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Abstract——With the increasing number of distributed flexible 
resources with energy storage capabilities in virtual power 
plants (VPPs), the traditional market clearing model that only 
includes quantity and price bids cannot fully unlock their poten‐
tial flexibility. In light of this, we propose a market clearing 
model for energy-constrained virtual power plants (EC-VPPs) 
based on distributionally robust chance-constrained optimiza‐
tion (DRCCO) with moment information. Furthermore, to ad‐
dress the uncertainty of EC-VPPs in the electricity market, a 
pricing strategy for EC-VPPs is proposed. This strategy helps 
quantify the impact of uncertainty in EC-VPPs on the system 
economy. The proposed market clearing model is reformulated 
as a tractable mixed-integer second-order cone programming 
(MISOCP) problem via a two-sided distributionally robust 
chance-constrained convex reformulation method. Numerical 
simulations verify that the proposed pricing strategy offers fair 
incentives for both reserve providers and uncertain sources, 
and delivers an effective market mechanism for the EC-VPPs.

Index Terms——Electricity market, market clearing, virtual 
power plant, pricing strategy, uncertainty, distributionally ro‐
bust chance-constrained optimization.

I. INTRODUCTION 

WITH an increasing number of countries setting net-ze‐
ro carbon emissions goals, the number of distributed 

flexible resources is rapidly increasing. Distributed flexible 
resources have great potential in improving the economy and 
security of power systems [1]. However, the low-capacity 
distributed flexible resources face major challenges in meet‐

ing the entry threshold to the electricity market. Virtual pow‐
er plants (VPPs) constitute a new type of entity in the elec‐
tricity market. They aggregate a group of distributed flexible 
resources to participate in electricity market operations, prop‐
erly manage distributed flexible resources, and increase the 
flexibility of power systems [2].

China has been steadily advancing the development of 
VPPs supported by a series of policy measures [3]. Regard‐
ing peak shaving services, North China and Shanghai have 
explicitly allowed VPPs to operate as independent market en‐
tities, offering these services by acting as demand response 
(DR) resources. Regarding frequency regulation services, Ji‐
angsu, China has included aggregated energy storage service 
providers as part of its frequency regulation resources, fur‐
ther expanding the application of VPPs.

Globally, the U.S., Australia, and Germany are actively ex‐
ploring the participation of VPPs in their electricity markets. 
California, with its abundance of flexible resources, allows 
its independent system operator to handle peak shaving by 
developing plans through the day-ahead energy market [4]. 
In Australia, large-scale residential solar photovoltaic sys‐
tems and energy storage facilities have been integrated into 
the grid to support its management [5]. Like California, Aus‐
tralia does not have a standalone peak shaving market but 
manages peak shaving through pre-clearing and real-time 
markets. As a pioneer of VPPs in Europe, Germany has inte‐
grated large amounts of wind, solar, and other renewable en‐
ergy resources through its VPP platform [6]. Its peak shav‐
ing and frequency regulation are addressed primarily through 
frequency reserves and balancing markets, thereby setting a 
benchmark for VPP applications in Europe.

In an electricity market including VPPs, clearing is mostly 
centralized. A joint clearing model for the distribution-side 
market that considers the coupling relationship of multiple 
electricity market products has been proposed [7]. In this 
centralized model, a VPP aggregates its resources and sub‐
mits them as a single market entity to the market operator re‐
sponsible for market clearing. To ensure the coordinated opti‐
mization between the market and VPPs in a bilevel model, 
an upper-level model minimizes the overall operational cost 
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of the active distribution network, whereas a lower-level 
model maximizes the advantages of each VPP agent [8]. The 
bilevel model emphasizes the interaction between the VPP 
decision-making and market response to these decisions. An‐
other VPP model that considers the pricing strategy is pro‐
posed in [9]. Clearing is influenced by the pricing strategies 
adopted in the electricity market, further facilitating VPP par‐
ticipation in the market.

