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ABSTRACT To explore the benefit of energy storage for countering high-level wind power fluctuations,
a two-stage distributionally robust optimization model is proposed for wind farms and storage units (SUs)
jointly operated power systems. First, the 1-norm and ∞-norm confidence sets are presented to model
the fluctuations of wind power output, then a two-stage distributionally optimization model is formed to
minimize system total cost with secure operation constraints, where the ON-OFF status of generators and
SUs are determined in the first stage by day-ahead dispatching, while the power output of generators,
wind power curtailment, load shedding and SUs charging/discharging power are optimized in the second
stage. Afterward, the column-and-constraint generation (CCG) algorithm is presented to solve the proposed
two-stage model. Finally the influence of confidence level of confidence sets and SU capacities on system
total cost is analyzed, and the effectiveness of the proposed model is also validated by the case studies.

INDEX TERMS Distributionally robust optimization, CCG algorithm, two-stage, confidence set, storage
units.

NOMENCLATURE
T Dispatching period
G Number of generators
S Number of storage units (SUs)
D Number of loads
W Number of wind farms
K Number of branches
zg,tvg,tug,t Binary variables, zg,t = 1 stands for genera-

tor g at time t in started up status; vg,t = 1
stands for the generator g at time t in shut
down status; ug,t = 1 stands for the generator
g at time t is ON, otherwise OFF
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I scs,t , I
sd
s,t Binary variables, I scs,t = 1 and I sds,t =1 mean SU s

is charging and discharging at time t respectively
Sg,u Start-up cost of generator g
Sg,d Shut-down cost of generator g
cs Energy cycling cost of SU s
T ong Minimum up-time of generator g

T offg Minimum down-time of generator g
Pn Probability of scenario n
Pg,t Power output of generator g at time t
1ww,t Wind power curtailment of wind farm w at time t
1Dd,t Load shedding of load d at time t
psds,t Discharging power of SU s at time t
pscs,t Charging power of SU s at time t
λw,t Wind curtailment penalty price of wind farm w

at time t
λd,t Load shedding penalty price of load d at time t
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csd Price of discharging power of SU s
csc Price of charging power of SU s
Pming Minimum output power of generator g
Pmaxg Maximum output power of generator g
RUg Ramp-up limit of generator g
RDg Ramp-down limit of generator g
Fmaxij Thermal capacity of transmission line ij
K b
ij Flow distribution factor of transmission line ij

B Set for all buses
Sb SU Set at bus b
Gb Generator set at bus b
wb Wind farm set at bus b
Db Load demand set at bus b
psdmin, p

sd
max Minimum/maximum discharging power of

SU s
pscmin, p

sc
max Minimum/maximum charging power of SU s

SOCs,min, Minimum/maximum capacity of SU s
SOCs,max
psds,t , p

sc
s,t Charging/discharging power of SU s at time t

SOCs,t State of Charge of SU s at time t
SOCs,1 Initial State of Charge of SU of the

Dispatching Period
SOCs,T Finale State of Charge of SU of the

Dispatching Period
ηc, ηd Charging and discharging efficiency
Qs,rate Rated energy capacity of SU s

I. INTRODUCTION
Due to the high volatility and limited prediction accuracy
of renewable energy, wind power curtailment is still a main
concern for power system operation. In order to enhance the
accommodation level of wind power and realize the optimal
operation of power systems with uncertain wind power, the
cooperated operation of SUs and wind farms is promising to
effectively harvest wind power and improve system operation
economics.

There are two typical approaches to handle uncertainties of
wind power output including the stochastic optimization (SO)
method and robust optimization (RO) method. SO generates
a large number of scenarios based on the probability density
function of uncertain variables, and afterward transforms the
stochastic optimization problem into a large set of determin-
istic problems by scenario generation and reduction tech-
niques. Since it is difficult to obtain the exact probability
density function of uncertain variables in practice and the
calculation burden of SO also increases significantly with the
growing number of scenarios, consequently RO is developed.
In contrast, the RO method does not need the specific prob-
ability density function of uncertain variables and usually
utilizes the interval sets to describe the upper and lower
boundary of uncertain variables. However, as RO tries to
make optimal decisions in the worst scenarios, its solutions
are often very conservative. To overcome the shortcomings
of the RO and SO method, a two-stage stochastic optimiza-
tion model was implemented in [1]. [2]–[4] constructed a

multi-band uncertainty set considering the temporal correla-
tion to describe the wind/load prediction error which reduced
the conservativeness of the robust unit commitment model.

