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ABSTRACT: The uncertainty of renewable energy generation challenges the economic and robust
operation of microgrid clusters. To address this challenge, this paper proposes a two-stage distributionally
robust framework for cooperative scheduling, in which cooperative game theory is used to allocate costs.
A Wasserstein distance-based ambiguity set that accounts for external variables is constructed to
characterize the uncertainty in photovoltaic (PV) power generation. In addition, a linear decision rule and
strong duality are employed to reformulate the distributionally robust optimization (DRO) model into a
tractable finite dimensional form. Furthermore, the Shapley value method and the power interaction
contribution degree method are used to allocate cooperative costs based on marginal contribution and actual
power exchange, respectively. The proposed method is validated on a modified IEEE 33-bus system and is
shown to be more economical and less conservative than other methods. Moreover, Monte Carlo
simulations show that the DRO-based day-ahead decisions achieve zero load curtailment across all test
groups, demonstrating that the proposed method has high operational robustness against PV forecast errors.

Keywords: Microgrid cluster; Distributionally robust optimization; Wasserstein distance; Collaborative
scheduling; Cooperative game theory

1. Introduction

With the increasing penetration of renewable energy, distributed generation has become an important
means of promoting the transition toward low carbon energy systems [1]. However, the inherent
intermittency and uncertainty of renewable energy generation pose significant challenges to power balance
and the economic and reliable operation of power systems [2]. Microgrids provide an effective framework
for integrating distributed renewable generation, energy storage, and flexible loads, thereby facilitating the
local utilization of renewable energy [3,4]. Nevertheless, the regulation capability of an individual
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microgrid is often limited by its local generation, load, and energy storage resources. When multiple
microgrids with heterogeneous energy resources and load characteristics are interconnected, microgrid
clusters can exploit their complementary characteristics through coordinated power exchange, providing
greater flexibility for coping with the uncertainty of renewable energy generation [5].

Accordingly, collaborative scheduling of interconnected microgrids has attracted increasing attention
in recent years [6]. Existing studies have investigated various coordination mechanisms, including
centralized optimization, distributed control, and peer-to-peer energy trading, to exploit the complementary
characteristics of neighboring microgrids and improve their economic performance. While system level
economic benefits are important, the allocation of cooperative benefits or costs among individual
microgrids is also critical to sustaining their willingness to participate in collaboration. Cooperative game
theory, particularly the Shapley value method, has therefore been widely applied to evaluate the marginal
contributions of individual microgrids and allocate the resulting cooperative benefits or costs [7,8].
However, the uncertainty of renewable energy generation further complicates collaborative scheduling and
may affect both the economic performance and operational reliability of microgrid clusters.

The uncertainty of renewable energy generation has been addressed mainly through stochastic
optimization (SO), robust optimization (RO), and distributionally robust optimization (DRO) [9]. SO
typically relies on an assumed probability distribution of uncertain variables, whereas RO seeks solutions
that are robust against worst-case realizations and may therefore lead to overly conservative decisions. In
contrast, DRO optimizes against the worst-case probability distribution within an ambiguity set, providing
a compromise between economic performance and robustness [10]. Among various ambiguity set
constructions, the Wasserstein distance provides a data-driven means of characterizing distributional
uncertainty based on historical samples without requiring an exact probability distribution [11]. However,
existing uncertainty-aware scheduling studies have largely focused on individual microgrids and have
insufficiently explored the potential of collaborative operation among interconnected microgrids to mitigate
the impacts of renewable energy uncertainty.

Table 1 summarizes the differences between this study and representative related studies. Existing
studies have investigated distributionally robust scheduling of interconnected microgrids or covariate
informed DRO approaches separately. However, the integration of conditional Wasserstein DRO with
network constrained collaborative scheduling and coalition-based cost allocation for interconnected
microgrid clusters remains insufficiently explored.

Table 1. Comparison of the Proposed Method with Existing Studies.

Refs. Conditional Wasserstein Interconnected MG Distribution T:('l(;-stt;gee Cooperative Cost
Information DRO Cluster Network Constraints . Allocation
Scheduling

[5] X v v — v v
[8] X X v — v v
[9] v v x v v X
[10] v v X - v X
This study v v v v N N

Note: “v” indicates that the corresponding feature is considered; “x” indicates that it is not considered; and “~” indicates that it
is not applicable.

To address the above research gaps, this paper proposes a two-stage distributionally robust
collaborative scheduling framework for microgrid clusters that considers renewable energy uncertainty and
cooperative cost allocation. A Wasserstein distance-based ambiguity set considering external variables is
constructed to characterize the uncertainty of PV power generation, and the resulting DRO model is
reformulated into a tractable finite dimensional form using a linear decision rule and strong duality.



Smart Energy Syst. Res. 2026, 2(4), 10014. doi:10.70322/sesr.2026.10014 3of 21

Furthermore, the Shapley value method and the power interaction contribution degree method are employed
to allocate cooperative operating costs. Case studies on a modified IEEE 33-bus system demonstrate the
economic performance and robustness of the proposed method.

2. Distributionally Robust Optimization Model for a Microgrid Cluster
2.1. Microgrid Cluster System

The proposed microgrid cluster framework is shown in Figure 1. The system under study consists of
the microgrid cluster and the main grid. The main components of each microgrid include a PV generation
unit, a combined cooling, heating, and power (CCHP) unit, a gas boiler, a backup diesel generator (BDG),
energy storage devices, and loads. In the day-ahead scheduling phase, each microgrid determines the
commitment status of its BDG and the output of its energy storage system. During the intraday scheduling
phase, each microgrid keeps its day-ahead strategy fixed and reoptimizes the second-stage decisions after
an uncertainty scenario is realized to achieve real-time supply-demand balance. After the scheduling cycle
of a day ends, the cluster allocates cooperative profits among its members.
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Figure 1. Microgrid Cluster System.

