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Wind power generation has been widely deployed in the modern power system due to the issues of energy crisis and environment
pollution. Meanwhile, the microgrid is gradually regarded as a feasible way to connect and accommodate the distributed wind
power generations. Recently, more research studies also focus on incorporating various energy systems, for example, heat and gas
into the microgrid in terms of satisfying different types of load demands. However, the uncertainty of wind power significantly
impacts the economy of the integrated power-heat-gas microgrid. To deal with this issue, this paper presents a two-stage robust
model to achieve the optimal day-ahead economic dispatch strategy considering the worst-case wind power scenarios. *e first
stage makes the initial day-ahead dispatch decision before the observation of uncertain wind power. *e additional adjustment
action is made in the second stage once the wind power uncertainty is observed. Based on the duality theory and Big-M approach,
the original second-stage problem can be dualized and linearized.*erefore, the column-and-constraint generation algorithm can
be further implemented to achieve the optimal day-ahead economic dispatch strategy for the integrated power-heat-gas
microgrid. *e experimental results indicate the effectiveness of the presented approach for achieving operation cost reduction
and promoting wind power utilization. *e robustness and the economy of the two-stage robust model can be balanced, of which
the performances significantly outperform those of the single-stage robust model and the deterministic model.

1. Introduction

Currently, the generations of the intermittent energy re-
sources (IER), especially the wind power generations, have
been widely deployed in the modern power system due to
energy crisis and environment pollution [1, 2]. Meanwhile,
the microgrid (MG) has been admitted as a feasible way to
connect and accommodate the distributed wind power
generations. In research studies [3–5], MG has been proved
that it has remarkable ability to reduce the investment cost
and the operation cost effectively. Recently, research studies
[6–13] have also focused on incorporating various energy
forms into MG to compose integrated energy-based MG,
which is able to satisfy multiple energy demands simulta-
neously and has great potential to further accommodate IER.

However, there are two natural characteristics of wind
challenge of the MG-based distributed wind power gener-
ation.*e first one is that the uncertainty of wind powermay

impact the economy of the system operation because of the
wind power curtailment [14]. *e second one is that the
wind power is relatively plentiful at night when the elec-
tricity load is relatively low [6]. *erefore, to even out the
wind power uncertainty and promote the wind power uti-
lization, research studies claimed that the integration of
additional energy equipments and technologies in MG is
capable of storing or converting excessive wind power, thus
effectively reducing the additional cost of wind power
spillage [7–13]. For example, researchers in [7, 8] pointed
out that the cooperation of the energy storage system (ESS)
and the heat storage system (HSS) successfully improves the
flexibility of the combined heat and power (CHP) system
and the wind power accommodation capability. Nielsen
et al. [9] claimed that the deployment of the electric boiler
(EB) effectively promotes the wind power utilization and
reduces the operation cost by converting wind power to heat
energy. Researchers in [10, 11] reported that the
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employment of the power-to-gas (PtG) device converting
unconsumed wind power to natural gas is highly capable of
reducing the wind power spillage in the integrated power
and gas system. Recently, studies have concentrated on the
integrated power-heat-gas MG [12, 13, 15]. *eir experi-
mental results showed great significance with deploying ESS,
HSS, PtG, and EB simultaneously in the power-heat-gas MG
regarding the effective wind power utilization.

Although novel energy equipments and technologies are
helpful for utilizing wind power, it should be realized that
the uncertainty of wind power may affect the economic
operation of MG due to imprecise prediction of wind
[16–19]. Day-ahead ED determines the optimal allocation of
the outputs of the controllable generators (CG) [19].
*erefore, day-ahead economic dispatch (ED) [19, 20] can
be an effective solution to improve the economy of the
integrated power-heat-gas MG involving wind power gen-
erations [21–24]. Among a wide variety of ED approaches,
heuristic algorithms and mathematical optimization ap-
proaches have been regarded as the most effective solutions
for achieving the optimal ED strategy. For example, re-
searchers in [25, 26] employed the differential evolution
technique and the real-coded genetic algorithm to study the
optimal ED problem for a CHP system, respectively.
However, two main disadvantages of the heuristic algo-
rithms cannot be simply neglected [27, 28]. *e first one is
that the heuristic algorithms often suffer from local optimal
issue. *e second one is that the computational time is
unstable. Consequently, the mathematical optimization
approaches have been widely researched [21–32] due to its
advantages of computational efficiency and global optimal
solution guarantee.