In recent years, as a hybrid variant of RO and SO, the dis-
tributionally robust optimization (DRO) model attracted
much attention and was researched for power system
operation [5]–[7]. Based on the assumption that random
variables satisfy a large set of a probability distribution,
DRO would find robust decisions for the worst probabil-
ity distribution in an ambiguity set or a confidence set.
As the conservativeness and accuracy of the DRO solution
are closely dependent on the formation of an ambiguity set,
how to model the ambiguity set is the key of DRO model,
which could be divided into two branches. 1) The first is
a moment-based method. In [8], an ambiguity set is used
to capture the uncertainty of wind power based on moment
information, and a DROmodel for unit commitment problem
is addressed by affine approximation algorithm. 2) The sec-
ond defined DRO ambiguity set contains all distributions
within a distance from the nominal distribution. Compared
with the moment-based method, the distance-based method
obtains more valuable information from the available histori-
cal data of uncertainties. [9], [10] describe uncertain variables
by distance-based ambiguity set and the model is solved by
a decomposition algorithm which shows a good performance
in terms of computation efficiency.

The above works made contributions to reducing the com-
putational complexity and improving the conservations of
power system optimal operation with uncertain renewables.
However, there is still a lack of research on the effective
reduction of wind power curtailment levels. In order to fur-
ther deal with the wind curtailment problem and guarantee
system reliability, the SU is reorganized to apply with the
electric power system because of its ability to provide rea-
sonable charging or discharging behaviors. Reference [11]
proposed a two-stage DRO model for energy and reserve
dispatch under a set of probability distributions with known
means and variances. Reference [12] collected the moment
information from wind power historical data and estab-
lished an optimal operation model for a wind power-heat
hybrid system, afterward effectively solved the model by
S-lemma theory. By using the distance-based ambiguity sets,
the dispatching cost of a hybrid system was minimized by
DRO in [13]–[15]. Reference [16] applied Kernel density
estimation to construct an ambiguous probability distribu-
tion of wind power uncertainty and finally built up a DRO
model for energy and reserve optimization. However as the
DRO model with distance-based ambiguity set is usually a
three-level programming problem, it is usually intractable to
be directly solved. Recently, a data-driven DRO model that
used the 1-norm or∞-norm confidence set for accommodat-
ing possible probabilistic distribution of concerned random
variables was proposed in [17] and later used in transmission
planning, energy storage management, and reactive power
optimization [18]–[21]. To sum up, the moment-based DRO
model is usually conservative for power system coordinated
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operation [22]–[24] while the distance-based DRO model is
with high computational complexity [25], [26].

To address conservatism and calculation issues, a two-stage
DRO model is established for wind farms and storage units
jointed operated power systems, where the 1-norm and
∞-norm confidence set is used to describe the uncertain wind
power output and taken into account in DRO constraints.
In the first stage, the ON-OFF status of generators and SUs
are determined by day-ahead dispatching, while generators’
power output, wind power curtailment and load shedding
amount are optimized in the second stage according to repre-
sentative scenarios of uncertain wind power. In order to effec-
tively solve the proposed model, the column-and-constraint
generation (CCG) algorithm is adopted to decompose the
proposed model into a master problem and sub-problems
which were addressed iteratively. Finally, the effectiveness
of the proposed two-stage DRO model is verified by the
numerical simulation. The main contributions of the paper
are two-fold as follows.

1) The uncertain wind power output is first modeled by
the 1-norm and ∞-norm confidence set, and a two-stage
distributionally robust optimizationmodel (DRO) is proposed
for wind farms and storage units jointly operated power
systems, which can compromise the operation conservative
and economic of the jointed system. Consequently, the CCG
decomposition method is also applied to efficiently solve the
proposed model.

2) Simulation results of a modified New England 39-bus
system have validated the effectiveness of the proposed DRO
model for wind farms and storage units jointed power system
economic operation; the influence of confidence level of
norm confidence set, the historical data volume, and SUs
capacities on system total cost are also analyzed comprehen-
sively in the case studies.

The paper is organized as follows. Section II intro-
duces the norm confidence set and proposes the two-stage
DRO model for wind farms and storage units jointly oper-
ated power systems, while Section III and IV apply the
linearization technique and CCG algorithm to solve the pro-
posed model. In section V, the 39-bus, 57-bus and 118-bus
systems are tested to validate the effectiveness of the pro-
posed model. Finally, the conclusion is drawn in the last
section.