2.2. Objective Function

This study establishes a two-stage distributionally robust scheduling model for a microgrid cluster that
considers PV power output uncertainty and daily average solar irradiance. The model characterizes
uncertainty in the output of distributed energy resources and considers external factors. It divides the
distributionally robust optimization of the microgrid cluster into day-ahead prescheduling and intraday
rescheduling. The model considers the worst-case distribution P of the forecast errors of the uncertain
variables within the Wasserstein ambiguity set ¢. Its objective is to minimize the sum of the day-ahead
prescheduling cost ¢’x and the expected intraday rescheduling cost E;{Q(x,v)}. Therefore, the model

yields the optimal day-ahead prescheduling decision x with both scheduling economy and robustness
against risk:



Smart Energy Syst. Res. 2026, 2(4), 10014. doi:10.70322/sesr.2026.10014 4 of 21

min[¢” x + supEp {O(x,v)}] (D
X Peg

where ¢’x is the day-ahead prescheduling cost, x is the day-ahead prescheduling decision variable, »

is the PV power output forecast error of each microgrid, O(x,v) is the intraday rescheduling cost based on
x,and sup() denotes the supremum function. By introducing the intraday rescheduling decision variable
v, Equation (1) can be reformulated as:

min[¢” x +sup Bp {mind” y}]
x Peg v 2

where d 1is the coefficient column vector corresponding to the intraday rescheduling decision variable y.

2.2.1. Day-Ahead Prescheduling Cost

During the day-ahead prescheduling phase, load curtailment is not considered, so as to ensure
renewable energy accommodation and satisfy load demand. The day-ahead prescheduling cost at time ¢
includes the electrical energy storage (ES) cost C; ¢, the thermal energy storage (TES) cost (5, and the

startup and shutdown cost C; :

T t t t
¢ x= z Z(Ci,ES +Cirps +Ciss) 3)
iel teT
t ES,ch ES ,dis
Cies =Cpsanbs ™ A+ cps gisB ™ A “4)
t TES ,ch TES dis
Cires = Cresendiv A+ Crps aisdin A (5)
t BDG | pBDG BDG
Ciss =S85 |B; "~ =B (©)
ES ch/dis TES ,ch/dis : : :
where P and g, are the charging/discharging powers of the ES system and the heat

charging/discharging powers of the TES system, respectively, cusoms  and  cppg o are their

corresponding cost coefficients, / and 7 are the sets of microgrids and time periods, respectively,
§sEP¢ and B are the startup/shutdown cost and on/off status of the BDG in microgrid i, respectively,

and Ar=1h is the time interval.

2.2.2. Intraday Rescheduling Cost

During the intraday rescheduling stage, the day-ahead prescheduling scheme is adjusted by dispatching
controllable units, curtailing loads, and purchasing and selling electricity to and from the main grid to better
address PV power output forecast errors. The rescheduling cost includes the fuel cost ¢, electricity

l

transaction cost C/“, operation and maintenance cost C°" , and demand response cost % :

O(x,v)=min Y (Cf +C/+ M +CPF) ©)

iel

cf = Z[Cgas (GSCHP n Gl_,GtB ) n CBDG,F[_:_:EI?DGA{|

i i
teT

®)

1

CcFo - Z(ltbuypiiuy _ﬂ’tselll)ifte” )At ©

teT
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oM PV pPV CCHP pCCHP BDG pBDG
COM = (VB 4 cf MRS 4RO RO )AL (10)
teT

DR cut yeut cut yeut
¢ = Z (Ci,e Lite +CinLign )At (11)
teT

where ¢ and PPOF

; are the fuel cost coefficients of natural gas and the BDG unit, respectively,
GISCHP/GB

represents the natural gas consumptions of the CCHP unit/gas boiler, 2" and P}*"*

represent the retail electricity price/feed in tariff and the powers purchased from/sold to the main grid,
respectively, PFV/CCHPIBDG and FV/CCHPIBDG . gre the active power outputs and operation and maintenance

1

cut

cost coefficients of the corresponding units, respectively, L7,, and ¢, are the curtailable

1

electrical/thermal loads and corresponding unit load shedding cost coefficients, respectively.

2.3. Constraints

The mathematical model does not distinguish between day-ahead and intraday scheduling constraints
from a physical perspective. Both scheduling stages must satisfy the electrical and thermal power balance
constraints of the system, grid security constraints, and the operating constraints of all devices. Compared
with conventional optimal scheduling models for microgrid clusters, the proposed model considers power
flow in the micro-distribution network.

2.3.1. Electricity Purchase and Sale Constraints Between the Microgrid Cluster and the Main Grid
0< P <ui” R
0< P! <uPE (12)
uf;'y +ufj” <1

where P2 is the maximum power exchanged between microgrid i and the main grid, and u***"

denotes the binary variables indicating the electricity purchasing/selling states.

