hourly scheduling for a140

one-week time horizon. To hedge against high scheduling
and dispatch costs, we incorporate the conditional value-
at-risk (CVaR) to manage risk [3, 26, 27]. To solve the
resulting risk-constrained stochastic unit commitment, we
propose a hybrid decomposition technique based on Ben-145

ders decomposition and the column-and-constraint gener-
ation algorithm.

Based on a multi-cut Benders framework, we decom-
pose the problem into a master problem, which includes
the first-stage decisions, and many subproblems correspond-150

ing to the second-stage decisions. The master problem,
which is mixed-integer linear, includes all the binary com-
mitment variables with their associated constraints (i.e.,
minimum up/down time and commitment logic). The
subproblems, which are linear and continuous, correspond155

to the actual dispatch and include generation and ramp-
ing limits, power balance, unserved energy bounds, and
weather-dependent generation spillage. At every itera-
tion, dual information to refine the master problem is
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transferred from the subproblems via Benders’ cuts. The160

communication between the master problem and the sub-
problems is weak even in the case of the multi-cut Ben-
ders framework. This drawback arises because the master
problem is disconnected from the constraints on generat-
ing units, weather-dependent generation, and demand for165

each scenario.
To bridge this lack of communication and inspired by

the column-and-constraint generation algorithm [28, 29],
we propose to add primal information to the master prob-
lem corresponding to the primal constraints of a small sub-170

set of scenarios when the gap is not reducing effectively.
The dispatch costs of such subset of scenarios are not ap-
proximated using Benders’ cuts since they are actually em-
bedded into the master problem. This strategy increases
the size of the master problem and might increase its com-175

putation time. To alleviate the computational burden of
the proposed master problem, we use an active set strat-
egy on the generating ramping limits, which significantly
reduces the size of the problem. At every iteration and
for every scenario, we identify the set of violated ramping180

constraints and enforce them in the scenarios considered in
the master problem. We illustrate the effectiveness of the
proposed solution method using an instance of the South
Carolina synthetic system under 40 uncertainty scenarios.

The main contributions of this paper are twofold:185

1. To propose a Benders-like decomposition method,
which overcomes the main drawbacks of the stan-
dard Benders decomposition approach, to address
the risk-constrained stochastic unit commitment with
weekly-dispatched energy storage. The effectiveness190

of the proposed method with respect to other Benders-
like approaches lies in improving the communication
between the master problem and the subproblems
by effectively conveying primal information from a
small subset of subproblems to the master problem.195

2. To provide two strategies to select the scenarios to
be included in the master problem based on: in-
put data (data from weather-dependent scenarios)
and solution data (solution of master problem and
subproblems at every iteration of the decomposition200

method). The first strategy, based on the input data,
selects a pre-specified number of scenarios, deter-
mined by the solution of a simple mixed-integer lin-
ear problem, to be added to the master problem at
the first iteration and retained throughout the evo-205

lution of the solution method. The second strategy,
based on the solution data, adds scenario informa-
tion when the algorithm shows slow progress. Such
strategy selects the scenarios based on the second-
stage costs of the subproblems and the second-stage210

cost mismatch with the ones computed as a solution
of the master problem.

The outline of the rest of this paper is as follows. In
Section II, we present the formulation of the risk-averse

two-stage stochastic unit commitment problem. In Section215

III, we describe and detail the proposed hybrid decompo-
sition technique. Next, in Section IV, we demonstrate the
effectiveness of the proposed algorithm using an instance
of the South Carolina system under 40 scenarios. Lastly,
we conclude the paper with some remarks in Section V.220

2. Problem formulation

2.1. Assumptions

1. We model the commitment of coal-fired and com-
bined cycle gas turbines using 3 binary variables.

2. The production cost of any nuclear unit is constant225

throughout the time horizon, therefore, we neglect it
in the objective function.

3. We assume that there are not transmission bottle-
necks that can impact the scheduling of generating
units. Therefore, we do not consider the transmis-230

sion network in the problem formulation. Addition-
ally, this assumption allows us to focus on the in-
tricacies of weekly-dispatched storage systems and
uncertain weather-dependent generating units.

4. We assume that the no-load, start-up, and shutdown235

costs are per hour constant values incurred if the unit
is operating, starts up of shuts down, respectively.

5. The risk measure of the cost corresponds to the con-
ditional value-at-risk, which is a coherent measure
that allows us to characterize the risk of unfavorable240

scenarios with high operating costs. The parameter
β ∈ [0, 1] controls the risk-aversion level. If β = 0,
the risk is ignored and the model corresponds to a
risk-neutral problem.

6. We assume that the proposed model is solved on a245

daily basis. Hence, the aim of the proposed model is
to determine the day-ahead optimal scheduling of the
power generating units and the week-ahead dispatch
of the energy storage units.