II. TWO-STAGE DISTRIBUTIONALLY ROBUST
OPTIMIZATION MODEL UNDER THE NORM
CONFIDENCE SET
In this section, the two-stage DRO model based on the
1-norm and ∞-norm confidence set is built for wind farms
and SUs coordinated operation, in which the start-up and
shut-down cost, the generation cost, the wind curtailment
and load shedding cost are considered in the objective,
meanwhile the generator output limits and ramp up/down
limits, transmission line thermal capacity, wind curtailment
and load shedding limits, etc. are considered as operational
constraints.

A. NORM CONFIDENCE SETS FOR DRO MODEL
According to [17], assumeN discrete scenarios obtained from
K observations (the corresponding probability distribution of
each scenario is p0n based on the empirical distribution) which
are used to represent the uncertain wind power output. And
considering the actual probability distribution may deviate
from the historical empirical distribution, with the pre-settled
parameter θ1 and θ∞, the 1-norm and∞-norm based confi-
dence sets are defined as:

D1 =

{
P ∈ RN

+ | ‖P− P0‖1 ≤ θ1
}

=

{
P ∈ RN

+ |

N∑
n=1

∣∣∣pn − p0n∣∣∣ ≤ θ1
}

(1)

D∞ =
{
P ∈ RN

+ | ‖P− P0‖∞ ≤ θ∞
}

{
P ∈ RN

+

∣∣∣∣ max
1≤n≤N

∣∣∣pn − p0n∣∣∣ ≤ θ∞} (2)

where P = [p1,p2,...,pn] is the actual distribution vector of
uncertain variables, P0 = [p01 . . . .p

0
N ] represents the empiri-

cal distribution vector of uncertain variables.
The relationship between P and P0 under the 1-norm or
∞-norm confidence set is:

Pr {‖P− P0‖1 ≤ θ1} ≥ 1− 2N · exp (−2Kθ1/N ) (3)

Pr {‖P− P0‖∞ ≤ θ∞} ≥ 1− 2N · exp (−2Kθ∞) (4)

The right side of (3)-(4) represents the required confidence
levels, if they are denoted by α1 and α∞, (5) and (6) can be
obtained.

θ1 =
N
2K

ln
2N

1− α1
(5)

θ∞ =
1
2K

ln
2N

1− α∞
(6)

From (5)-(6), it is noted that with a growing number
of sample data K , the corresponding θ1 and θ∞ gradually
approach zero and the confidence set (1)-(2) ensures the
empirical distribution much closer to the actual distribution
of uncertain variables. Moreover for the same confidence
level (α1 = α∞), θ1 is larger than θ∞, and accordingly (5)
will be more conservative than (6) since the former would
address more fluctuations of uncertain variables. The com-
bined 1-norm and ∞-norm confidence set is formulated
as (7) [27], [28].

D =

pn
∣∣∣∣∣∣∣∣∣

pn ≥ 0∑N
n=1 Ppn = 1∑N

n=1

∣∣pn − p0n∣∣ ≤ θ1
max

1≤n≤N

∣∣pn − p0n∣∣ ≤ θ∞

 (7)

B. FIRST STAGE OF THE PROPOSED DRO MODEL
In the first stage, the day-ahead dispatching model is for-
mulated to minimize the total generator start-up/shut-up cost
by optimizing the ON-OFF status of generators. The first
stage variables are strictly decided day-ahead which is not
influenced by the uncertainty.
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The objective in the first stage is expressed as (8).

min
∑T

t=1

∑G

g=1

(
Sg,uzg,t + Sg,dvg,t

)
(8)

The constraints include the following:

ug,t − ug,t−1 ≤ zg,t ∀g ∈ G,∀t ∈ T (9)

ug,t−1 − ug,t ≤ vg,t ∀g ∈ G,∀t ∈ T (10)

zg,t + vg,t ≤ 1 ∀g ∈ G,∀t ∈ T (11)(
ug,(t+1) − ug,t

)
T ong −

∑min
{
t+T ong ,T

}
k=t+2

ug,k ≤ max
{
1,T ong

− T + t − 1
}
∀g ∈ G, ∀t ∈ 1, 2, . . . ,T − 2 (12)(

ug,(t+1) − ug,t
)
T offg −

∑min
{
t+T offg ,T

}
k=t+2

ug,k ≤ T offg

∀g ∈ G, ∀t ∈ 1, 2, . . . ,T − 2 (13)

In the above, Eqs. (9)-(11) are generator start-up and
shut-down operational constraints based on its ON-OFF sta-
tus ug,t ; Eqs. (12) and (13) represent the minimum up and
down hours for each generator.