2.3.2. Operating Constraints of Controllable Energy Devices

BDG pBDG BDG BDG pBDG
Bit B,min SP[,[ SB[[ Pi,max

(B2 Y +(0PP0 ) < BEPO (526 )
pBDG _ pBDG (13)

BDG it+l it BDG
ﬂ’i,min < At < ﬂ‘i,max

BP9 e{0,1}
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CCHP , . CCHP cgas ~CCHP
F; At—ﬂi,e o Gi,t

CCHP CCHP s ~CCHP CCHP
qit At = Min [5gabGz‘,t - E,t At:|

CCHP CCHP CCHP
Pi,min < Pi,t < P[,max (14)
CCHP CCHP
O < qi,t < qz’,max
PCCHP _PCCHP
CCHP i+l it CCHP
A0 < <A
i,min At i, max

q[,G[B Af = 77[GB 58 Gl_,G[B
15)

GB GB
O < q[,t < q[,max

BDG
Pi ,min/ max

where and A°2¢ are the minimum/maximum active power outputs and downward/upward

7,min/ max
ramp rate limits of the BDG unit, respectively, 0°°° and s?P¢ are its reactive power output and rated

1

apparent power, respectively, 5% is the calorific value of natural gas and is set to 9.78kW-h/m’,
g% denotes the heat outputs of the CCHP unit/gas boiler, 7y;,” and 77 denote the power

generation/waste heat recovery efficiencies of the CCHP unit and the heat generation efficiency of the gas
boiler, respectively, P . denotes the upper/lower active power output limits of the CCHP unit,

i,max/min

CCHP/GB
i,max

upper/lower ramp rate limits of the CCHP unit.

CCHP

denotes the upper heat output limits of the CCHP unit/gas boiler, and A ;m, denotes the

2.3.3. Power Flow Constraints

Pg‘/,t = z ij,t +Pj,t (16)
keC())
Qij,t = Z ij,t +Q_/,t (17)
keC())
Pi,t = PGRID,i,t (18)
Qi,t = Leq,i,t (19)
1By +x;0;
V/b)':s _ Vi{)tus _ vy be =it (20)
(B ) +(05)% () 1)
1= AV™™ <PI <14+ AV™ 22)

and O

where P »

9 are the active and reactive powers of branch i, respectively, C(j) denotes the set

of immediate downstream nodes connected to node j, P, and Q,, are the net active and reactive power
injections at node i, respectively, P, denotes net active power imported by the connected microgrid,
L., denotes equivalent net reactive demand, »;* and 7,,, are the voltage at node i and the base

voltage, respectively, S,

; 1s the upper limit of the branch transmission capacity, and AV™* is the

maximum voltage deviation and is set to 0.05.
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2.3.4. Energy Storage Device Constraints

q! TES dnAt
t
STES TESSTE TES TES LhAt_ i,

1 + 7; ch q TES
7; ,dis

=1

TES TES _ oTES
Sl lnln - S < Sl ,max
TES.ch < TES.ch ( TES.ch
0 < q < u ql lnax
0 < gTESdis <, TES dis TES.dis (23)
q l t ql lnaX
TES,ch TES ,dis
up " gy, <1
u[Tf‘S,ch urES,dzs c{o.1)

STES STES

PES dlet
EFS =B +nfS P A - —
nl,dis
EES < pES < gES

immn — it — ~i,max

ES,ch ES,ch pES,ch
0<P <u szax

0< PES dis <u ES dlvPES dis (24)

1,max

uES ch +uES dis <1

uES,ch ES.dis c {0’1}

it Uit

ET_EO

1 1

where S/7° and S/i° are the thermal energies stored in the TES device at the end of time period ¢ and

at the beginning of the scheduling cycle, respectively, E and EZ are the electrical energies stored in

It

i,min/ max

the ES device at the corresponding times, respectively, S’ and Efiymx denote the lower/upper

limits of the thermal and electrical energy storage capacities, respectively, ¢ =5:c#/ds and  pES.didis  denote

ql max 1,max

the maximum charging/discharging powers allowed within a single time period for the TES and ES devices,

respectively, 7™ is the time-period energy retention coefficient of the TES device, n/5y,, and 7%, .

are the charging/discharging efficiencies of the TES and ES devices, respectively, u/,>"“ and u/> "%

are their corresponding charging/discharging state variables.
2.3.5. Demand Response Constraints

cut cut pload
0<LtesalePlt

cut cut hot (25)
0<L lth—ath%t

cut

where o, denotes the maximum allowable curtailment ratios of the electrical/thermal loads, with P

t

and ¢/ representing the electrical and thermal load powers, respectively.

2.3.6. Power Balance Constraints

PCCHP +P_BDG +Pbuy +P-PV +PES,dis

PlEtS ,ch +Pvell P +Pload Lgut

ij,t i,t,e
~ (26)

—pM <PM<pM s

ij,max — “ij,t — ymax’
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CCHP GB TES,dis _ _TES,ch HX
qit +4q;; t4q:; =d;; +q;,
hot _Lcut _ HX HX (27)
9it ith =i iy

where P}; is the power exchanged between microgrids i and j,with B!] >0 indicating that microgrid

HX
i

i exports power to microgrid j, ¢/ and 5 are the thermal power entering the heat exchanger for

heat supply and its heat exchange efficiency, respectively.

2.3.7. Uncertainty Constraints

—PV
P =P +v]) (28)

L,

where P77, PP and v/ are the actual value, forecast value, and forecast error of the PV power output

it o it it

of microgrid i during time period ¢, respectively.