In the existing electricity market clearing approaches, 
VPPs often submit bids and operational constraints like 
those of conventional power generation units, including pow‐
er and ramping constraints [10]. Order No. 841 issued by 
the U. S. Federal Energy Regulatory Commission requires 
electricity market designs to “account for the physical and 
operational characteristics of electric storage resources 
through bidding parameters or other means” [11]. However, 
owing to the presence of various types of general-purpose 
energy storage systems in VPPs, the existing constraints for 
VPPs cannot fully reflect their operational status. In fact, di‐
verse energy constraints have been identified in VPP aggre‐
gation models [12]-[15]. However, they are often overlooked.

VPPs not only aggregate large amounts of energy storage, 
but also gather various types of wind and solar generation re‐
sources. Therefore, when VPPs receive dispatch instructions 
and response commands from the electricity market, inevita‐
ble deviations exist between the actual output of VPPs and 
dispatch instructions owing to uncertainties in the actual out‐
put of VPP components [16] - [20]. Considering the energy 
constraints and uncertainty of VPPs, traditional bidding mod‐
els cannot adapt to the uncertainty and temporal coupling of 
power delivered by VPPs. Stochastic programming and ro‐
bust optimization are common methods to address the uncer‐
tainty of market participants. For example, in [18] and [21], 
the scenario-based stochastic programming is used for a 
joint economic dispatch with renewable energy. In [22], the 
robust optimization is used to address the wind uncertainty 
in energy and reserve scheduling. However, the stochastic 
programming often requires knowledge of the true distribu‐
tion of uncertainties, whereas the results of robust optimiza‐
tion tend to be overly conservative. Distributionally robust 
chance-constrained optimization (DRCCO) can address these 
problems in historical data while preventing overly conserva‐
tive scheduling outcomes [23]-[26].

DRCCO has been applied to handle price uncertainties. 
For example, in [27] and [28], DRCCO is used to develop 
market clearing models that consider uncertainties in wind 
power and demand and infer uncertainties in locational mar‐
ginal prices (LMPs). This is further expanded in [29] and 
[30] to explore the relationship between locational marginal 
uncertainty prices (LMUPs) and reserve LMPs. Although 
these models are applicable to power systems involving dis‐
tributed resources while considering uncertainty, they are 
limited to traditional electricity market operation modes and 
require more consideration for the participation of energy-
constrained VPPs (EC-VPPs). In [31], multiservice battery 
market clearing is introduced using DRCCO and considering 
multiservice pricing. However, the model only accounts for 
the simplest battery models and neglects grid congestion.

Various technical issues remain to be addressed. First, 
many VPPs possess energy-adjustable characteristics [11] -
[14]. The formulation of a market clearing model for improv‐
ing the energy adjustability of VPPs requires further investi‐
gation. Second, inevitable deviations occur between the VPP 
outputs and dispatch instructions issued by market operators 
[32]-[34]. Existing market clearing models neglect pricing re‐
lated to these deviations. Third, although the rationality of 
the uncertain payment of renewable energy is demonstrated 
in [30], but the uncertainties of VPPs differ from those of re‐
newable energy sources (e. g., batteries, energy storage sys‐
tems, distributed generators, and DR loads). Research on the 
uncertainty in EC-VPPs remains insufficient. Therefore, an 
appropriate market clearing model should be devised to inte‐
grate the energy constraints and uncertainties of VPP while 
ensuring the power balance and economic operation of pow‐
er systems.

To address the abovementioned issues, we propose a mar‐
ket clearing model for VPPs that considers energy con‐
straints and uncertainty. The main contributions of this study 
are summarized as follows.

1) A universal pricing model is proposed considering ener‐
gy constraints in VPPs, allowing EC-VPPs to simultaneously 
participate in the day-ahead energy and reserve markets.

2) The universal pricing model supports the collaborative 
pricing of active power and uncertainty in a VPP. We demon‐
strate the matching of uncertainty payments with reserve 
costs by using a rigid mathematical proof. The pricing mod‐
el provides price incentives for managing uncertainty in 
VPPs.