2.2. Model formulation250

The Risk-Constrained Stochastic Unit Commitment (RC-
SUC) problem is formulated using three binary variables
to represent the operating status of the generating units.
The objective of the RC-SUC problem can be stated as
follows:255

min
Ξ

∑
t∈T

∑
j∈Λc∪Λg

(
cNL
j vj(t) + cUj yj(t) + cDj zj(t)

)
+

(1− β)

[∑
ω∈Ω

πω
∑
t∈T

( ∑
j∈ΛT

cjpjω(t) +
∑
i∈Λd

cLOL
i Dsh

iω(t)

)]
+

β

(
ζ +

1

1− α
∑
ω∈Ω

πωηω

)
. (1)

4



The objective is to minimize a combination of the ex-
pectation and CVaR of the system cost, where the system
cost includes first-stage no-load, start-up, and shut-down
costs, and second-stage costs, including operating costs of260

all the units and the cost of unserved energy. The operat-
ing cost of unit j is a linear approximation of the actual
production cost. The no-load cNL

j , start-up cUj , and pro-
duction cj cost coefficients are function of fuel prices.

2.2.1. First-stage constraints265

vj(t− 1)− vj(t) + yj(t)− zj(t) = 0; ∀j ∈ Λc ∪ Λg,

t = 2, . . . , |T |, (2)

vini
j − vj(1) + yj(1)− zj(1) = 0, ∀j ∈ Λc ∪ Λg, (3)

Lj∑
t=1

[1− vj(i)] = 0, ∀j ∈ Λc ∪ Λg, (4)

t+TU
j −1∑
i=t

vg(i) ≥ TU
j yj(t),∀j ∈ Λc ∪ Λg;

∀t ∈ [Lj + 1, . . . , |T | − TU
j + 1], (5)

|T |∑
i=t

[vj(i)− yj(t)] ≥ 0, ∀j ∈ Λc ∪ Λg;

∀t ∈ [|T | − TU
j + 2, . . . , |T |], (6)

Fj∑
t=1

vj(t) = 0, ∀j ∈ Λc ∪ Λg, (7)

t+TD
j −1∑
i=t

[1− vj(i)] ≥ TD
j zg(t), ∀j ∈ Λc ∪ Λg,

∀t ∈ [Fj + 1, . . . , |T | − TD
j + 1], (8)

|T |∑
i=t

[1− vj(i)− zj(t)] ≥ 0; ∀j ∈ Λc ∪ Λg,

∀t ∈ [|T | − TD
j + 2, . . . , |T |], (9)

0 ≤ pch
` (t) ≤ P ch

` , ∀` ∈ Λs, ∀t = 1, . . . , |T | (10)

0 ≤ pdis
` (t) ≤ P dis

` , ∀` ∈ Λs, ∀t = 1, . . . , |T | (11)

E`(t)− E`(t− 1) = ϕc
`p

ch
` (t)− 1

ϕd
`

pdis
` (t),

∀` ∈ Λs, ∀t = 2, . . . , |T | (12)

E`(1)− Eini
` = ϕc

`p
ch
` (1)− 1

ϕd
`

pdis
` (1), ∀` ∈ Λs (13)

E`(t) ≤ E`(t) ≤ E`(t), ∀` ∈ Λs,

∀t ∈ T \ T fill (14)

E`(t) = E`(t), ∀t ∈ T fill, ∀` ∈ Λs. (15)

Constraints (2) and (3) ensure the start-up, shut-down
and running logic of the power plant that require commit-
ment variables. Constraints (4)–(6) enforce the minimum

up time of coal-fired units and combined cycle gas tur-
bines whereas their minimum down time are ensured by270

constraints (7)–(9).
Constraints (10) and (11) bound the charging/discharging

power of storage units. The scheduled energy balance of
storage units per time period is stated in constraints (12)
and (13). The scheduled energy of storage units is upper275

and lower bounded by constraint (14). Constraint (15)
ensures that the storage units are filled at a given time
period. Constraints (10)–(15) are enforced since operators
generally desire to schedule values for storage units and
deviations upon them that satisfy operational constraints.280

2.2.2. Second-stage constraints

The following second-stage constraints are defined for
all t = 1, . . . , |T | and for all ω ∈ Ω unless specified other-
wise.

pjω(t)− pjω(t− 1) ≤ RU
j vj(t− 1) + SU

j yj(t),

∀j ∈ Λc ∪ Λg, ∀t = 2, . . . , |T |, (16)

pjω(1)− pini
j ≤ RU

j v
ini
j + SU

j yj(1), ∀j ∈ Λc ∪ Λg, (17)

pjω(t− 1)− pjω(t) ≤ RD
j vj(t) + SD

j zj(t),

∀j ∈ Λc ∪ Λg, ∀t = 2, . . . , |T |, (18)

pini
j − pjω(1) ≤ RD

j vj(1) + SD
j zj(1),

∀j ∈ Λc ∪ Λg, (19)

P jvj(t)ujω(t) ≤ pjω(t) ≤ P jvj(t)ujω(t),

∀j ∈ Λc ∪ Λg, (20)