Li et al. [21] presented a deterministic optimal ED
model for a power-gas system. However, in their research,
the uncertainty of wind power is not considered, which
results in the accuracy loss issue of their optimization. Li
et al. [13] further presented a stochastic optimization (SO)
approach to achieve the optimal ED strategy for an in-
tegrated power-heat-gas MG involving the wind power
uncertainty. However, Li et al. and Bertsimas et al. [22, 23]
pointed out that SO requires explicit and accurate dis-
tributions of the uncertainty which is an extreme difficulty
in wind prediction. As a result, robust optimization (RO)
that needs no accurate distributions of the uncertainty has
been incrementally adopted in power system research
studies to carry out the optimization tasks [16, 29–32].
Peng et al. [29] employed a single-stage robust optimi-
zation model to deal with the uncertainties of wind power
and load demand. However, the research reported that the
single-stage robust optimization tends to be overconser-
vative. *erefore, the two-stage robust optimization model
with “min-max-min” structure has been studied in
[16, 30–32] to deal with the uncertainty issues. For ex-
ample, Sun et al. [30] employed a two-stage RO to in-
vestigate the unit commitment problem for a system with
uncertain wind power. Liu et al. [31] introduced a two-
stage RO to achieve cooptimization of energy and reserve
dispatch for an integrated power and gas system. Peng and
Liu [16] presented a two-stage robust hydrothermal-wind

ED model to improve the flexibility of the power system
operation. According to the results of above researches
although RO has successfully solved unit commitment
[30], cooptimization of energy and reserve [31], energy
management [32], and day-ahead ED problems [16], few
research studies have investigated the potential of RO in
enabling optimal day-ahead ED for the integrated power-
heat-gas MG.

Motivated by the aforementioned research studies, this
paper employs RO as the underlying approach to achieve the
optimal day-ahead ED strategy for the integrated power-
heat-gas MG involving the uncertain wind power. Firstly, a
two-stage EDmodel is presented. In the first stage, the initial
day-ahead decision is made before the realization of the
wind power uncertainty. Once the uncertainty is observed,
the additional corrective action is decided in the second
stage to compensate the power imbalance. Secondly, re-
garding the nature characteristics of the wind power, an
uncertainty set is constructed to describe the uncertainty of
wind power. *irdly, the strong duality theory and Big-M
theory are employed to transform the original two-stage
model into a mixed-integer linear problem (MILP). As a
result, the original model is able to be solved directly by
using the column-and-constraint generation (C&CG)
algorithm.

*e rest of the paper is organized as follows: Section 2
constructs the two-stage model for the integrated power-
heat-gas MG involving the uncertain wind power; Section 3
constructs the uncertainty set of wind power and presents
the model solution; Section 4 shows and discusses the ex-
periment results; Section 5 concludes the paper.

2. Two-Stage Day-Ahead ED for the Integrated
Power-Heat-Gas MG

2.1. Objective Function. *is paper focuses on achieving the
optimal day-ahead ED strategy for integrated power-heat-
gas MG involving the uncertain wind power. Firstly, the
structure of the researched MG is illustrated in Figure 1.

*e two-stage robust model can be presented as the
following equation:

min
x

Cda(x) + max
u

min
y

C+
da(x, u, y) 

s.t. Ada(x) � 0, A+
da(y) � 0.

(1)

In equation (1), x represents the first-stage dispatch
variables. *e details of x are listed in Table 1. Cda is the day-
ahead operation cost of MG, which is made before the
observation of the uncertain wind power. *e details of Cda
are shown in the following equation:

Cda � 
T

t�1
λgas(t)Ggas(t) + aFC · PFC(t) + bFC · SFC(t)

− λsellGrid(t)P
sold
Grid(t) + λbuyGrid(t)P

purchased
Grid (t) + λwind(t)

· Pforecasted(t) − Pfirstwind(t)( ,

(2)
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where aFC and bFC are the coefficients of the fuel cell (FC);
SFC represents the ON/OFF status of FC; λgas is the price of
the natural gas; λbuyGrid and λsellGrid are the prices of the sold and
purchased power with the grid; Psold

Grid and P
purchased
Grid represent

the sold and purchased power; and Pfirstwind and Pforecasted
represent the scheduled wind power in the first stage and the
forecasted wind power, respectively.

Cda consists of the operation cost of FC, the cost of the
natural gas consumption, the benefit of the interactionwith the
grid, and the penalty cost of the wind power curtailment [33].

*e first-stage strategy only considers the forecasted
value of the wind power. However, the imprecise prediction
may lead to power imbalance in the power-heat-gas MG.
*erefore, in the second stage, the decision C+

da is the ad-
justment action after the observation of the wind power
uncertainty.

Additionally, in equation (1), the second-stage max
function searches for the worst-case scenarios which rep-
resents that the wind power is the most insufficient. *e
inner layer min function minimizes the adjustment cost
under the discovered worst-case scenarios. u stands for the
wind power. y is the second-stage adjustment variables. *e
details of y are listed in Table 2. C+

da is shown in the following
equation:

C
+
da � 

T

t�1
λupCG · P

up
CG(t) + λdownCG · P

down
CG (t) + λupgas · G

up
gas(t)

+ λdowngas · G
down
gas (t) + λsoldBalance(t)P

sold
Balance(t)

− λpurchasedBalance (t)P
purchased
Balance (t) + λwind(t)

· P
s
wind(t) − Psecondwind(t)( ,

(3)

where and λdownCG are the prices of the up/downregulation of
CG; λupgas and λ

down
gas are the prices of the up/downregulation of

the natural gas supply; and Ps
wind is the uncertain wind

power.
C+
da consists of the additional adjustment cost of CG, the

additional adjustment cost of natural gas supply, the ad-
justment cost of the exchange power with the grid, and the
penalty cost of the wind curtailment once the uncertain wind
is observed. In this paper, CG represents FC, microturbine,
EB, and PtG.