3) We apply DRCCO with bilateral constraints to solve 
the VPP and uncertainty pricing problems. A moment-based 
method is used to transform the chance constraints. The orig‐
inal problem is transformed into a tractable mixed-integer 
second-order cone programming (MISOCP) problem without 
relying on specific information regarding the EC-VPP uncer‐
tainty.

The remainder of this paper is organized as follows. The 
concept of the EC-VPP with uncertainty is introduced in Sec‐
tion II. The chance-constrained market clearing model for 
EC-VPP is presented in Section III. Section IV presents the 
pricing strategy considering VPP uncertainty. Case studies 
are presented in Section V. Finally, we draw conclusions in 
Section VI.

II. CONCEPT OF EC-VPP WITH UNCERTAINTY 

A. Operation Mode of Electricity Market with VPP

The process of electricity market organization is illustrat‐
ed in Fig. 1. The relationship among the market operator, 
VPP, and distributed energy resource owners is shown in 
Fig. 2.

The business operation model of electricity market with 
VPP can be divided into the following four stages.

1) The electricity market operator determines the relevant 
boundary conditions for unit and grid operations on the oper‐
ational day. Once prepared, the operator releases information 
about day-ahead market transactions to market participants.
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2) Electricity market participants submit products and 
their information. Based on the forecasting information from 
distributed flexible sources, the VPP aggregates the output 
ranges and operating costs of its internal resources to obtain 
the output pattern curve and aggregated cost characteristics 
of its flexible resources. The VPP agent submits the bid pric‐
es and output ranges for various market products to the elec‐
tricity market operator. We consider that the VPP bids for 
the output limits, load limits, and prices of various products. 
In addition, to account for the energy state of VPP, its ener‐
gy range and its initial and final energy states should be con‐
sidered. Traditional power generation units also submit their 
output ranges and cost curves to the electricity market opera‐
tors. Simultaneously, the grid control center determines the 
market product demand for each node of the grid in all peri‐
ods and reports the demand curve to the trading center.

3) After collecting bids from all participants, the electrici‐
ty market operator considers the output ranges and cost char‐
acteristics of various units and considers the prices of vari‐
ous market products in the electricity market. The operator 
performs unified market optimization clearing based on the 
product demand and system security operating constraints, 
determining the winning bid prices and quantities for each 
VPP as well as the equipment dispatch plan and product in‐
teraction plan between the external electricity market and lo‐
cal electricity market.

4) The electricity market operator publishes the day-ahead 
interaction plan, including the trading volumes and prices, to 
all market participants.

B. EC-VPP Model

VPPs aggregate various distributed flexible resources and 
participate in the electricity market through market operators 
that act as agents. Unlike conventional generators, VPPs are 
affected by their energy states because of the distributed flex‐
ible resources that provide grid services. To ensure that the 
grid dispatch demands on a VPP do not exceed its capacity 
to provide energy services, the VPP must submit the aggre‐
gated energy regulation range of its distributed flexible re‐
sources, that is, the boundary curve of its energy constraints.

We incorporate energy constraints and states into the VPP 
model. The VPP energy state range depends on the aggrega‐
tion of its internal distributed flexible resources. Various 
methods for calculating the parameters of VPP aggregation 
models and energy state ranges have been proposed [10] -
[13]. The VPP model considering the energy constraints, i.e., 
EC-VPP model, can be expressed as:

eit = θiteit - 1 + ( )ηb
it x

b
it pVPPb

it -
xs

it

ηs
it

pVPPs
it Dt - δit (1)

-e it £ eit £ ēit (2)

-e ifin £ eiT £ ēifin (3)

0 £ pVPPs
it £ p̄s

it (4)

0 £ pVPPb
it £ p̄b

it (5)

pit = xs
it pVPPs

it - xb
it pVPPb

it (6)

xs
it + xb

it = 1    xs
itx

b
itÎ{01} (7)

where t is the index of time slots; T is the scheduling hori‐
zon; i is the index of nodes in power systems; eit is the ener‐
gy state of the ith VPP at time t; θit is the energy dissipation 
rate of the ith VPP at time t; ηs

it and ηb
it are the charging and 

discharging efficiency rates of the ith VPP at time t, respec‐
tively; Dt is the time step; pVPPs

it  and pVPPb
it  are the sold and 

purchased power of the ith VPP at time t, respectively; δit is 
the energy correction factor of the ith VPP at time t; ēit and 