3. Construction of the Wasserstein Ambiguity Set and Solution Method for the Distributionally
Robust Model

The main methods for solving Wasserstein-based two-stage distributionally robust optimization
problems include the concave mean-value method, linear decision rules, strong duality reformulation, and
polyhedral approximation, among others. The concave mean-value method incurs a high computational
burden when dealing with high-dimensional uncertain variables. Polyhedral approximation requires a
tradeoff between computational accuracy and efficiency. Linear decision rules can effectively reduce the
computational complexity of the second-stage decisions. Therefore, this study combines linear decision
rules with strong duality theory to reformulate the model into a tractable form.

3.1. A Wasserstein Distance-Based Ambiguity Set with Conditional Scenario Information Based on
Regression Trees

PV power output is stochastic, and the true probability distribution of its prediction error is generally
difficult to obtain accurately. This uncertainty can significantly affect the energy balance of the microgrid
cluster. This study uses a Wasserstein distance-based ambiguity set to capture this uncertainty. The
Wasserstein ambiguity set ¢ is a sphere with the empirical distribution of the uncertainty as its center and
the Wasserstein distance as its radius. The Wasserstein distance measures the distance between the
empirical distribution and the true distribution, usually described by Euclidean norms. The key is to find
the minimum radius to make the Wasserstein sphere contain as much of the true distribution as possible.
The ambiguity set is expressed as:

(vu)~P

By [v]=0
g=1P E, m (29)

Su,yﬁvﬁ;} (30)

The second line of Equation (29) implies that the expectation of the prediction error is zero, the third
line imposes an upper bound on the expectation of «, and the fourth line indicates that all outcomes are
within an uncertainty set Z , which is defined by Equation (30). The uncertainty set Z bounds the
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variation of » from its historical values v, . This paper adopts the 1-norm distance, which can be easily

linearized, to describe the deviation.

However, the conventional Wasserstein ambiguity set ignores the conditional information of PV
forecast errors associated with external meteorological variables, which may make it difficult for the
resulting scheduling decisions to accurately reflect actual demand. Therefore, this study proposes an
improved A Wasserstein distance-based ambiguity set incorporating conditional scenario information
based on a regression tree Daily average solar irradiance is used as an external covariate, and a regression
tree is employed to partition historical PV forecast error samples into different conditional scenarios,
thereby capturing the distributional characteristics of PV forecast errors under different irradiance
conditions. The conventional ambiguity set is thus extended to a conditional Wasserstein ambiguity set,
which can be expressed as:

(:Zt)eZSB:sJ:l 31)
s

AN
I
)
=
“ r——ar— =

~

VS —Vns

Z :{(v,u):

where 6., p,,and Z  are the Wasserstein ball radius, scenario probability, and support set of scenario

ISus,ySvSv} (32)

s, v denote the historical data under each typical scenario s, v and v are the upper and lower bounds

of the joint prediction error, respectively. By incorporating the scenario variable, PV output is categorized
into typical scenarios, with each scenario having a corresponding Wasserstein radius 6, and probability

p,. It is worth noting that when there is only one scenario, the ambiguity set ¢ can be equated to the form
of a classical Wasserstein ambiguity set ¢, i.e., no additional scenario information is provided.

Given the multidimensional nature of the uncertain variables in the model, a multivariate regression
tree (MRT) is employed for scenario classification. The MRT uses the squared error as the splitting criterion;
that is, the regression tree partitions the training samples by minimizing the prediction error on the training
data. For the Wasserstein ambiguity set considering external variables, the historical daily average solar
irradiance is used as the input training set, while the historical 24-h PV output profiles are used as the output
training set. The MRT is then trained with the objective of minimizing the prediction error given in Equation
(33). The decision tree is implemented using the sklearn package in Python, and the resulting tree structure
is shown in Figure 2a. Based on the obtained splitting threshold, the historical samples are classified into
two conditional scenarios based on daily average solar irradiance, namely the low-irradiance scenario and
the high-irradiance scenario.

2
> (33)

Vi — Vs

min Z Z
se[S]neL

In the regression-tree-based conditional scenario partitioning method, each terminal node s contains
n, historical samples under similar solar-irradiance conditions. The scenario probability p, can be

calculated from the proportion of samples assigned to each terminal node, as shown in Equation (34).
Correspondingly, the Wasserstein radius 6, for each conditional scenario is defined by Equation (35).
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nS‘
p=7r (34)
1 ~
Hé:n—z v =) (35)
S neLg

where L, is the index set of historical daily samples assigned to scenario s, n, is the number of

N

historical days in scenario s, N is the total number of historical daily samples, respectively. The
uncertainty is described according to the probability distribution and Wasserstein radius of each scenario.
For instance, we obtain two typical scenarios of PV output, say, s=s,,s,, with their corresponding
probabilities. The Wasserstein sphere considering scenario information is shown in Figure 2b. The
introduction of scenario information divides historical data into two categories with corresponding
Wasserstein radii 6,, 6,. If the scenario information is not considered, the Wasserstein sphere is obtained
using the classical ambiguity set (the blue sphere in Figure 2b). The center of the sphere is the empirical
distribution based on historical data.

Regression tree

Mean irradiance < 222.618 W/m? I Mean irradiance > 222.618 W/m*

l l

Scenario 1: p; =0.544 Seenario 2: py=0.456

60  —— MG31 PV power B 60 F —e— MG31 PV power
MG32 PV power MG32 PV power
—&— MG33 PV power —4— MG33 PV power
40 40
s =
E
S S
& 20 1 & 20
,_v_‘/\‘.._A L
0 1 0
00:00 04:00 08:00 12:00 16:00 20:00  24:00 00:00 04:00 08:00 12:00 16:00 20:00  24:00
Time Time
(a) (b)

Figure 2. Characterization of uncertainty based on external information using a regression tree and a Wasserstein ambiguity set.
(a) PV power scenario generation based on a regression tree; (b) Wasserstein sphere considering scenario information.