0 ≤ pjω(t) ≤ P jujω(t), ∀j ∈ Λng, (21)∑
j∈ΛT

pjω(t) +
∑
j∈Λw

(
pW
jω(t)− pW,spill

jω (t)
)

+
∑
j∈Λn

pN
j (t)+

∑
`∈Λs

(
pdis
` (t) + ∆dis

`ω (t)− (pch
` (t) + ∆ch

`ω(t))
)

=∑
i∈Λd

Diω(t)−
∑
i∈Λd

Dsh
iω(t), (22)

0 ≤ pW,spill
jω (t) ≤ pW

jω(t), ∀j ∈ ΛW, (23)

0 ≤ Dsh
iω(t) ≤ Diω(t), ∀i ∈ Λd, (24)

0 ≤ pch
` (t) + ∆ch

`ω(t) ≤ P ch

` , ∀` ∈ Λs, (25)

0 ≤ pdis
` (t) + ∆dis

`ω (t) ≤ P dis

` , ∀` ∈ Λs, (26)

∆ch
` ≤ ∆ch

`ω(t) ≤ ∆
ch

` , ∀` ∈ Λs, (27)

∆dis
` ≤ ∆dis

`ω (t) ≤ ∆
dis

` , ∀` ∈ Λs, (28)

E`ω(t)− E`ω(t− 1) = ϕc
`

(
pch
` (t) + ∆ch

`ω(t)
)
−

1

ϕd
`

(
pdis
` (t) + ∆dis

`ω (t)
)
, ∀` ∈ Λs,

∀t = 2, . . . , |T |, (29)

E`ω(1)− Eini
` = ϕc

`

(
pch
` (1) + ∆ch

`ω(1)
)
−

5



1

ϕd
`

(
pdis
` (1) + ∆dis

`ω (1)
)
, ∀` ∈ Λs, (30)

E`(t) ≤ E`ω(t) ≤ E`(t), ∀` ∈ Λs, ∀t ∈ T \ T fill, (31)

E`ω(t) = E`(t), ∀t ∈ T fill, ∀` ∈ Λs,. (32)

Constraints (16) and (17) enforce the maximum ramping-285

up of generating units whereas their maximum ramping-
down is ensured by constraints (18) and (19). Constraints
(20) and (21) bound the actual generation of each generat-
ing unit. The power balance is enforced by constraint (22).
The weather-dependent generation spillage is bounded by290

constraint (23). Constraint (24) bounds the unserved en-
ergy per scenario. The bounds and operation of storage
units per scenario are stated in constraints (25)–(32).

2.2.3. CVaR constraints

ηω ≥
∑
t∈T

( ∑
j∈ΛT

cjpjω(t) +
∑
i∈Λd

cLOL
i Dsh

iω(t)

)
− ζ,

∀ω ∈ Ω (33)

ηω ≥ 0, ∀ω ∈ Ω. (34)

Auxiliary constraints (33) and (34) are used to model295

the CVaR.

3. Solution Method

We propose a hybrid decomposition technique to ad-
dress the risk-constrained stochastic unit-commitment prob-
lem, which blends ideas from Benders decomposition and300

the column-and-constraint generation algorithm. First, we
decompose the RC-SUC problem using a Benders frame-
work into a master problem, which includes the commit-
ment variables and their constraints, and many subprob-
lems, which correspond to the dispatch of the generating305

units for the corresponding uncertainty realizations. Note
that the Benders’ cuts, which provide an approximation
of the second-stage costs, are based only on local dual
information. Such characteristic results in weak commu-
nication between the master problem and the subprob-310

lems. Hence, inspired by the success of the column-and-
constraint generation algorithm to solve robust optimiza-
tion problems, we propose to enforce primal information
to the master problem corresponding to the constraints of
a small subset of scenarios. The proposed solution method315

is as follows:

1. In the first iteration, we identify an initial small sub-
set of representative scenarios and incorporate them
into the master problem, which helps to attain good
quality first-stage variable values. These scenarios320

are included in the master problem for the remain-
ing iterations.

2. Then, we solve the master problem, which includes
all the binary commitment variables with their asso-
ciated constraints (i.e., minimum up/down time and325

commitment logic). The second stage costs of the
scenarios are approximated using Benders’ cuts and
further refined at every iteration. A lower bound
is determined by the optimal value of the objective
function of the master problem.330

3. Next, we solve the subproblems, which are linear
and continuous, and model the generation dispatch
and include generation capacity and ramping limits,
power balance constraints, and weather-dependent
generation spillage limits.335

4. To reduce the computational burden of the proposed
master problem, we use an active set strategy on
the generating ramping limits, which significantly re-
duces the size of the problem. At every iteration
and for every scenario, we identify the set of bind-340

ing ramping constraints of the scenarios considered
in the master problem and enforce them in the next
iteration. The set of active constraints at every it-
eration includes all the constraints that have been
binding in previous iterations for the corresponding345

scenario.