-e it are the upper and lower bounds for energy state of the ith 

VPP at time t, respectively; ēifin and -e ifin are the final upper 

and lower bounds for the energy state of the ith VPP, respec‐
tively; p̄s

it and p̄b
it are the upper bounds for the sold and pur‐

chased power of the ith VPP at time t, respectively; xs
it and 

xb
it are the introduced binary variables of the ith VPP at time 

t; and pit is the power transmitted from the ith VPP to elec‐
tricity market at time t.

Distributed flexible resources primarily include devices 
with energy storage characteristics (e. g., batteries, energy 
storage systems, thermally controllable loads, and deferrable 
loads), distributed generators, and DR loads [35]. For energy 
storage devices, factors such as the charging and discharging 
rates and capacity may impose energy constraints. However, 
other flexible resources aggregated by VPPs also impact 
their operational status. The output of renewable energy gen‐
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Fig. 1.　Process of electricity market organization.

Scheduling
plan

Energy
storage
devices

Demand
response

loads

…

Distributed flexible
resources

VPP agent Electricity market
operator

External market
operator

Local electricity
market

External electricity
marketDistributed

generators

Generator,
load, and grid

parameters

Scheduling
plan

Generator,
load, and grid

parameters
Aggregation

Bidding

Scheduling
plan

Inter-regional
electricity trading

Fig. 2.　Operation model of electricity market with VPP.

2159



JOURNAL OF MODERN POWER SYSTEMS AND CLEAN ENERGY, VOL. 13, NO. 6, November 2025

eration equipment such as wind turbines and solar photovol‐
taic panels is strongly affected by weather conditions, which 
may lead to instability in the energy supply. The DR load 
balances supply and demand by adjusting the electricity con‐
sumption behavior. However, the user participation and re‐
sponse speed may become limiting factors.

To better understand EC-VPPs, the corresponding relation‐
ships between the parameters of EC-VPP model in (1) - (7) 
and several representative distributed flexible resources are 
listed in Table I.

In Table I, SOCt is the state of charge (SOC) of energy 
storage system at time t; p̄c

t  and p̄d
t  are the charging and dis‐

charging power of energy storage system at time t, respec‐
tively; 

- -- -----
SOC t and - -- -----SOC t are the upper and lower bounds for 

SOCt at time t, respectively; DSOCt is the charge variation 
caused by electric vehicles in the energy storage system at 
time t; p̄DG

t  is the upper bound for the planned output of all 
distributed generators at time t; pDG

t  is the output of distribut‐
ed generators at time t; Dpt is the energy deviation at time t; 
d DR

t  is the planned DR load at time t; d DRB
t  is the forecast‐

ing DR load at time t; d̄ DR
t  and -d

DR
t  are the upper and lower 

bounds for the DR load at time t, respectively; Dwt is the en‐
ergy deviation caused by the DR load at time t; and ηc

i  and 
ηd

i  are the charging and discharging efficiency rates of ener‐
gy storage system, respectively.

C. VPP Uncertainty

The inherent characteristics of distributed flexible resourc‐
es inevitably lead to deviations between the actual output 
and dispatch instructions of a VPP. These uncertainties pri‐
marily originate from three sources: ① SOC forecasting er‐
ror of energy storage system; ② forecasting error of renew‐
able energy generation; and ③ DR deviation.
1)　SOC Forecasting Error of Energy Storage System

The accuracy of SOC forecasts critically determines the 
VPP supply-demand balance capability. Inaccurate SOC fore‐

casts force the VPP to procure additional reserves or incur 
penalty costs, thereby increasing the operational expenditure. 
Specifically, SOC forecasting errors amplify the reserve ca‐
pacity costs.
2)　Forecasting Error of Renewable Energy Generation