Compared with ¢, the improved ambiguity set ¢ with scenario information has a smaller Wasserstein

radius. The improved Wasserstein ball aims to avoid an overly conservative worst-case distribution P*
while containing the real distribution B, by learning scenario information from historical data. It captures
the potential correlation between prediction errors and scenarios, which is conducive to increasing the
effective use of historical data and reducing the conservatism of the model.

3.2. Model Linearization

In the model proposed in Section 1, Equation (6) contains an absolute value term, whereas Equation
(13) and Equation (21) contain quadratic terms. These nonlinear terms must be linearized before solving

the model. For Equation (6), the binary auxiliary variable £2P¢ is introduced to indicate whether the

it
startup/shutdown status of the backup diesel generator changes between two adjacent time periods.
Equation (6) can then be reformulated as:
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t{  _ ooBDG pBDG
Ciss =S58 Bis

BDG BDG BDG
ﬁi,t ZBi,t _Bi,t—l

BEDG > pBDG _ pBDG (36)

N i,t—1 it

B2 e{0,1}

For Equation (13) and Equation (21), the polygonal inner approximation method is used to approximate
the circular feasible regions of apparent power by regular dodecagonal linear feasible regions. Equation
(13) and Equation (21) can then be reformulated as Equation (37) and Equation (38), respectively:

BDG BDG . BDG oBDG T
Pi,t €os ¢m + Q[,t s ¢m < Bi,t Si COSH (37)

. V4
P,-/-,, cosd,, + Ql-j), sing,, < S,-j cosﬁ (3%)

where ¢, =Q2m-\)z/M , M =12,and m=1,...,M . The nonlinear constraints in Equation (13) and Equation
(21) can each be approximated by 12 linear constraints, as represented by Equation (37) and Equation (38),
respectively. The linearized feasible regions are inscribed in the original feasible regions and satisfy the
feasibility requirements [12].

3.3. Linear Decision Rule

Based on the Wasserstein ambiguity set described in Section 2.1, the two-stage distributionally robust
optimization model for the microgrid cluster can be expressed as in Equation (39):
min[c¢” x +sup Ep {min d’ y}]
X Peg y
st. Ax<b (39)
Cx+Dy< g0 +Gv

BDG BDG  buy/sell . TES,ch/dis TES.chldis oTES _ ES,chldis pES.chldis ES-T
B, 9ﬂi,z SUi Uiy > 7Si,t SUi ’Pi,t 7Ei,t]

where x=[ is the vector of day-ahead

decision variables, y=[y" % yPV1" is the vector of intraday recourse decision variables determined
after the realization of v; y¥“, y*  and »”¥ denote the internal re-scheduling variables of each
microgrid, the power-exchange variables among microgrids, and the operating variables of the distribution
network, respectively, 4, C, D,and G are the coefficient matrices of the corresponding constraints, 5
and g° are constant vectors.

Because the decision variable y varies with the uncertain variable v, directly solving the model
would involve an infinite dimensional decision function. The affine relationship based on the linear decision
rule does not compromise the optimality of the objective function. Ref. [13] demonstrates that, although
y,(v) and its affine approximation )Az, (v) are not strictly equivalent, they yield the same optimal solution.
To improve the tractability of the model, a linear decision rule is introduced to approximate the decision
variable by establishing an affine dependence between the decision variable and the uncertain variable:

;t (v)= i+ Z Yivis (40)

selS]

where " is the baseline intraday scheduling decision when the PV forecast errors are zero, and Y, is the

coefficient matrix of the linear decision rule. To reduce the computational complexity of the model, this
study allows the intraday decision variable y, attime ¢ to respond only to the PV forecast errors at time
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¢ . Numerical comparisons between the proposed contemporaneous decision rule and the full multi-period
affine decision rule demonstrate that both approaches yield identical optimization results.

3.4. Equivalent Transformation Based on Strong Duality

The linear decision rule given in Equation (40) is substituted into Equation (39). Under this rule, the
inner worst-case expectation problem can be transformed into a finite dimensional form based on strong
duality theory. The model can then be reformulated as follows:

min x+ Y py (B +20,)
X, Vs AZ0 se5]

st. d"y(v)< B,
(v-) 1
o)

Ax<b
Cx+D;(;)3g°+G;

dT;(G)—/uT

< B

(41)

d"y(v)-a1" <8,

Cx—i—D)A/(X)SgO +Gy

where A is the nonnegative dual variable corresponding to the Wasserstein distance constraint, and g, is
the auxiliary variable corresponding to the joint scenario s.

3.5. Benefit Allocation for the Microgrid Cluster Based on Cooperative Game Theory

A cooperative game is a type of game in which participants cooperate through binding agreements to
achieve the optimal benefits of the coalition. For a cooperative game to exist, the following conditions are
required:

C(S) < Z C
ieS
Cf <C;,k e {Sh,PC} (42)
A =C(8$)-D.Cf =20
ieS

The first equation indicates that cooperation among microgrids can generate cost savings. The second
equation represents the individual rationality constraint of the cost allocation, indicating that participating
in the coalition does not increase the operating cost of any microgrid. The third equation represents the
coalition stability constraint, which ensures that no subcoalition has an incentive to deviate from the current
coalition to achieve a lower operating cost. A% denotes the stability margin of coalition S under the k-th
cost allocation method.