5. Then, the CVaR is computed based on the solution
of the first- and second-stage variables obtained from
the solutions of the master problem and subprob-
lems, respectively.350

6. An upper bound is determined from the solution of
the subproblems and the CVaR.

7. If the gap between the upper and lower bound is not
effectively closing as measured through an improve-
ment threshold, we append new scenarios to the mas-355

ter problem to provide a better approximation of the
recourse function. Such new scenarios are identified
using two criteria: (i) the scenario with the highest
optimal objective value of the subproblems, and (ii)
the scenario with the highest mismatch between the360

second-stage costs computed at the solution of the
master problem and the subproblems.

8. If a convergence criterion has been satisfied, the al-
gorithm stops. Otherwise, it returns to Step 2.

3.1. Master problem formulation365

The master problem is formulated as follows:

min
ΞM

∑
t∈T

∑
j∈Λc∪Λg

(
cNL
j vj(t) + cUj yj(t) + cDj zj(t)

)
+

(1− β)

[ ∑
ω∈ΩM,(ν)

πω
∑
t∈T

( ∑
j∈ΛT

cjpjω(t)+

∑
i∈Λd

cLOL
i Dsh

iω(t)

)
+
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∑
ω∈Ω\ΩM,(ν)

πωψω

]
+ β

(
ζ +

1

1− α
∑
ω∈Ω

πωηω

)
(35)

s.t. (2)− (15)

(16)− (19); ∀j ∈ I(ν)
ω (t), ∀ω ∈ ΩM,(ν), ∀t ∈ T

(20)− (34); ∀ω ∈ ΩM,(ν)

ψω ≥ ψdown; ∀ω ∈ Ω \ ΩM,(ν), (36)

ψω ≥
∑
t∈T

[ ∑
j∈ΛT

cjp
(µ)
jω (t) +

∑
i∈Λd

cLOL
i D

sh,(µ)
iω (t)+

∑
j∈Λc∪Λg

(
γ
v,(µ)
jω (t)

(
vj(t)− v(µ)

j (t)
)

+

γ
y,(µ)
jω (t)

(
yj(t)− y(µ)

j (t)
)

+

γ
z,(µ)
jω (t)

(
zj(t)− z(µ)

j (t)
))

+

∑
`∈Λs

(
γ

ch,(µ)
`ω (t)

(
pch
` (t)− pch,(µ)

` (t)
)

+

γ
dis,(µ)
`ω (t)

(
pdis
` (t)− pdis,(µ)

` (t)
)

+

γ
E,(µ)
`ω (t)

(
E`(t)− E(µ)

` (t)
))]

,

∀µ = 1, . . . , ν − 1, ∀ω ∈ Ω \ ΩM,(ν), (37)∑
t∈T

( ∑
j∈ΛT

cjpjω(t) +
∑
i∈Λd

cLOL
i Dsh

iω(t)

)
≥

∑
t∈T

[ ∑
j∈ΛT

cjp
(µ)
jω (t) +

∑
i∈Λd

cLOL
i D

sh,(µ)
iω (t)+

∑
j∈Λc∪Λg

(
γ
v,(µ)
jω (t)

(
vj(t)− v(µ)

j (t)
)

+

γ
y,(µ)
jω (t)

(
yj(t)− y(µ)

j (t)
)

+

γ
z,(µ)
jω (t)

(
zj(t)− z(µ)

j (t)
))

+

∑
`∈Λs

(
γ

ch,(µ)
`ω (t)

(
pch
` (t)− pch,(µ)

` (t)
)

+

γ
dis,(µ)
`ω (t)

(
pdis
` (t)− pdis,(µ)

` (t)
)

+

γ
E,(µ)
`ω (t)

(
E`(t)− E(µ)

` (t)
))]

,

∀µ = 1, . . . , ν − 1, ∀ω ∈ ΩM,(ν), (38)

ηω ≥ ψω − ζ, ∀ω ∈ Ω \ ΩM,(ν), (39)

ηω ≥ 0; ∀ω ∈ Ω \ ΩM,(ν). (40)

where the optimization variables are elements of the set

ΞM =
{
vj(t), yj(t), zj(t), E`(t), p

ch
` (t), pdis

` (t), ζ
}
∪{

Pjω(t), pW,spill
jω (t), Dsh

iω(t), E`ω(t),∆ch
`ω(t),∆dis

`ω (t),

ηω ∀ω ∈ ΩM,(ν)
}
∪ {ηω, ψw ∀ω ∈ Ω \ ΩM,(ν)}.