Ada (·) and A+
da(·) in equation (1) represent the first-

stage constraints and adjustment constraints, respec-
tively. *e details of these constraints are discussed in
Section 2.2.

Power demand

Heat demand

Gas demand

Power grid Fuel cell

CHP unit
(microturbine)

Natural gas

Electric boiler PtG device

Power flow
Heat flow
Natural gas flow

Wind turbine Energy storage

Heat storage

Figure 1: *e structure of the power-heat-gas MG.

Table 1: Details of the day-ahead dispatch scheduling variables.

Name Abbreviation
Output of the fuel cell PFC
Consumption of gas supply Ggas
Sold power with the power grid Psold

grid

Purchased power with the power grid P
purchased
grid

Wind power Pfirstwind

Table 2: Details of the adjustment scheduling variables.

Name Abbreviation
Up/downregulation of CG P

up
CG, Pdown

CG
Up/downregulation of natural gas G

up
CG, Gdown

CG
Adjustment of sold power Psold

Balanced

Adjustment of purchased power P
purchased
Balanced

Actual wind power Psecondwind
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2.2. Constraints

2.2.1. First-Stage Constraints

(1) Energy Balance Constraints. *e energy balances for
various types of energies in the integrated power-heat-gas
MG are guaranteed as follows:

PFC(t) + PMT(t) + P
dis
ESS(t) + Pfirstwind(t) + P

purchased
Grid (t) � PPtG(t) + Pload(t) + PEB(t) + P

sold
Grid(t) + P

ch
ESS(t),

QMT(t) + Q
dis
HSS(t) + QEB(t) � Qload(t) + Q

ch
HSS(t),

Ggas(t) + GPtG(t) � Gload(t) + GMT(t),

(4)

where Pdis
ESS and Pch

ESS are the discharging/charging power of
ESS; PMT is the power output of the microturbine; PPtG and
PEB are the electric power consumed by PtG and EB; Qdis

HSS
and Qch

HSS are the discharging/charging power of HSS;
Pload, Qload, and Gload are the electric, heat, and gas load
demands, respectively; QMT and QEB are the heat energy
generated by the microturbine and EB; Ggas is the total
amount of supplied natural gas; GMT is the gas con-
sumption of the microturbine; and GPtG is the gas gen-
erated by PtG.

In our model, the microturbine is a back-pressure CHP
which generates electric power by consuming natural gas. Its
converting ratio of the electric and heat power output is a
constant value [34]. *erefore, QMT, PMT, and GMT can be
presented in the following equation:

QMT(t) � ηMT · PMT(t),

PMT(t) � ηgas · GMT(t),
(5)

where ηMT is the constant ratio of converting the electric and
heat power output; ηMT is the converting efficiency of the gas
consumption and the electricity output; similarly, GPtG and
QEB can also be calculated as follows:

GPtG(t) � ηPtG · PPtG(t),

QEB(t) � ηEB · PEB(t),
(6)

where ηPtG and ηEB represent the conversion efficiency of
PtG and EB. In this paper, ηMT, ηgas, ηPtG, and ηEB are equal
to 0.9, 0.85, 0.85, and 0.8, respectively [12, 34–37].

(2) CG Constraints. *e constraints of CG include
ramping rate and the limit of power output, as shown as
follows:

0≤PCG,i(t)≤ SCG,i(t) · P
max
CG,i, (7)

−RCG,i ≤PCG,i(t) − PCG,i(t − 1)≤RCG,i, (8)

where Pmax
CG,i represents the maximum power output of the ith

CG; R
up
CG,i is the maximum ramping rate of the ith CG; and

SCG,i represents the ON/OFF status of CG.

(3) Storage System Constraints. *e storage system (SS)
mainly includes ESS and HSS. In each hour t, the energy
balance of SS can be constrained as follows:

ESS,i(t) � ESS,i(t − 1) + P
ch
SS,i(t)ηchSS,i −

Pdis
SS,i(t)

ηdisSS,i

, (9)

0≤P
ch
SS,i(t)≤P

ch,max
SS,i S

ch
SS,i(t),

0≤P
dis
SS,i(t)≤P

dis,max
SS,i · 1 − S

ch
SS,i(t) ,

(10)

where ESS,i is the stored energy of the ith SS; Pdis
SS,i and Pch

SS,i are
the discharging/charging power of the ith SS; ηchSS,i and ηdisSS,i

are the charging and discharging rates; Pdis,max
SS,i and Pch,max

SS,i

are the upper bounds of the allowable discharging/dis-
charging power; and SchSS,i is a binary variable, which rep-
resents the ON/OFF status of charging mode.