Any subset Sc/ of the microgrid set / represents a cooperative alliance. All microgrids operate
normally and are connected to the public distribution network. Power exchange is allowed only among
alliance members. C(S) represents the sum of the operating costs of the alliance members in the system’s
optimal scheduling result under this alliance structure. The Shapley cost allocation result for microgrid i
is expressed as follows:

e - 3 USID w1 DY) s )

!
Ses, My
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where S; is the set of all alliances containing microgrid i, n, is the number of microgrids, and
C(S)-C(S\i) is the marginal cost resulting from microgrid i joining alliance S.

To compare the differences among different cost allocation methods, the power interaction contribution
degree is further used to allocate the change in cost caused by the cooperative operation of the microgrid
cluster. Let ¢, denote the optimal cost of microgrid i when it operates independently, and let €%

denote the total operation cost after all microgrids form a cooperative alliance. The cost allocation result
for microgrid i is expressed as follows:

/' =C+o (C(S)—ZM:C,} (44)

i=1

where o, represents the power interaction contribution of microgrid i and can be expressed as follows:

0 = (45)

where P,j‘f denotes the exchanged power between microgrid i and microgrid ; attime ¢. The power

interaction contribution degree o, is defined as the ratio of the cumulative exchanged energy of microgrid
i to the total exchanged energy among all microgrids. When the microgrid coalition is large, the Shapley

allocation method requires calculating the coalition payoff for ZM:C,’;M different cases. In contrast, under
i=1

this scheme, allocating the payoff to each microgrid requires only the total payoff of the microgrid coalition

and the payoff of each microgrid when operating independently to be calculated. Thus, only »,, +1

calculations are required, significantly reducing the computational burden.

4. Case Study

This study conducted a case study on a microgrid cluster based on the modified IEEE 33-bus
distribution system. The microgrids are heterogeneous in their PV outputs, load demands, and equipment
parameters. The case study was used to verify the to verify the proposed distributionally robust
collaborative optimal scheduling and cooperative-game-based cost allocation method for the microgrid
cluster. The scheduling period was 24 h, and the time interval was 1 h. The historical sample set of PV
output, electrical load, and solar irradiance was obtained from the publicly available measurement dataset
of the StoreNet energy community on the Dingle Peninsula, Ireland [14]. Data from winter 2020 were used.
To match the parameters of the microgrid cluster, the historical power characteristic curves expressed as
percentages were multiplied by the rated power of the equipment in each microgrid for appropriate scaling.
The electricity purchase and sale prices for day-ahead settlement with the main grid, along with the
parameters of the various devices, are presented in Figure Al and Tables A1-A3 in Appendix A.

4.1. Analysis of Collaborative Scheduling and Cooperative Game Results for the Microgrid Cluster

To verify the effects of different scheduling strategies and alliance forms on the economic operation of
the system, the optimization problem for each of the seven nonempty alliance forms of the microgrid cluster
is solved separately using deterministic optimization (DM), robust optimization (RO), and distributionally
robust optimization (DRO). The operation costs of the different alliance forms under each scheduling
strategy are shown in Table 2.0
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Table 2. Operation Costs of Various Alliance Forms Using Different Scheduling Strategies.

Type DM RO Conventional DRO Improved DRO
{1} 443.96 477.69 474.96 474.46
{2} 618.81 644.54 643.32 641.95
{3} 594.66 646.14 646.14 643.48
{1,2} 1053.13 1102.85 1098.42 1094.37
{1,3} 1027.50 1092.22 1090.07 1085.23
{2,3} 1212.22 1273.01 1272.06 1267.64
1

,2,3} 1636.66 1719.38 1714.51 1706.76

For the same alliance form, the DM method does not consider PV forecasting errors and therefore has
the lowest operation cost, but it involves a higher operational risk. The DRO method considers the
distributional information of PV output. Its conservatism lies between those of the DM and RO methods,
and it is therefore more economical than the RO method. Cooperative operation among microgrids can
further reduce the system cost. Under DRO, the sum of the operation costs of the three microgrids when
operating independently is $1759.89, whereas the cost of the grand coalition decreases to $1706.76.
Furthermore, the cost of each two-member coalition is lower than the sum of the independent operation
costs of its members, while the cost of the grand coalition is lower than the sum of the costs of any two-
member coalition and the independent operation cost of the remaining microgrid. These results show that
power exchange among microgrids can exploit the complementarity in energy sources, loads, and
equipment among different microgrids and reduce the overall operation cost under uncertainty. The more
pronounced the uncertainty, the more evident the value of cooperation achieved through power exchange
and equipment coordination among microgrids. Table 3 further compares the three scheduling strategies in
terms of economic performance, energy exchange characteristics, and computational efficiency. Compared
with the DM method, the RO and DRO methods improve robustness against PV forecast deviations at the
expense of higher operating costs. The RO method provides the most conservative solution, with lower grid
export and larger peak exchange among microgrids, whereas the DRO method achieves a better balance
between economic performance and robustness. Although the proposed DRO model is complex, it is
acceptable to trade a slightly longer solving time for better performance.

Table 3. Performance Comparison of Different Scheduling Strategies.