The objective function (35) includes scheduling costs,
actual dispatch costs of the scenarios included in the mas-
ter problem (i.e., ω ∈ ΩM), and approximated costs of the
remaining scenarios (i.e., ω ∈ Ω \ ΩM). Constraint (36)
enforces a lower bound to the approximated costs ψω to370

avoid unboundedness. Constraints (37) and (38) corre-
spond to the Benders’ cuts of the scenarios considered and
approximated in the master problem, respectively. Note
that the master problem is a relaxed version of the original
RC-SUC problem since a reduced number of scenarios in375

the second stage are considered, i.e., ΩM ⊂ Ω. Note as
well that even though Benders’ cuts (38) are not strictly
necessary, they provide additional information to the mas-
ter problem about the solutions of previous iterations. The
contribution for the CVaR calculation of the scenarios con-380

sidered in the master problem is stated in constraints (33)
and (34) whereas the contribution of the remaining sce-
narios, which are not considered in the master problem, is
stated in constraints (39) and (40).

3.2. Subproblem formulation385

Each scenario of the second stage can be solved in-
dependently since the only linking variables correspond
to the first-stage ones, which are computed in the mas-
ter problem. Once such variables are fixed, the problem
is decomposed in easy-to-solve subproblems since they are390

linear, continuous, and small-scale. The formulation of the
subproblem corresponding to scenario ω is:

min
ΞS

∑
t∈T

( ∑
j∈ΛT

cjpjω(t) +
∑
i∈Λd

cLOL
i Dsh

iω(t)

)
(41)

s.t. (16)− (32)

vj(t) = v
(ν)
j (t) : (γ

v,(ν)
jω ), ∀j ∈ Λc ∪ Λg, ∀t ∈ T, (42)

yj(t) = y
(ν)
j (t) : (γ

y,(ν)
jω ), ∀j ∈ Λc ∪ Λg, ∀t ∈ T, (43)

zj(t) = z
(ν)
j (t) : (γ

z,(ν)
jω ), ∀j ∈ Λc ∪ Λg, ∀t ∈ T, (44)

pch
` (t) = p

ch,(ν)
` (t) : (γ

ch,(ν)
`ω ), ∀` ∈ Λs, ∀t ∈ T, (45)

pdis
` (t) = p

dis,(ν)
` (t) : (γ

dis,(ν)
`ω ), ∀` ∈ Λs, ∀t ∈ T, (46)

E`(t) = E
(ν)
` (t) : (γ

E,(ν)
`ω ), ∀` ∈ Λs, ∀t ∈ T, (47)

where

ΞS =
{
pjω(t), pW,spill

jω (t), Dsh
iω(t), E`ω(t),∆ch

`ω(t),∆dis
`ω (t)

}
.

Fixing the first-stage variables in the above subprob-
lem may result in infeasible cases. Therefore, we introduce
non-negative slack variables to the ramping constraints395

(16)–(19) and penalize them in the objective function with
a cost coefficient equal to the cost of unserved energy cLOL

i .

3.3. CVaR computation

To compute an upper bound of the objective function,
we need to compute the actual CVaR based on the solu-400

tion of the master problem and subproblems. First, we
fix the first-stage and second stage decision variables to
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the solution of the master problem and subproblems, re-
spectively. Then, we compute the CVaR by solving the
following problem:405

min
ηω,ζ

ζ +
1

1− α
∑
ω∈Ω

πωηω (48)

s.t. ηω ≥
∑
t∈T

( ∑
j∈ΛT

cjp
(ν)
jω (t)+

∑
i∈Λd

cLOL
i D

sh,(ν)
iω (t)

)
− ζ, ∀ω ∈ Ω, (49)

ηω ≥ 0, ∀ω ∈ Ω. (50)

3.4. Scenario selection

We use a strategy to determine which scenarios to in-
clude in the master problem in the first iteration based
on the concept of row covering presented in [30]. Such
concept allows us to determine a fixed number of scenar-
ios with the highest net demand (i.e., scenarios that cover
other scenarios the most) in a systematic way, which en-
sures that enough committed capacity is available in the
initial iterations. First, we let the net power injection per
time period be defined as follows:

pnet
ω (t) =

∑
i∈Λd

Diω(t)−
∑
j∈Λw

pW
jω(t), ∀t ∈ T, ∀ω ∈ Ω.

Next, we define the parameter δω̃ω(t), ω ∈ Ω, ω̃ ∈
Ω, t ∈ T such that ω̃ 6= ω, as follows:

δω̃ω(t) =

{
1 if pnet

ω̃ (t) ≥ pnet
ω (t)

0 otherwise.

Then, we use a binary variable rω, ω ∈ Ω, which is
equal to 1 if scenario ω is to be included in the master
problem and 0 otherwise. The number of scenarios to be
included in the master problem are controlled by the inte-410

ger parameter R.
Finally, the following simple mixed-integer problem is

solved to obtain ΩM,(0):

max
rω

∑
ω∈Ω

∑
t∈T

∑
ω̃∈Ω

δω̃ω(t)rω̃ (51)

s.t.
∑
ω∈Ω

rω = R, (52)

rω ∈ {0, 1}, ∀ω ∈ Ω. (53)

The objective of problem (51)–(53), which is easily
solved, is to maximize the number of scenarios that are
covered by the scenarios to be included in the master
problem. The proposed optimization problem determines415

the scenarios to be included in the master problem solely
based on known information of the demand and weather-
dependent available generation capacity.