Moreover, the final stored energy should be equal to
its initial stored energy, as shown in the following
equation:

ESS,i(T) � ESS,i(0). (11)

(4) Interaction Constraints. *e exchange power between
MG and the power grid should be limited as follows:

0≤P
purchased
Grid (t)≤P

max
Grid · S

purchased
Grid (t),

0≤P
sold
Grid(t)≤P

max
Grid · 1 − S

purchased
Grid (t) ,

(12)

where Pmax
Grid is the maximum exchange power with the grid

and S
purchased
Grid is a binary variable, which represents the ON/

OFF status of the purchasing mode.

(5) Wind Power Constraint. *e scheduled wind power in
the first stage should not exceed the forecasted wind power
[30], as shown in the following equation:

0≤Pfirstwind(t)≤Pforecasted(t). (13)

2.2.2. Adjustment Constraints

(1) Energy Balance Constraints. Once the uncertain wind
power is observed, the second-stage decision should bemade
to compensate the power imbalance inMG. Power, heat, and
gas energy balances should be satisfied after the adjustment
action in the second stage as shown in the following
equation:
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PFC(t) + P
up
FC(t) − P

down
FC (t) + PMT(t) + P

up
MT(t) − P

down
MT (t) + P

dis,adjust
ESS (t) + Psecondwind(t) + P

purchased
Grid (t) + P

purchased
Balance (t)

� PPtG(t) + P
up
PtG(t) − P

down
PtG (t) + Pload(t) + PEB(t) + P

up
EB(t) − P

down
EB (t) + P

sold
Grid(t) + P

sold
Balance(t) + P

ch,adjust
ESS,i (t),

QMT(t) + Q
up
MT(t) − Q

down
MT (t) + Q

dis,adjust
HSS (t) + QEB(t) + Q

up
EB(t) − Q

down
EB (t) � Qload(t) + Q

ch,adjust
HSS (t),

Gsupply(t) + G
up
supply(t) − G

down
supply(t) + GPtG(t) + G

up
PtG(t) − G

down
PtG (t)

� GMT(t) + G
up
MT(t) − G

down
MT (t) + Gload(t),

(14)

where P
up
MT, P

up
FC, P

up
PtG, P

up
EB, Pdown

MT , Pdown
FC , Pdown

PtG , and Pdown
EB

are the up/downregulation power output of the micro-
turbine, FC, PtG, and EB; Q

up
MT, Q

up
EB, Qdown

MT , and Qdown
EB are

the up/downregulation heat output of the microturbine and
EB; Gup

gas, G
up
PtG, Gdown

gas , and Qdown
PtG are the up/downregulation

gas output of the gas supplier and PtG;Pch,adjust
ESS , P

dis,adjust
ESS ,

Q
ch,adjust
HSS , and Q

dis,adjust
HSS are the charging and discharging

power of ESS and HSS after the adjustment.

(2) Regulation Constraints

SCG,i(t) · 0≤PCG,i(t) + P
up
CG,i(t) − P

down
CG,i (t)≤ SCG,i(t) · P

max
CG,i,

(15)

−RCG,i ≤PCG,i(t) + P
up
CG,i(t) − P

down
CG,i (t) − P

up
CG,i(t − 1)

+ P
up
CG,i(t − 1) − P

down
CG,i (t − 1)≤RCG,i,

(16)

0≤P
up
CG,i(t)≤ S

up
CG,i(t) · P

max
CG ,

0≤P
down
CG,i (t)≤ 1 − S

up
CG,i(t)  · P

max
CG,i,

(17)

where S
up
CG,i is a binary variable, which represents the ON/

OFF status of the ith CG. Equations (15)–(17) ensure that the
ramping rate and the power output are within the per-
missible range.

Similarly, the gas power regulation of the gas supplier
and the regulation of SS should be within the allowable
range. And simultaneous up- and downregulation of the gas
supplier and SS should be avoided, which is expressed as
follows:

0≤G
up
supply(t)≤ S

up
supply(t) · G

max
supply,

0≤G
down
supply(t)≤ 1 − S

up
supply(t)  · G

max
supply,

(18)

E
adjust
SS,i (t) � E

adjust
SS,i (t − 1) + P

ch,adjust
SS,i (t) · ηchSS,i −

P
dis,adjust
SS,i (t)

ηdisSS,i

,

(19)

0≤P
ch,adjust
SS,i (t)≤P

ch,max
SS,i · S

ch
SS,i(t),

0≤P
dis,adjust
SS,i (t)≤P

dis,max
SS,i · 1 − S

ch
SS,i(t) ,

(20)

where P
ch,adjust
SS,i and P

dis,adjust
SS are the charging and dis-

charging power of the ith SS after the adjustment and E
adjust
SS,i

is the stored energy after the adjustment. Notably, charging/
discharging mode remains the same status as in the first-
stage decision.