Grid Import Grid Export Peak Exchange Load Curtailment

Method Cost (3) (KWh) (KWh) (kW) Probability (%)  m¢®
DM 1636.66 1068.64 173.55 366.20 0 0.80
RO 1719.38 2076.89 838 43834 0 63.68
Conventional 1714.51 2047.40 125.86 43834 0 27133
DRO
Improved DRO 1706.76 1958.64 146.00 42374 0 468.29

To ensure a reasonable allocation of cooperative costs, the Shapley value method and the power
interaction contribution degree method are used separately to allocate the cost of the grand coalition. Table
4 Opresents the cost allocation results calculated from the costs in Table 2.
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Table 4. Cost Allocation and Stability Verification of the Grand Coalition Under the DRO Scheduling Strategy.

. Cost Allocated Under the Grand  Cost Allocated Under the Grand Coalition
Independent/Coalition

Type Operating Cost (5) Coalition U;th l:::; ?;)apley Value Using the Pov;/ell(;tﬁg(l;t(r;;)ution Degree
{1 474.46 453.56 455.84
{2} 641.95 628.50 625.84
{3} 643.48 624.70 625.08
{1,2} 1094.37 1082.06 1081.68
{1,3} 1085.23 1078.26 1080.92
{2,3} 1267.64 1253.20 1250.92
{1,2,3} 1706.76 1706.76 1706.76

Under both allocation methods, the allocated costs of the three microgrids satisfy Equation (42).
Because the two allocation methods measure cooperative contributions from different perspectives, the
cooperative costs allocated to the microgrids differed to some extent. Compared with the power interaction
contribution degree method, the Shapley value method was more favorable to MG31 and MG33, whereas
the power interaction contribution degree method was more favorable to MG32. From the perspective of
the effect of a member’s withdrawal from cooperation on the system cost, the system cost increased by
$35.34, $20.41, and $31.08 when MG31, MG32, and MG33 withdrew, respectively. This indicates that
MG31 and MG33 made greater marginal contributions to maintaining the economic performance of the
alliance. From the perspective of power exchange among microgrids, the power interaction contribution
degrees of MG31, MG32, and MG33 were 35.06%, 30.32%, and 34.62%, respectively. This also indicates
that MG31 and MG33 made greater contributions to power exchange among microgrids. For the model in
this study, the conclusions obtained from the two evaluation perspectives were generally consistent.
However, the two methods may yield substantially different allocations when the magnitude of power
exchange is not proportional to its economic value, for example, under tie-line congestion, heterogeneous
marginal operating costs, strong storage effects, or discrete events including generator start-up and load
curtailment. In terms of computational burden, Table 5 shows that the power interaction contribution degree
method can significantly reduce the total computation time. Furthermore, this advantage becomes
increasingly evident as the number of microgrids grows.

Table 5. Computation Time of the Two Methods.

Number of Microgrids Shapley Value Method (s) Power Interaction Contribution Degree Method (s) Time Saved (s)

3 2381.71 937.78 1443.93
11,873.28 1548.28 10,325.00
5 55,491.16 2556.22 52,934.94

4.2. Analysis of Internal Unit Outputs in Each Microgrid

To further analyze the operating characteristics of the electrical equipment within each microgrid under
different operating modes, Figure 3 shows the 24-h prescheduling results of each microgrid under the
independent and collaborative operation modes.
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Figure 3. Optimized optimization output of microgrid equipment under independent and cooperative operation modes. (a) MG31;

(b) MG32; (¢) MG33.

Under independent operation, each microgrid maintained its power balance mainly through its internal
equipment and the distribution network. Under collaborative operation, the three microgrids could conduct
bidirectional power exchange according to load demands and equipment operating states in different
periods. Compared with independent operation, MG33 increased its CCHP output and transferred power to
the other microgrids at 1:00 and from 3:00 to 7:00. From 17:00 to 19:00, the direction of power transfer
changed, and MG31 instead supplied power to MG32 and MG33. This reflected the complementarity
between supply and demand among the microgrids in different periods. Through the above power exchange,
the total electricity purchases and total electricity sales of the microgrid cluster decreased by 26.40% and
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27.04%, respectively, and the BDG power generation was reduced to zero. These results indicate that
collaborative operation can reduce transactions with the external grid and the dispatch of backup units.

4.3. Monte Carlo Simulation Test

To further evaluate the robustness of the proposed DRO model under different uncertainty
characteristics, an out-of-sample Monte Carlo simulation (MCS) is performed. Given the possible non-
Gaussian characteristics of PV forecast errors, Gaussian, Student-t, and skew-normal distributions are

adopted to generate 1000 samples for each case. The average cost, standard deviation, confidence interval,
P95 cost, CVaR,s, and load reduction rate are provided in Table 6.

Table 6. Out-of-Sample Average Costs Under Different Prediction Errors.