C. SECOND STAGE OF THE PROPOSED DRO MODEL
In the second stage, with consideration of uncertain variables,
the generator power output, wind power curtailment, load
shedding and SU charging/discharging power are optimized.
And the second stage decision variables can be flexibly
adjusted for each wind output scenario to minimize the dis-
patching cost under the worst-case scenario correspond to the
uncertain wind power output.

max
Pn∈D

min
Pg,t ,Mww,t ,MDd,t ,psds,t ,p

sc
s,t

∑N

n=1
Pn ∗

[∑G

g=1

∑T

t=1
fg
(
Pg,t

)
+

∑W

w=1

∑T

t=1
λw,t1ww,t +

∑D

d=1

∑T

t=1
λd,t1Dd,t

+

∑S

s=1

∑T

t=1
(csdpsds,t+cscp

sc
s,t )
]n

(14)

where D is the hybrid 1-norm and ∞-norm confidence set
defined by (7); fg

(
Pg,t

)
= agP2g,t + bgPg,t + cg is the gen-

eration cost in quadratic form and ag, bg, cg are the fuel cost
coefficients. λw,t1ww,t is the wind curtailment cost of wind
farm w at the time t; λd,t1Dd,t is the load shedding cost of
load d at time t . csdpsds,t and cscp

sc
s,t stand for the charging and

discharging cost of SU s at time t . As the frequent charging/
discharging cycles of SU would significantly affect the life-
time of a battery, and thus the battery lifecycle constraint
is considered in the model. As indicated by experiments
in [28] and [29], the most primary determinant on battery life
is the depth of discharge (Dod) or State of Charge (SOC),
and ESS lifetime could be approximately predicted for a
given Dod or SOC. With the SOC constraint (25) in our
paper, the ESS lifetime is approximated as fixed years, and
afterward, the battery lifecycle degradation cost is amortized
for the total cost including the one-time installation cost,
annual operation and maintenance cost, and consequently,
the battery limited lifecycle is indirectly considered in the

charging/discharging power price (csd or csd ) of a battery
energy storage unit.

The operation constraints include the following.

ug,tPming ≤ Pg,t ≤ ug,tP
max
g ∀g,∀t (15){

Pg,t − Pg,t−1 ≤ RUgug,t−1 + Pmaxg
(
1− ug,t−1

)
Pg,t−1 − Pg,t ≤ RDgug,t + Pmaxg

(
1− ug,t

) (16)

−Fmaxij ≤

∑
b∈B

K b
ij

(∑
g∈Gb

Pg,t +
∑

s∈Sb

(
psds,t−p

sc
s,t

)
+

∑
w∈wb

(
Ww,t−1Ww,t

)
−

∑
d∈Db

(
Dd,t−1Dd,t

))
≤Fmaxij

(17)∑
b∈B

[∑
g∈Gb

Pg,t+
∑

s∈Sb

(
psds,t−p

sc
s,t

)
+

∑
w∈wb

(
Ww,t

− 1Ww,t
)]
=

∑
b∈B

∑
d∈Db

(
Dd,t −1Dd,t

)
(18)

0 ≤ 1Ww,t ≤ Ww,t (19)

0 ≤ 1Dd,t ≤ Dd,t (20)

I sds,tp
sd
min ≤ p

sd
s,t ≤ I

sd
s,tp

sd
max (21)

I scs,tp
sc
min ≤ p

sc
s,t ≤ I

sc
s,tp

sc
max (22)

I sds,t + I
sc
s,t <= 1 (23)

SOCs,t = SOCs,t−1 +

(
pscs,tηc −

psds,t
ηd

)
/Qs,rate

SOCs,T = SOCs,1

 (24)

SOCs,min ≤ SOCs,t ≤ SOCs,max (25)

In the above formulation, (15) limits the maximum/
minimum power output of generator g. (16) represents
the ramping up/down capacity limits of generator g. (17)
is the thermal capacity constraint for transmission line
ij. (18) ensures power balance constraint. The upper and
lower bounds of wind power curtailment and load shed-
ding are enforced by (19-20). Constraints (21-22) define the
maximum/minimum charging/discharging power limits of
SU. (23) is the mutually exclusive conditions for the charging
and discharging status. Constraint (24) represents the state of
charge (SOC) of SU s during successive hours. The amount
of SOC is limited in (25).