The number of scenarios to be included in the mas-
ter problem, which is determined by R, depends on the420

size of the problem. Smaller problems allow to add more
scenarios in the master problem without facing computa-
tional limitations. Conversely, solving the SUC problem
for larger systems limits the number of scenarios to be in-
cluded due to the high computational burden to solve the425

master problem, which could make it too time-consuming
or intractable to solve.

Additionally, we propose to dynamically enrich the sce-
nario information incorporated into the master problem
during the course of evolution of the proposed decomposi-430

tion method. To determine which scenarios to add to the
master problem as the algorithm progresses, we use the
solutions of the master problem and the subproblems. In
particular, we use the following criteria:

(i) Add the scenario with the highest second-stage cost435

as computed in the subproblem, which allows us to
control scenarios with potential infeasibilities that
increase the upper bound of the algorithm

(ii) Add the scenario with the highest mismatch between
the second-stage costs computed in the master prob-440

lem and the subproblems, which allows us to better
represent such scenarios in the master problem and
to improve the lower bound provided by the master
problem.

The proposed hybrid decomposition approach is depicted445

in Algorithm 1.

4. Simulation Results

In this section, we report computational experiments
showcasing the effectiveness of the proposed solution method
using the South Carolina synthetic system with 90 gener-450

ating units reported in [32]. The proposed approach has
been implemented on a Windows-based laptop with an In-
tel Core i7 processor clocking at 2.60 GHz and 16 GB of
RAM under JuMP 0.21.3. We use CPLEX 12.10.0 for the
master MILP problem and the linear subproblems.455

We consider a weekly horizon to capture the weekly
nature of the storage system; however, the studied gen-
eration scheduling model is solved and implemented on a
daily basis. Therefore, the exact system’s operation for
the days beyond day one is not necessary. We relax the460

binary variables for t = 25, . . . , |T |, which provides a good
approximation of the operation of the system for the days
beyond day one and increases the computational tractabil-
ity of the problem.

4.1. Data465

The South Carolina synthetic system has 90 generating
units (coal, gas, run-of-the-river hydro, solar, and nuclear)
[32, 33]. In our computational experiments, we assume
that all thermal (coal and natural gas) units require com-
mitment (binary) variables, resulting in a total of 45 units.470
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Algorithm 1 Proposed Hybrid Decomposition Algorithm

Input: δtol, δ, ΩM,(0).
1: ν ← 1, Z

(1)
down = −∞, Z

(1)
up =∞, ε(0) ←∞.

2: Initialize the set of active ramping constraints. I(ν)
ω (t) ←

∅, t = 1, . . . , |T |, ω ∈ Ω
3: repeat
4: Solve and update lower bound: Set

(v(ν), y(ν), z(ν), pch,(ν), pdis,(ν), E(ν)) to the solu-
tion of the master problem under the set of active
ramping constraints I(ν)(t), ∀t ∈ T and the subset

of scenarios ΩM,(ν). Update Z
(ν)
down to be the optimal

objective-function value of the master problem.
5: Solve: Set (p(ν)

ω , D
sh,(ν)
ω ) to the solution of

the subproblem for each scenario ω, and set
(γv,(ν), γy,(ν), γz,(ν), γch,(ν), γdis,(ν), γE,(ν)) to the
dual variables of constraints (42)–(47), respectively.

6: for t = 1, . . . , |T |, ω ∈ Ω do
7: Update the set of active ramping constraints. Set

I(ν+1)
ω (t) to the set of binding ramping constraints

(16)–(19) of scenario ω in period t. I(ν+1)
ω (t) ←

I(ν)
ω (t) ∪ I(ν+1)

ω (t).
8: end for
9: Solve: Set (η(ν)

ω , ζ(ν)) to the solution of the CVaR prob-
lem (48)–(50).

10: Update upper bound. Update Z
(ν)
up as follows:

Z(ν)
up ←

∑
t∈T

∑
j∈Λc∪Λg

(
cNL
j v

(ν)
j (t) + cUj y

(ν)
j (t)+

cDj z
(ν)
j (t)

)
+

(1− β)

[∑
ω∈Ω

πω
∑
t∈T

( ∑
j∈ΛT

cjp
(ν)
jω (t)+

∑
i∈Λd

cLOL
i D

sh,(ν)
iω (t)

)]
+

β

(
ζ(ν) +

1

1− α
∑
ω∈Ω

πωη
(ν)
ω

)
.

11: Update ε. ε(ν) ← 100 · (Z(ν)
up /Z

(ν)
down − 1)

12: if 1− ε(ν)/ε(ν−1) ≤ δ then
13: Identify the scenario with the highest recourse cost.

ϑ1 ← argmax
ω∈Ω\ΩM,(ν)

{∑
t∈T

[ ∑
j∈ΛT

cjp
(ν)
jω (t)+

∑
i∈Λd

cLOL
i D

sh,(ν)
iω (t)

]}
.