(3) Interaction Constraints

0≤P
sold
Balance(t)≤ 1 − S

purchased
Balance (t)  · P

max
Balance(t),

0≤P
purchased
Balance (t)≤ S

purchased
Balance (t) · P

max
Balance(t),

(21)

0≤P
sold
Grid(t) + P

sold
Balance(t)≤P

max
Grid · 1 − S

purchased
Grid (t) ,

0≤P
purchased
Grid (t) + P

purchased
Balance (t)≤P

max
Grid · S

purchased
Grid (t),

(22)

where S
purchased
Balance is a binary variable, which represents the

selling/purchasing power status; Pmax
Balance is the maximum

adjustment power with the grid; the limits of the sold and
purchased adjustment power should be constrained by
equation (21). After the adjustment, the selling/purchasing
mode with the grid keeps the same as the first-stage exchange
status. *e exchange power with the grid should not exceed
the permissible range, which is expressed in equation (22).

(4)Wind Power Constraint. After the uncertainty of the wind
power is revealed in the second stage, the actual wind power
should be less than the observed wind power, which is
indicated as follows:

0≤Psecondwind(t)≤P
s
wind(t). (23)

3. Uncertainty Modeling and Model Solution

3.1. Uncertainty Set. To guarantee the operation robustness,
the formulation protects against all possible outputs of the
wind power within an uncertainty set U. *e budget of
uncertainty Γ is also employed to adjust the degree of the
conservativeness during the dispatch period T. *e entire
uncertainty set U adopted by this paper is presented in the
following equation:

U �

Ps
wind: Pforecasted(t) − Perror

wind(t)≤Ps
wind(t)≤P


T

t�1

Ps
wind(t) − Pforecasted(t)

Pforecasted(t)




≤Γ

⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

⎫⎪⎪⎪⎪⎬

⎪⎪⎪⎪⎭

,

(24)

where Perror
wind is the maximum forecasted error of the wind

power. *e value of Γ controls the conservativeness of the
optimized result.
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3.2. Compact Formulation. In terms of facilitating the
presentation, the aforementioned objective function
equations (1)–(3) and the constraints of the two-stage ED
model equations (4)–(24) can be rewritten into a compact
form:

min
x

aTx + max
u∈U

min
y∈(x,u)

bTy

s.t.
Ax≤d

(x, u) � y: Bx + Cy ≤ e, Duy ≤ u ,

⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

(25)

where a, b, A, B, C, and Du are the constant matrices and d
and e represent vectors.

3.3. Model Decomposition. *e presented model has a
complicated min-max-min structure, which cannot be
solved directly. However, C&CG has been proved to be an
effective algorithm for solving the complex two-stage
model with remarkable computational efficiency and
convergence capability [38]. *erefore, C&CG is
employed to solve the presented two-stage ED model.
Based on C&CG, the original model is firstly decomposed
into the master problem (MP) and the subproblem (SP).
*e optimal first-stage decision x is decided in MP given
the possible scenarios from SP, while SP searches for the
possible worst-case scenarios given the first-stage deci-
sions from MP. Afterwards, the problem is able to con-
verge to the optimal solution during the iterations between
MP and SP.

*erefore, MP can be rewritten as follows:

min
x

cTx + η

s.t. Ax≤ d,
(26)

η≥ bTyk
, (27)

Bx + Cyk ≤ e, (28)

Duy
k ≤ u∗k , (29)

where η is an auxiliary variable and yk and uk are the optimal
adjustment decisions and the possible wind power scenarios
at the kth iteration, respectively. By gradually identifying the
possible wind power scenarios at each iteration, the updated
constraint equations (27)–(29) are added into MP.Given the
first-stage decision x∗ of MP, SP can be presented as

max
u∈U

min
y∈(x∗,u)

bTy

s.t. x∗,u( ) � y: Bx∗ + Cy ≤ e, Duy ≤u .