The variability in renewable energy generation, especially 
of solar and wind energy sources, introduces large uncertain‐
ties. Poor forecasting can lead to large deviations from dis‐
patch instructions, often requiring the deployment of expen‐
sive fast-acting reserves to maintain grid stability. This type 
of error typically leads to the highest cost impact because it 
directly influences market clearing prices and reserve alloca‐
tions.
3)　DR Deviation

DR uncertainties impair the precision of load matching 
and peak shaving. Although DR deviations exhibit lower vol‐
atility than renewable sources, their cost implications be‐
come more pronounced when DR constitutes a core flexibili‐
ty resource. A slow DR further increases reserve costs dur‐
ing real-time operations.

The combination of multiple uncertainties hinders the pre‐
diction of the overall VPP output and energy boundaries, 
leading to a decrease in the credibility of VPP model. The in‐
evitable deviation caused by VPP uncertainty incurs addition‐
al costs for power systems [36]. The additional costs generat‐
ed by the uncertainties must be paid by the load, which is 
an unfair situation. Additionally, price signals from market 
clearing do not accurately reflect the impact of uncertainty 
on system operations. Therefore, the cost of uncertainties 
must be analyzed. This can encourage entities with uncertain 
properties to improve their forecasting accuracy to reduce un‐
certainty.

III. CHANCE-CONSTRAINED MARKET CLEARING 
MODEL FOR EC-VPP 

A. DRCCO-based Market Clearing Model

The market clearing model aims to minimize the total op‐
erational cost while satisfying various system operational 
constraints. Market participants can be divided into four cate‐
gories: external electricity markets, local electricity markets, 
VPPs, and traditional power generators. The optimization ob‐
jective function comprises operational costs of VPP and gen‐
erators, power purchase costs from external electricity mar‐
ket, and reserve costs, expressed as:

min C =∑
t = 1

T∑
i = 1

I

[F VPP
it +F GEN

it +Dt(bPT
t pPT

t + bGEN
rit rit )] (8)

where F VPP
it  is the cost of the ith VPP modeled by a piece‐

wise linear function at time t; F GEN
it  is the cost of the ith gen‐

erator modeled by a quadratic function at time t; bPT
t  is the 

energy price of external electricity market at time t; pPT
t  is 

the active power of external electricity market at time t; bGEN
rit  

is the reserve price of the ith node at time t; rit is the reserve 
power of the ith generator at time t; and I is the scheduling 
node quantity.

Considering the power output range and reserve limita‐
tion, each generator should satisfy the following constraints:

TABLE I

RELATIONSHIPS BETWEEN PARAMETERS OF EC-VPP MODEL AND SEVERAL 
REPRESENTATIVE DISTRIBUTED FLEXIBLE RESOURCES

Parameters in 
EC-VPP 

model in (1)-(7)

et

p̄b
t

p̄s
t

-e t

ēt

θt

ηb
t η

s
t

δt

Parameters of distributed flexible resources

Energy 
storage system

SOCt

p̄c
t

p̄d
t

- -- -----SOC t

- -- -----
SOC t

θt

ηc
i η

d
i

DSOCt

Distributed 
generator

0

p̄DG
t

1

1

Dpt

DR load

∑
t = 1

T

d DR
t

∑
t = 1

T

d̄ DR
t - d DRB

t

d DRB
t -∑

t = 1

T

-d
DR
t

∑
t = 1

T

-d
DR
t

∑
t = 1

T

d̄ DR
t

1

1

Dwt
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ì
í
î

ïï

ïï

git + rit £ ḡi

git - rit ³ -
g

i

(9)

where git is the output of the ith generator at time t; and ḡi  
and 

-
g

i
 are the upper and lower bounds for the output of the 

ith generator, respectively.
The system power balance is formulated as:

p in
it = git + (pVPPs

it - pVPPb
it )- dit: λit (10)

∑p in
it = 0: λsys

t (11)

-pl
j £Ψj p in

t £ pl
j (12)

where p in
it is the power injection of the ith node at time t; dit 

is the load of the ith node at time t; p in
t  is a vector composed 

of the power at each node at time t; Ψj  is the power transfer 
distribution factor matrix for line j; pl

j is the power flow 
transmission limit of line j; and λit and λsys

t  are the dual vari‐
ables of constraints (10) and (11), respectively.