In addition, since the scenarios representing the uncertain-
ties in sub-problems (15)-(25) are independent of each other,
it is not necessary to dualize the sub-problems and a parallel
computation strategy can be used to improve the solution
efficiency.

III. LINEARIZATION OF THE PROPOSED MODEL
The proposed two-stage DRO model set up in Section II
includes the absolute term in the confidence set (7),
the quadratic term fg

(
Pg,t

)
= agP2g,t + bgPg,t + cg in

generation cost (12). It is difficult to solve the proposedmodel
with such non-linear terms and thereby a proper linearization
technique is presented to solve the model.

A. LINEARIZATION OF CONFIDENCE SET
To handle the absolute term in confidence set (7), the binary
auxiliary variables z+n z

−
n , y
+
n y
−
n are introduced to transform
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the 1-norm and ∞-norm constraints into a linear form.
If denoted P+n = Pn − P0n and P

−
n = P0n−Pn, the confidence

set (7) could be rewritten by (26)-(33) [11].∑N

n=1
P+n + P

−
n ≤ θ1 (26)

z+n + z
−
n ≤ 1 (27)

0 ≤ P+n ≤ z
+
n θ1 (28)

0 ≤ P−n ≤ z
−
n θ1 (29)

P+n + P
−
n ≤ θ∞ (30)

y+n + y
−
n ≤ 1 (31)

0 ≤ P+n ≤ y
+
n θ∞ (32)

0 ≤ P−n ≤ y
−
n θ∞ (33)

B. LINEARIZATION OF GENERATOR COST
The quadratic generator cost is transformed into a linear
form by using the piecewise linear technique [31] to divide
generator power output into M segments, and the fuel cost
fg
(
Pg,t

)
= agP2g,t + bgPg,t + cg can be transformed

into (34)-(37).

fg
(
Pg,t

)
=

∑M

m=1
Kg,mηmg,t+ug,t

(
ag · Pmin2g +bgPming +cg

)
(34)

s.t. Pg,t =
∑M

m=1
ηmg,t + ug,tP

min
g (35)

0 ≤ ηmg,t ≤ ug,tηmaxg (36)

ηmaxg =

(
Pmaxg − Pming

)
/M (37)

Kg,m is the incremental cost of generator g at segment m,
ηmg,t is the power output of generator g at segment m, ηmaxg is
the maximum power output of generator g.

IV. CCG ALGORITHM FOR SOLVING THE
PROPOSED MODEL
In this section, the CCG algorithm is introduced to solve
the proposed two-stage DRO model by decomposing it
into a master problem and sub-problems, which are iter-
atively solved until the convergence condition is satisfied.
For description convenience, the proposed DRO model is
expressed in a compact matrix form in the following.

A. MASTER PROBLEM FORMATION OF DRO MODEL
The master problem (38) optimizes the generator ON-OFF
status under the worst scenario identified by the sub-problem,
and solutions of the master problem will be updated as the
lower bound of the original DRO model.

min
x
aT x + max

Pn∈D

∑N

n=1
Pn min

y∈�(x,w)

(
bT y

)n
(38)

s.t. Ax ≤ d (39)

where x stands for the first stage decision variables which
are decided ahead of the operation including the gen-
erator ON-OFF status ug,t ; y is the second stage deci-
sion variable representing the generator power output Pg,t ,
the wind curtailment 1ww,t , the load shedding 1Dd,t ,

the charging/discharging power psds,t /p
sc
s,t and SU charging/

discharging status I scs,t /I
sd
s,t ; ξ is the wind power output sub-

jected by the set D. The first part aT x of (38) represents the
sum of generator start-up/shut-down cost corresponding to
Eq. (8); the second part of (38) is the compact form of Eq. (14)
for the generation cost, wind curtailment cost, load shedding
cost, and charging/discharging cost, where [∗]n is the optimal
solution in scenario n. Constraint (39) is the compact form
of (9)-(15).

B. SUB-PROBLEM FORMATION OF DRO MODEL
When the ON-OFF status of generators is determined in
the master problem, the sub-problem will identify the worst
probability distribution and provides an upper bound for the
original DRO model.

max
Pn∈D

∑N

n=1
Pn min

y∈�(x,w)

(
bT y

)n
(40)

s.t. Bx + Cyn + Dξn ≤ f (41)

where f is the corresponding vector and B,C,D are the
corresponding coefficient matrices determined by (15)-(25).