Type DM RO DRO Distribution
Average cost £ SD (§) 1637.25 + 3.48 1640.37 + 3.60 1637.97 + 3.28
95% CI ($) [1637.03, 1637.47] [1640.15, 1640.59] [1637.76, 1638.17] Gaussian
P95 cost ($) 1642.97 1646.16 1643.38 —
ok, =20%pP""
CVaRys (3) 1644.57 1647.90 1644.70 Py
Load reduction rate (%) 1.10 0 0
Average cost £ SD () 1637.16 +3.21 1640.32 +3.28 1637.96 + 3.03
95% CI ($) [1636.96, 1637.36] [1640.12, 1640.53] [1637.78, 1638.15] Student.t
P95 cost ($) 1642.33 1645.53 1642.88 —
ok, =20%pP""
ClVaRys ($) 1643.92 1647.22 1644.24 PY
Load reduction rate (%) 2.30 0 0
Average cost = SD ($) 1637.31 +3.36 1640.42 + 3.45 1638.05 + 3.18
95% CI ($) [1637.10, 1637.52] [1640.21, 1640.64] [1637.85, 1638.25] Skew-normal
P95 cost ($) 1643.15 1646.44 1643.45 —
ok, =20%pP""
CVaRys ($) 1644.50 1647.78 1644.87 Py
Load reduction rate (%) 0.10 0 0

The DRO method maintains stable scheduling performance under different error distributions.
Compared with the DM method, DRO achieves improved robustness against PV forecast deviations, while
avoiding the excessive conservatism of the RO method. The relatively small standard deviations,
confidence intervals, and tail-risk indicators further demonstrate the reliability of the proposed DRO
scheduling strategy under uncertain PV conditions.

4.4. Sensitivity Analysis of Wasserstein Radius

The conservative degree of distributionally robust optimization is determined by the Wasserstein
sphere radius of the ambiguity set. The sensitivity analysis is conducted by scaling the Wasserstein radii
constructed previously with different percentages, and the results are shown in Figure 4.

As the Wasserstein radius increases, the day-ahead average cost of DRO shows an upward trend and
gradually approaches the results of RO ($1719.38). This means that the proposed DRO model pays more
attention to fluctuations of PV uncertainty and widens the range of probability distribution of random
variables. Hence, day-ahead decisions become more conservative and reliable. For real-life implementation,
decision-makers can adjust the Wasserstein sphere radius according to the needs of different situations and
subjective risk preferences.
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Figure 4. The costs under different Wasserstein radii.

5. Conclusions

This paper establishes a two-stage distributionally robust collaborative optimization scheduling model

for a microgrid cluster based on cooperative game theory. The model provides a reference for collaborative
optimization among multiple microgrids. The main conclusions are as follows:

(1)

2)

3)

Daily average solar irradiance was used as an external variable. A regression tree was used to extract
the conditional distribution characteristics of the historical PV data from each microgrid. A Wasserstein
distance-based ambiguity set was then constructed. The model was reformulated into a tractable form
using a linear decision rule and duality theory and duality theory. This approach effectively
characterized the uncertainty of PV power output.

The model fully considered the energy resources available for scheduling in the microgrids, including
CCHP units, BDGs, PV systems, electrical energy storage systems, and thermal energy storage systems.
Under the collaborative operation mode, power exchange among the microgrids reduced the scheduling
cost of the alliance and optimized the operating strategies of the devices participating in scheduling
within each microgrid. Two cost allocation methods were also adopted to allocate the cost of
cooperative operation. The individual rationality of the allocation schemes and the stability of the
alliance were verified.

The simulation results show that the proposed model achieves better economic performance than the
traditional method. The day-ahead scheduling decisions of the proposed model exhibit good robustness
to fluctuations in the uncertain variables in the Monte Carlo simulation experiments.

This study currently considers only PV output as an uncertain variable and validates the model using

a three-microgrid system. Future work could further consider multiple uncertain factors and explore more
effective scenario clustering strategies to improve the applicability of the model under complex operating
scenarios.
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Appendix A
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Figure Al. Purchase and sale electricity prices in the day-ahead scheduling stage.
Table Al. Parameters of heat-network devices in each microgrid.
CCHP Active Maximum Mlmmufn/Inltlal Ma'x1mufn N'I:.ix1mum.
. . . . /Maximum Charging/Discha Auxiliary Boiler Rated Thermal
Microgrid Power Limits Recovered Heat .
(kW) Output (kWh) Stored Thermal rging Power Heat Output Load (kWh)
P Energy (kWh) (kW) (kWh)
MG31 40/400 285 0/300/600 50 142.5 200
MG32 40/400 285 0/400/800 50 142.5 300
MG33 40/400 570 0/600/1200 75 285 300
Table A2. Parameters of electrical devices in each microgrid.
Microerid Equivalent Rated Electric- Equivalent Rated PV  Minimum BDG Rated BDG iivali/%utp;t
g Load Capacity (kW) Capacity (kW)  Active Power (kW) Capacity (kVA) werrtpp
Limit (kW)
MG31 278.70 85.25 30 600 40/400
MG32 337.73 83.70 30 600 40/400
MG33 302.32 117.44 30 600 40/400

The equivalent capacities are obtained by converting the capacity inputs of the optimization model to the 24-h energy scale of
the IEEE 33-bus load and PV profiles.

Table A3. Cost, energy-conversion and network coefficients.

Parameter Symbol Value Unit
BDG start-up/shut-down cost S§BpG 2 $/event
BDG fuel cost cPoF 0.145 $/kWh
Natural-gas price c99%s 0.35 $/m’
chpa 0.008 $/kWh
Operation and maintenance cost coefficients cfeHP 0.012 $/kWh
i 0.013 $/kWh
. . . . CTES,ch/dis 0.05 $/kWh
Energy-storage charging/discharging cost coefficients Cos.ch/dis 0.01 $/kWh
nistP 0.33 -
nlES 0.95 -
TES
Energy conversion and storage coefficients ni'cggdis 0.97 -
n; 0.60 -
ni¥ 0.80 -
nintt 0.70 -
P} max 50/50/50 kW

Power-exchange limits :
g P 10 MW
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