(30)

3.4. Transformation of SP. SP contains a max-min structure,
which is difficult to be solved. *erefore, strong duality
theory is applied to transform SP into an equivalent single-
stage problem SP1 as shown in the following equation:

max
u,π1,π2

eTπ1 − x∗TBTπ1 + uTπ2

s.t. CTπ1 + DT
uπ2 � b,π1 ≤ 0,

(31)

where π1 and π2 are the dual variables for the constraints
of SP equation (30) and uTπ2 is a nonconvex bilinear
term, which also leads to the difficulties of directly solving
SP1. However, u only contains the forecasted value u0,
the upper limit value u+, or the lower limit value u−,
which is not continuous. *erefore, uTπ2 can be linear-
ized by applying the Big-M method. Meanwhile, the
uncertain budget is also introduced to adjust the un-
certainty set. As a result, the transformed SP2 can be
expressed by equation (32) which is able to be solved in a
feasible way:

max
u,π1 ,π2

eTπ1 − x∗
T
BTπ1 + u+π+

2 + u− π−
2 + u0 1 − π+

2 − π−
2( ,

s.t. CTπ1 + DT
uπ2 � b, π1 ≤ 0 − M 1 − μu

t(  + π2,t

≤ π+
2,t ≤M 1 − μu

t(  + π2,t − M 1 − μl
t  + π2,t ≤ π

−
2,t

≤M 1 − μl
t  + π2,t − Mμu

t ≤ π
+ ≤Mμu

t , −Mμl
t ≤ π

−
2,t

≤Mμl
tμ

u
t + μl

t ≤ 1, 
t

μu
t + μl

t ≤Γ,

(32)

where π+
2 and π

−
2 represent the positive and negative values of

π2, corresponding to the upper and lower bounds of the
wind power and M is a large enough constant.

3.5. Model Solution Using C&CG. *e solution of the model
using C&CG includes the following major steps given in
Table 3.

4. Experimental Result

In this section, a number of evaluations are carried out to
demonstrate the effectiveness of the presented ED optimi-
zation approach for an integrated power-heat-gas MG. *e
parameters of FC, the microturbine, EB, and the PtG devices
are listed in Table 4.*e parameters of ESS and HSS are listed
in Table 5. *e cost of gas and the adjustment cost of gas are
0.85 $/m3 and 1.05 $/m3.*e details of different load demands
including power, heat, and gas are shown in Figure 2. *e
forecasted wind power and the price of the grid are shown in
Figure 3. *e maximum allowable fluctuation is set to 10%.

4.1. Experimental Results of Robust Optimization Regarding
Wind Power Utilization. In this section, to demonstrate the
effectiveness of the presented approach for reducing wind
power curtailment, the optimized results of the outputs of
SS, CG, and the exchange power of the two-stage robust
model are shown in Figures 4 and 5. Figure 4 indicates that
when the wind power is plentiful during the 1st–7th and the
22nd–24th hours, the excessive wind power is converted into
heat and gas energy by EB and PtG, respectively. *erefore,
the wind power utilization is considerably promoted. Fig-
ure 5 shows that ESS successfully improves the wind power
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accommodation when the wind power is plentiful during the
1st–6th and the 21st–23rd hours. *e reason is that during
these periods, ESS is able to keep charging to store the
unconsumed wind power. Moreover, HSS keeps discharging
heat power in the 23rd–24th hours. Consequently, the
electricity and the heat outputs of the microturbine decrease
at the same time, which creates an extra margin for wind
power accommodation.

Figure 5 indicates that MG sells power to the grid when
the wind is plentiful, which improves the wind power uti-
lization. Additionally, MG also sells power when the sold
price is relatively high during the 9th–11th hours and
19th–23rd hours. *erefore, the profit of MG can be sig-
nificantly improved.

4.2. Impact of Uncertain Budget. In this section, different
values of the uncertain budget Γ� 0, 8, 16, and 24 are
employed to study its impact on optimal day-ahead ED. In
our model, Γ represents the allowable fluctuation times of
the wind power. For example, if Γ equals 0, it indicates that in
the period T, wind power should equal its forecasted wind
power. If Γ equals 8, it means that the fluctuation times of the
wind power should be no more than 8 times. As long as the
optimal day-ahead ED strategy is achieved, another 500
scenarios are generated byMonte Carlo simulation as testing
scenarios to evaluate the performance of the achieved op-
timal strategy. *e optimized results based on different
values of Γ are shown in Table 6.

Table 4: *e parameters of CGs

CG Pmax (kW/h) Pmin (kW/h) Rup (kW/h) Rdown (kW/h) a b λCG ($/MWh)
Microturbine 600 0 360 360 — — 1.35
FC 400 0 120 120 0.002 0.85 1.15
EB 280 0 200 200 — — 0.85
PtG 100 0 100 100 — — 0.95

Table 5: *e parameters of SS.

SS Pmax
SS (kW/h) Emax

SS (kWh) Emin
SS (kWh) Einitial (kWh) ηch/dis ($/kWh)

ESS 600 1600 20 320 0.95/1.15
TSS 400 1000 20 360 0.95/1.15

Table 3: *e solution of the model using C&CG.

Step 1 Initialize lower and upper bounds UB�+∞ and LB� −∞. Set the iteration no. k� 0 and the convergence gap ε> 0.
Step 2 Solve MP. Derive an optimal solution (x∗k , ηk, y1, . . ., yk), and update the lower bound LB� aTxk+ ηk.

Step 3 Solve SP3 with respect to the fixed (x∗k , η, y1, . . ., yk) from MP. Obtain the solution (uo
k, y

o
k) and update uk+1 �uo

k and UB�min
{cTx∗k + aTyo

k + b
Tuo

k, UB}.