It is evident that the sub-problem (40-41) is with a
two-layer max-min structure, and is difficult to be solved
directly. Due to the independence of representative scenar-
ios in sub-problems, a dual-free parallel solution strategy is
adopted in this paper [21]. Assume k(n) = min

y∈�(x,w)

(
bT y

)n,
model (40-41) can be transformed into (42)-(44).

V = max
Pn∈D

∑N

n=1
Pnk (n) (42)

s.t. k (n) = argmin
(
bT y

)n
(43)

Bx + Cyn + Dξn ≤ f (44)

Afterward, the above problem is solved by the following
steps:

1) First, find the optimal solution for a single scenario n:

Bx + Cyn + Dξn ≤ f (45)

x + Cyn + Dξn ≤ f (46)

2) After obtaining k (n)∗ for N scenarios, optimize
sub-problem (47).

max
Pn∈D

∑N

n=1
Pnk (n)∗ (47)

If the sub-problem is infeasible, add the decision variable
ynl and the feasible cut constraint (48) to the master problem.

Bx + Cynl + Dξ
n
≤ f 1 ≤ l ≤ U 1 ≤ n ≤ N (48)

where U means the number of feasible cuts.
If the sub-problem is feasible, add the decision variable ynl

and the optimal cut (49)-(50) to the master problem.

ψ ≥
∑N

n=1

(
Pln
)∗ (

bT ynl
)

1 ≤ l ≤ V (49)

Bx + Cynl + Dξ
n
≤ f 1 ≤ l ≤ V 1 ≤ n ≤ N (50)

where V is the number of optimal cuts.
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C. STEPS OF CCG ALGORITHM FOR PROPOSED
TWO-STAGE DRO MODEL
1) Initialize the number of iteration as k = 0; set the lower
bound as UB = +∞ and the lower bound as LB=0;
2) Solve the main problem (51) with the constraint (52)

min
x,ψ

aT x + ψ (51)

s.t.


Ax ≤ d
feasible cut
optimal cut

(52)

Get the optimal solution x∗k+1, ψ
∗

k+1,
(
ynl
)∗
,∀l,∀n, and

update the lower bound LB = aT x∗k+1 + ψ
∗

k+1;
3) Solve the sub-problem
Based on the solutions x∗k+1 of the master problem, solve

the sub-problem (45-46) in parallel to get the optimal value
k (n)∗1 ≤ n ≤ N for all scenarios; afterward return k (n)∗

to equation (47) and calculate the optimal solution of the
sub-problem as V ∗k+1, then update the upper bound UB =
min

{
UB, aT x∗k+1 + V

∗

k+1

}
, if the optimal solution doesn’t

exist, the feasible cut is formulated based on (48).
4) Check the convergence condition. If the condition∣∣LB−UB
LB

∣∣ ≤ ε is satisfied, terminate the program; otherwise,
update k = k+1 and go to step 2).

V. CASE STUDY
A modified IEEE 39-bus system is used to test the pro-
posed DRO model for wind farm and storage unit jointly
operated power systems, where a wind farm and a stor-
age unit are connected at nodes 29 and 14 respectively.
Parameters of generators and SUs, the predicted wind power
output and load demands are shown in TABLE 10-13 of
the appendix. The prices of wind power curtailment and
load shedding are 10 $/MWh and 1000 $/MWh respectively;
the SU energy cycling price cs is set as 30$/MWh, and its
charging/discharging power price csd /csc is 100$/MWh. Then
the IEEE 57-bus system and 118-bus system are carried out
to verify the scalability of the proposed model for largescale
systems. The data of the 57-bus system can be found in [32].
The wind farms are located at buses 39 and 45, while SUs are
connected at buses 26 and 48. The data of the IEEE 118-bus
system is available in http://motor. ece.iit.edu/data/ included
54 traditional generators and 186 transmission lines. The two
wind farms are installed on buses 15 and 49. A SU with the
same parameters used in the 39-bus system is connected at
bus 69.

When historical data volume K of the uncertain wind
power is 100 and the number of scenarios N is set as 10,
the optimized ON-OFF status of the 10 generators are shown
in Fig. 1 with the corresponding power output demonstrated
in Fig. 2 for one representative scenario.

To verify the effectiveness of the proposed DRO model,
the SO model [33] and RO model [34] are also solved
for comparisons, and the corresponding costs are detailed
in Table 1. In specific, the second-stage problem of RO

FIGURE 1. Optimized ON and OFF status of 10 generators.

FIGURE 2. Output power of 10 generators for one scenario.