14: Identify the scenario with the highest cost mismatch.

ϑ2 ← argmax
ω∈Ω\ΩM,(ν)

{∑
t∈T

[ ∑
j∈ΛT

cjp
(ν)
jω (t)+

∑
i∈Λd

cLOL
i D

sh,(ν)
iω (t)

]
− ψω

}
.

15: Update ΩM. ΩM,(ν+1) ← ΩM,(ν) ∪ ϑ1 ∪ ϑ2

16: end if
17: Update ν. ν ← ν + 1
18: until ε(ν) ≤ δtol

We include a pumped-hydro energy storage unit of 400
MW of installed capacity, which represents around 3% of
the total generation capacity, and 4970 MWh of maximum
energy. We also assume that at the beginning of the time475

horizon, the energy storage unit is charged at maximum.
The charging and discharging efficiency rates are set to
96% and 85%, respectively. No transmission bottleneck is
considered.

Solar generation uncertainty scenarios are modeled based480

on data obtained from the System Advisor Model [34]. We
consider 40 equiprobable scenarios and solar spillage is al-
lowed. Figure 1 depicts the system demand considered
deterministic and the solar generation scenarios.

The parameters for the proposed decomposition tech-485

nique are set as follows: algorithm optimality tolerance
δtol = 0.3% and gap evolution tolerance δ = 0.05. The ex-
tensive formulation of this problem has 1.8178× 106 con-
tinuous variables, 3285 binary variables, and 3.917 × 106

constraints.490

Figure 2 depicts the 5 scenarios determined by the pro-
posed strategy. Such strategy is able to identify the subset
of scenarios that cover the others most of the time. Note
as well that a scenario is not necessarily going to show
the highest net demand all the time. For example, the495

scenario shown in blue shows the highest net demand in
days 1 and 2, but it has one of the smallest net demands
in the remaining days. Also, the high penetration of solar
generation induces a significant requirement of ramping
up/down capability from the thermal units.500

4.2. Computational performance

To show the effectiveness of the proposed approach, we
compare its performance with the one of a tailored Benders
decomposition, which enforces the same initial subset of
scenarios in the master problem in the first iteration, for a505

stressed system operating condition. However, unlike our
proposed decomposition technique, the tailored Benders
decomposition does not enforce more scenarios into the
master problem in the subsequent iterations. Such subset
of scenarios is selected based on the formulation presented510

in Section III.D.
The evolution of the best upper and lower bounds for

both algorithms is depicted in Fig. 3 for a risk-neutral
case (risk-averse cases behave similarly). The proposed
approach outperforms the tailored Benders decomposition515

since the former closes the gap below 0.3% in 4.58 hours
whereas the latter is unable to reduce the gap below 0.6%
in 6 hours. Note as well that the proposed algorithm, in
less than 15 minutes, is able to find a better upper bound
than the one provided by the tailored Benders decomposi-520

tion after more than 4 hours.
The comparison of the gap evolution of both algorithms

is shown in Fig. 4. The Benders’ cuts used in the tailored
Benders decomposition to approximate the second-stage
costs are highly ineffective to close the gap beyond 0.7%,525

which is depicted by the slow progress of the gap reduc-
tion. This effect is even more significant when dealing
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(a) System demand.
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(b) Solar generation scenarios.

Figure 1: Uncertainty scenarios.
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Figure 2: Scenario selection.

with larger systems, as the number of constraints needed
to approximate the second-stage costs increases. That is,
in larger systems the Benders’ cuts start being ineffective530

even at earlier iterations with higher gaps. Conversely,
the primal constraints enforced in the proposed approach
provide an effective way of reducing the gap by providing
a better approximation of the second-stage costs in the
master problem.535

Additionally, we compare the performance of the pro-
posed decomposition against a commercial solver. Using
CPLEX 12.10.0 to solve the extensive formulation of the
problem takes 2.44 hours to compute the root relaxation
and the gap of the first integer solution is 91.02%. Within540

the same time period, the proposed decomposition is able
to compute an integer solution within 0.5% optimality gap.

4.3. Deterministic vs. Stochastic Model

We compare the solution of the proposed risk-constrained
model with respect to the solution of a deterministic model.545

To this end, we consider three cases:
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Figure 3: Comparison of algorithms’ bounds evolution.

0 1 2 3 4

Time (h)

1

10

G
ap

(%
)

Tailored Benders decomposition
Proposed decomposition

Figure 4: Comparison of algorithms’ gap evolution.

� Deterministic. This case models the capacity of un-
certain weather-dependent generation as forecasted
values. We consider that such forecasted values are
determined as the expected value of the scenarios550

considered for the stochastic model.

� Risk neutral (β = 0). This case corresponds to the
solution of the two-stage stochastic problem. The
decision maker aims at minimizing the scheduling
and dispatch costs without considering any risk con-555

straint.