Step 4 If UB− LB≤ ε, return the solution x� x∗k and the algorithm terminates. Otherwise, create a variable yk+1 and add constraint
equations (27)–(29) to MP. And then update k� k+1 and go back to step 2.

0 5 10 15 20 25
0

200

400

600

800

1000

O
ut

pu
t (

kW
) 

Time (h)

0

200

400

600

800

1000

D
em

an
d 

(m
3 /h

) 

Electricity demand
Heat demand
Gas demand

Figure 2: Load demands.

0 5 10 15 20 25

100

200

300

400

500

600

700

800

900

O
ut

pu
t (

kW
) 

Time (h)

–2.0

0

2.0

Pr
ic

e(
$)

 

1.0

–1.0

Forecasted wind
Sold price
Purchased price

Figure 3: Forecasted wind power and the price of grid.

Mathematical Problems in Engineering 7



Table 6 demonstrates that the day-ahead operation
cost of the robust optimization keeps increasing along
with the uncertain budget value rises from 0 to 24. As Γ is
highly related to the number of the fluctuations, an in-
creasing Γ leads to more fluctuation times of the wind
power, which means wind power is more likely to become

0 5 10 15 20 25
0

100

200

300

400

500

600

700

800

Time (h)

Output of FC
Output of CHP

Output of EB
Output of PtG

O
ut

pu
t (

kW
)

Figure 4: Outputs of CG of the robust model.
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Figure 5: Outputs of SS of the robust model.

Table 6: Optimization results under different uncertain budget.

Uncertain
budget

Γ� 0 Γ� 8 Γ� 16 Γ� 24
Mean Max Mean Max Mean Max Mean Max

Day-ahead operation cost ($) 13165.8 13196.2 13233.1 13260.2

Day-ahead
operation cost ($)

Cost of gas 13343.3 13255.3 13149.6 13071.6
Cost of FC 2345.1 2463.5 2606.2 2711.3
Cost of grid −2.522.7 −2522.7 −2522.7 −2522.7
Cost of wind
curtailment 0 0 0 0

Adjustment cost ($) 241.6 473.4 158.9 322.0 129.7 360.2 121.1 313.5
Total cost ($) 13407.4 13639.2 13355.1 13518.2 13362.8 13593.3 13381.1 13573.7

Table 7: Scheduled output of two-stage robust model under dif-
ferent uncertain budgets.

Model (kW) Γ� 0 Γ� 8 Γ� 16 Γ� 24
Scheduled microturbine output 7650.6 7651.1 7651.7 7651.6
Scheduled FC output 3126.9 3264.8 3474.9 3615.1
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insufficient in the period T. *erefore, as shown in Table 7,
the total scheduled output of generators becomes higher
to immunize against the wind power uncertainty. Al-
though the increasing values of Γ guarantee the robustness
of the model, the day-ahead operation cost becomes
higher due to the increase in the scheduled output of the
microturbine and FC. To sum up, larger Γ leads to worse
economy but better robustness of the ED strategy.
*erefore, the uncertainty budget can be flexibly adjusted
to balance the economy and robustness of the ED strategy
in practical applications.

4.3. Impact of the Forecasted Error. In this section, different
maximum forecasted errors 5%, 10%, 15%, and 20% of the
wind power are considered to reveal its impact on the day-
ahead ED. Also 500 scenarios are generated as testing
scenarios to evaluate the economy of the achieved optimal
strategy. *e optimized results based on different forecasted
errors are illustrated in Table 8.

As shown in Table 8, the day-ahead operation cost and
the adjustment cost increase along with the increasing
forecasted error. *is is due to the fact that with the in-
creasing forecasted error, the worst-case wind power be-
comes more insufficient. As a result, more resources and
adjustment output are scheduled to handle the uncertain
wind power in the robust optimization model, which causes
the increasing costs.

4.4. Impact of the Confidence Interval. In this section, con-
fidence intervals 80%, 85%, 90%, and 95% of the wind power
are considered to reveal its impact on the day-ahead ED. 500
scenarios are generated as testing scenarios to evaluate the

effectiveness of the achieved optimal strategy. *e optimized
results based on different confidence intervals are illustrated
in Table 9.

As shown in Table 9, the day-ahead operation cost
and the adjustment cost decrease steadily as the confi-
dence interval increases. *is reveals the fact that with the
increasing confidence interval, the uncertainty set nar-
rows and the value of the worst-case wind power is closer
to the forecasted wind power. *erefore, fewer resources
and adjustment output are needed to handle the un-
certain wind power, which reduces the total operation
cost.

4.5. Optimization Comparison with Different Approaches.
In this section, the deterministic model and the single-stage
robust model are also implemented in terms of comparison.
*eir cost reduction optimization performances are com-
pared to those of the presented two-stage robust model. Both
the uncertainty budgets of the single-stage and the two-stage
robust model are set to 8. *e comparisons of different
approaches are shown in Table 10.