TABLE 1. Comparisons of DRO, RO and SO solutions.

model include the binary variables which are not supported
by the strong dually, thus the problem is solved by nested-
C&CG [35]. As shown in Table 1, the total cost of DROmodel
is lower than RO, but higher than SO. This is because thewind
power output in SO follows a normal distribution, and it is
only part of the possible distribution of the confidence set of
DRO; while the RO model intends to get a solution under the
worst scenario for a given uncertain set of wind power output,
so DRO model arrives at a compromise solution compared
with the RO and SO models.

To verify the impact of wind power historical data vol-
ume on system total cost, the number of historical data K
is varied from 10 to 2000, and the corresponding system
total cost solved by the DRO is shown in Fig 3. With a
growing number K of wind power historical data, the system
total cost of DRO under the combined 1-norm and∞-norm
confidence set continues to decrease. This is because the
probability deviations of the uncertainty variables θ1 and θ∞
decrease accordingly with the growing number of historical
data, resulting in decreased fluctuations of wind power output
and consequently the system total cost is reduced.

In order to investigate the impacts of the confidence level
of wind power uncertain output on system total cost, keep α∞
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FIGURE 3. Total cost for varied number of wind power historical data.

as 0.95 and change α1 from 0.5 to 0.1, the system total cost
constrained by the single∞-norm and the 1-norm united∞-
norm confidence set is given in Table 2. While α1 remains
at 0.99, the total cost under different confidence set with
changed α∞ is listed in Table 3.

TABLE 2. Cost Comparisons between ∞-norm confidence set and under
1-norm united ∞-norm confidence set.

TABLE 3. Cost Comparisons between 1-norm confidence set and under
1-norm united ∞-norm confidence set.

As shown in Table 2-3, the wind farm and SU jointed oper-
ation model under the 1-norm united∞-norm confidence set
exhibits the lowest total cost compared with the model with
the separated 1-norm or∞-norm confidence set. The under-
lying reason is that for the combined 1-norm and ∞-norm
confidence set, the uncertainty of the wind power output is
decreased and alleviated, resulting in a smaller scale of wind
curtailment, load shedding and charging/discharging power
to cope with the uncertainties, and thus the system total cost
is reduced. Furthermore though the∞-norm confidence level
α∞ for table 2 equals the 1-norm confidence α1 for table 3,
the total cost under the 1-norm confidence set is larger than
that of∞-norm confidence set. As θ1 is larger than θ∞ for the
same confidence level (α1 = α∞) according to Eqs. (5)-(6),
the 1-norm confidence set is more conservative than the
∞-norm confidence set. What’s more, with the decreased

TABLE 4. Total cost under different probabilistic distributions and
confidence levels of α∞.

TABLE 5. Total cost under different probabilistic distributions and
confidence levels of α1.

confidence level α∞ or α1, the system total cost decreases
accordingly, because when the confidence level goes down,
the confidence set becomes smaller and is less conservative.

Table 4 and Table 5 further demonstrate the system total
cost for different probabilistic distributions with varying con-
fidence levels. It shows that for any of the probabilistic
distribution, the system total cost always decreases with the
reduced confidence level. This implies that the reduced confi-
dence level leads to the decreased uncertainty of wind power
output, and thus requires a smaller amount of flexible power
output of generators and fast-response charging/discharging
power of SU to balance the fluctuation of wind power.
What’s more, the model is distribution-free and can be used
for wind power uncertainties satisfying various probabilistic
distributions.

TABLE 6. The comparison between the joint system and wind farm
system.

In order to validate the effectiveness of SU, the independent
operation of a wind farm is compared with the proposed wind
farm and SU jointly operated model. With confidence levels
α1 and α∞ kept at 0.9, the load shedding cost, wind curtail-
ment cost, and system total cost are demonstrated in Table 6.
From Table 6, compared with the wind farm independent
operation mode without any SU, the load shedding cost,
the wind curtailment cost and system total cost significantly
decreased for the wind farm and SU jointed operation model.
As SU could perform charging and discharging properly to
reduce wind curtailment and load shedding, SU effectively
improves wind power accommodation level. For the confi-
dence level fixed as 0.95 and N as 10, the detailed charging/
discharing power and SOC of SU during 24 hours are shown
in Fig.4 and Fig.5. When the system load demand is at the
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FIGURE 4. SU Charging/Discharging power during 24 hours.