� Risk averse (β = 0.7). This case enforces a high level
of risk aversion to hedge against high second-stage
costs (i.e., dispatch costs) due to uncertain weather-
dependent generation.560

To compare the solution’s quality of the deterministic model
with respect to the risk-neutral and risk-averse models, we
solve the deterministic problem and then fix the scheduling
decisions in the risk-neutral stochastic model.

In Table 1, we present a detail of the costs for the three565

cases. The model approach results in a more expensive
solution, in terms of scheduling cost, balancing cost, and
CVaR of the cost, with respect to the risk-neutral problem.
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The risk-neutral case shows the lowest total costs, however,
its risk is moderate with respect to the risk-averse counter-570

part. The risk-averse case reduces the CVaR by increasing
the scheduling and balancing costs. Despite of having the
same scheduling costs, the CVaR of the deterministic and
risk-averse cases differ by 1.028 million dollars.

One of the advantages of the risk-averse model is its575

ability to reduce the unserved demand, which is materi-
alized when insufficient generation capacity is committed.
Such ability is highly desirable in the daily operation of
power grids. In Table 2, we present the average and max-
imum load shedding for the three cases. The latter one580

corresponds to the highest unserved demand seen in the
scenarios. The deterministic case shows the worst perfor-
mance in terms of mean and maximum load shedding. In
the two stochastic cases, the maximum load shedding is
the same. The risk-averse case is able to reduce the ex-585

pected unserved demand by 82% and 49% with respect to
the deterministic and risk-neutral cases, respectively.

We show the energy content of the storage unit in Fig.
5 for three selected scenarios (scenarios 1,9, and 20). The
scheduling dispatch of the energy storage units shows a590

clear charging/discharging pattern. During the peak de-
mand hours and lower weather-dependent generation vari-
ability, the storage units are discharged to supply electric-
ity whereas the unit is charged in the hours of less demand,
and high solar generation availability and variability.595

It is noteworthy that the deterministic model shows a
deeper discharge of the storage unit with respect to the
stochastic case in the three selected scenarios, which could
be detrimental on the system’s capacity to respond against
contingencies or uncertainties.600

In Fig. 6, we present the charging/discharging pattern
of the three cases for a selected scenario (scenario 1). The
different levels of risk aversion impact the scheduled dis-
patch of the storage units. For instance, the risk averse
case shows the highest usage of the storage units in terms605

of the charging cycles. The risk-neutral case shows the
shallowest charge/discharge pattern since the unit is never
charged and discharged at its maximum power level.

Note that despite not using binary variables or penalty
terms to avoid the simultaneous behavior of charging and610

discharging the energy storage units [35], our numerical
results do not show simultaneous charging/discharging be-
havior for any time period or risk-aversion level. Such si-
multaneous behavior is uneconomical since the round-trip
efficiency of pumped-hydro storage is less than 80%. Ad-615

ditionally, we do not consider network congestion since the
network is not modeled.

5. Conclusions

This paper proposes a hybrid decomposition approach
to address the weekly risk-constrained stochastic unit com-620

mitment with energy storage. The proposed solution tech-
nique relies on a multi-cut Benders framework to decom-
pose the large-scale problem into a mixed-integer linear
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(a) Scenario 1.
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(b) Scenario 9.
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(c) Scenario 20.

Figure 5: Energy content of storage unit.

master problem and many linear continuous subproblems.
Inspired by the effectiveness of the column-and-constraint625

generation algorithm, we improve the communication be-
tween the master problem and the subproblems by enforc-
ing primal constraints corresponding to a selected subset of
scenarios. Also, we provide a strategy to select such subset
of scenarios based on solving an inexpensive mixed-integer630

optimization problem.
Using an instance of the South Carolina synthetic sys-

tem with 40 scenarios, we numerically show the effective-
ness of the proposed solution approach with respect to a
tailored Benders decomposition, which enforces a subset of635

scenarios in the master problem and refines it only using
Benders’ cuts. The proposed approach outperforms the
performance of the tailored Benders decomposition and
attained a high-quality upper bound in less than 15 min-
utes in the studied instance.640

In future work, we plan to extend the proposed solu-
tion strategy to address the network- and risk-constrained
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Table 1: Total generation scheduling costs

Model
Total cost Scheduling cost Expected balancing cost CVaR

(thousands of $) (thousands of $) (thousands of $) (thousands of $)

Deterministic 23,387 8,116 15,270 16,567

Risk neutral 23,142 8,040 15,102 15,915

Risk averse 23,588 8,130 15,270 15,538

Table 2: Total unserved demand

Model
Mean Maximum

(MW) (MW)

Deterministic 1.72 259.42

Risk neutral 0.61 225.63

Risk averse 0.31 225.63

stochastic unit commitment problem. In such problem,
the proposed active set strategy to speed up the solution
time of the decomposition method can be used not only on645

the generation ramping constraints but also on the trans-
mission capacity limits.
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