According to Table 10, the cost of the two-stage robust
model is lower than that of the single-stage model. *e
single-stage model schedules less wind power and more
generation output than those of the two-stage robust model,
as shown in Table 11. *is is due to the fact that the single-
stage model only considers one worst-case wind power
scenario. However, the two-stage robust model is able to
search for a branch of worst-case wind power scenarios by
iterations between the first stage and the second stage.
*erefore, the two-stage model is less conservative than the
single-stage model. In other words, the two-stage robust

Table 8: Optimization results with different forecasted error.

Forecasted error Error� 5% Error� 10% Error� 15% Error� 20%
Mean Max Mean Max Mean Max Mean Max

Day-ahead operation cost ($) 13180.9 13196.2 13211.2 13226.2

Day-ahead operation cost ($)

Cost of gas 13298.8 13255.3 13211.2 13166.0
Cost of FC 2404.8 2463.5 2522.6 2582.9
Cost of grid −2522.7 −2522.7 −2522.7 −2522.7

Cost of wind curtailment 0 0 0 0
Adjustment cost ($) 81.5 189.8 158.9 322.0 271.7 630.5 358.4 648.7

Total cost ($) 13262.4 13370.7 13355.1 13518.2 13482.9 13841.7 13584.6 13874.9

Table 9: Optimization results with different confidence intervals.

Confidence interval 80% 85% 90% 95%
Mean Max Mean Max Mean Max Mean Max

Day-ahead operation cost ($) 13213.9 13200.2 13194.3 13187.2

Day-ahead operation cost ($)

Cost of gas 13176.4 13168.3 13274 13295
Cost of FC 2560.2 2554.6 2443.0 2414.9
Cost of grid −2522.7 −2522.7 −2522.7 −2522.7

Cost of wind curtailment 0 0 0 0
Adjustment cost ($) 295.4 591.2 222.4 535.2 138.4 262.3 98.2 230.2

Total cost ($) 13509.3 13805.1 13422.6 13735.4 13332.7 13456.6 13285.4 13417.4
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model can better balance the robustness and economy than
those of the single-stage model.

It is also can be observed that the day-ahead operation
cost of the two-stage robust model is higher than that of the
deterministic model. *e two-stage robust model considers
the worst scenarios of the uncertain wind power. *erefore,
more resources and more operation cost are needed in the
day-ahead strategy, but less adjustment cost is demanded, as
shown in Figure 6. In this way, the total operation cost of the
two-stage robust model is effectively reduced compared to
that of the deterministic model.

Figure 7 shows that during the two-stage robust model
solution, the presented C&CG algorithm converges to the
global optimal solution after only 4 iterations. *is point
significantly indicates the efficiency of the presented
approach.

5. Conclusion

*is paper presents a two-stage robust model in enabling
optimal day-ahead ED for integrated power-heat-gas MG
considering wind power. To be aware of the natural char-
acteristics of wind, this paper employs an uncertainty set to
describe the uncertainty of wind power. Additionally, to
facilitate the problem solution, the original model with a
complex min-max-min structure is decomposed into MP
and SP with min and max-min structures, respectively, by
the C&CG algorithm. Based on the duality theory and Big-M
approach, the original SP can be successfully linearized.
*erefore, the decomposed model can be directly solved by
iterations between SP and MP. Experimental results dem-
onstrate that the two-stage robust model can handle the
worst-case wind power scenarios to achieve the optimal day-
ahead ED strategy. Compared to the single-stage robust
model and the deterministic model, the presented approach
can ensure a less-conservative and more-convincible solu-
tion. Moreover, the budget of uncertainty enables the

Table 10: Optimization results of different approaches.

Model Two-stage robust Single-stage robust Deterministic
Mean Max Mean Max Mean Max

Day-ahead operation cost ($) 13196.2 13384.2 13165.8

Day-ahead operation cost ($)

Cost of gas 13255.3 13460.3 13165.8
Cost of FC 2463.5 2427.1 2345.1
Cost of grid −2522.7 −2503.2 −2.522.7

Cost of wind curtailment 0 0 0
Adjustment cost ($) 158.9 322.0 308.2 497.7 241.6 473.4

Total cost ($) 13355.1 13518.2 13692.4 13881.9 13407.4 13639.2

Table 11: Results of the single-stage and two-stage robust models.

Model (kW) Single-stage
robust

Two-stage
robust

Scheduled microturbine
output 7767.6 7651.1

Scheduled FC output 3236.2 3264.8
Scheduled wind power 9785.6 10351.1
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adjustment of the optimization performance for the dispatch
scheme, so that the robustness and the economy of the ED
strategy can be better balanced. In our future work, cooling
energy supplying and uncertainty of load demands will be
further explored.
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