FIGURE 5. Charging/discharging power and SOC of SU.

valley while wind power output is around the peak during
2:00-4:00, SU is properly charged; while for the peak load
and valley wind power period 11:00-12:00, SU displays rea-
sonable discharging behaviors. These results indicate that the
SU could reduce the load peak-valley variations and ensures
the smooth operation of conventional generators with lower
operation costs, and thus SU effectively explores the energy
shift arbitrage to reduce the system total cost.

FIGURE 6. Costs with different wind power penetration levels.

To investigate the influence of different wind power pen-
etration levels on the system operation cost, the simulations
are conducted for varied wind power penetration increasing
from 0.1 to 0.3, while the energy storage cost, the load
shedding cost, and the system operation costs, etc. are shown
in Fig.6 accordingly.

TABLE 7. Costs under varied charging/ discharging power limits.

FIGURE 7. Costs for different SU capacity.

In Fig.6, with the higher wind power penetration, the units
operation cost, the loading shedding cost and total cost are all
decreased. Because of the more wind power output, the sys-
temwould support more load demand without running a large
number of conventional generators to guarantee the power
balance. As for the wind curtailment cost, it maintains zero
at first which means the system has fully accommodated
wind power output. And then as the wind power penetration
increases, the system needs to abandon a certain amount
of wind power output thus leading to the increase of wind
curtailment cost. The energy storage cost tends to grow and
then stay saturated as the wind power penetration rises. This
is because the increased wind power penetration brings more
uncertainty, the energy storage unit performsmore reasonable
charging/discharging behaviors to deal with uncertainty. But
when the wind power penetration reaches 0.33, the system
cannot absorb any more uncertain energy due to the capacity
of energy storage exhausted.

Table 7 shows the costs under different charging/
discharging power limits. As the unit maximum charging/
discharging power increases, the total cost and loading shed-
ding cost are reduced at first. At the same time, the energy
storage cost becomes higher. This is because the increased
unit charging/discharging power of SU enables the system
to absorb more wind power and reduce the loading shedding
amount. But when energy storage reaches a saturated state
with exhausted energy capacity, further increasing the SU
maximum charge and discharging power can no longer bring
higher economic benefits.
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TABLE 8. Computational efficiency comparisons of two methods.

TABLE 9. Dispatching cost of the 57-bus system and 118-bus system.

TABLE 10. Load demands in 24 hours.

In Fig.7, the system total cost is also investigated for differ-
ent capacities of SU. As shown in Fig.7, the system total cost
decreases as the SU capacity increases due to its enhanced
energy shift capability. Moreover, the larger SU capacity is
helpful to reduce the loading shedding cost. Since the rapid
charging/discharging capability of SU could enhance the joint
system operation flexibility, a larger SU alleviates the load
shedding to balance wind power fluctuations.

To verify the computational performance, the comparison
is presented in TABLE 8. It can be observed that the com-
putation time taken by the DRO model is always lower than
those of the RO algorithm for the three systems. Concerning

TABLE 11. Operation limits of 10 generators.

TABLE 12. Cost parameters of 10 generators.

TABLE 13. SU Operation parameters.

DRO, when the system scale is enlarged with a growing
number of decision variables and constraints, the time cost of
DRO is slightly increased but still satisfied for the day-head
dispatching application. Thus it can be concluded that the
proposed algorithm is computationally efficient.
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We further test the scalability of the approach for
large-scale systems. The operation costs of DRO and RO for
the 57-bus and 118-bus systems are listed in Table 9, and it
is clear that the DRO model has a lower total operation cost,
which implies that the DRO approach could provide a very
economic operation strategy for different scale systems.

VI. CONCLUSION
In this paper, the uncertain wind power is first modeled
by the combined 1-norm and ∞-norm confidence set, and
then a two-stage distributionally robust optimization model
is proposed for wind farm and storage unit jointly operated
power system. Afterward, the CCG decomposition algorithm
is applied to efficiently solve the presentedmodel. Simulation
validates that, 1) The proposed distributionally robust opti-
mization model could make a compromise solution between
RO and SO model; 2) With the increased confidence level of
the uncertain wind power output, the joint system needs to
dispatch more output power of flexible generators, and wind
curtailment as well as load shedding, the system total cost
thus increases accordingly; 3) SU could effectively reduce the
cost of wind power curtailment and load shedding as well as
system total cost through properly charging and discharging
behaviors. This paper mainly takes into account the active
power-related constraints, and the reactive power constraints
which may also have influences on the optimal solution
would be considered in the future for establishing a refined
model.

APPENDIX
See Tables 10–13.
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