The load at each node in the system is predicted, and the 
VPP output is planned. To balance the fluctuation of each un‐
certainty source, the output of generators and power injec‐
tion must be adjusted to compensate for power deviation. 
The generators must balance the deviations allocated to their 
corresponding nodes by the system and ensure that sufficient 
reserves are available, as shown in (15)-(17). The power in‐
jection varies with the VPP output, load, and generator out‐
put, as expressed in (18). Moreover, the energy state of VPP 
is affected by random power deviations.

p͂it = pit + ξ
p
it (13)

d͂it = dit - ξ
d
it (14)

g͂it = git - αite
T (ξ p

t + ξ
d
t ) (15)

rit ³ |αite
T (ξ p

t + ξ
d
t ) | (16)

∑αit = 1: λαt (17)

p͂ in
t = p in

t + (I - αte
T )(ξ p

t + ξ
d
t ) (18)

e͂it= θiteit- 1+ η
b
it x

b
it (pVPPb

it + ξ p
it )Dt-

1
ηs

it

xs
it (pVPPs

it + ξ p
it )Dt+ δit

(19)

where p͂it is the actual power of the ith VPP at time t; d͂it is 
the actual load of the ith node at time t; g͂it is the actual pow‐
er of the ith generator at time t; ξ p

it is the deviation power of 
the ith VPP at time t; ξ d

it is the load deviation of the ith node 
at time t; e is the vector of ones; ξ p

t  is the vector comprising 
the VPP power deviations; ξ d

t  is the vector comprising the 
load deviations; αit is a balancing factor for system uncer‐
tainty of the ith node at time t; p͂ in

t  is the vector of actual pow‐
er injection at time t; αt is a vector comprising factors αit; I 
is the identity matrix; e͂it is the actual energy state of the ith 
VPP at time t; and λαt  is the dual variable of constraint (17).

Energy correction factor δit refers to additional changes in 
energy within a VPP caused by various factors. It reflects 
phenomena such as energy loss resulting from temperature 
differences under controlled loads [37]. Typically, this param‐
eter is not considered in energy storage systems because it 

primarily focuses on the energy storage and release, whereas 
the energy correction factor involves dynamic changes relat‐
ed to usage and scheduling.

B. Uncertainty Reformulation Using Chance Constraint

We define chance constraints for rit, pl
j, and e͂it. Assuming 

that the deviations ξ i  do not follow a specific distribution, 
we consider that its underlying distribution originates from 
an ambiguity set that shares the same mean and covariance 
matrix. The ambiguity set Ωi for ξ i  is defined as:

Ωi: ={P|P(ξi )= 1EP (ξi )= μEP (ξi ξ
T
i )=Σi } (20)

where P is a probability distribution/function; EP (ξi )= μ rep‐
resents the mean of ξ i ; and EP (ξi ξ

T
i )=Σi  represents the co‐

variance matrix of ξ i .
The chance constraint for the reserve rit is shown in (21), 

and the chance constraint for pl
j is given by (22).

infPÎΩt

P(-rit £ αite
T (ξ p

t + ξ
d
t )£ rit )³ 1 - ε (21)

infPÎΩt

P(-pl
j £Ψj [p in

t + (I - αte
T )(ξ p

t + ξ
d
t )]£ pl

j )³ 1 - ε    (22)

where Ωt is the ambiguity set of ξ p
t + ξ

d
t ; and ε is the risk tol‐

erance level.
The uncertainty in VPP energy can be divided into two 

parts: energy state and energy boundary. The uncertainty con‐
straint of VPP energy is expressed as:

-e it + ξ
e -
it £ e͂it £ ēit + ξ

e +
it (23)

where ξ e -
it  and ξ e +

it  are the prediction deviations of the lower 
and upper bounds for VPP energy constraint, respectively.

To address the energy boundary uncertainty, constraint 
(23) can be reformulated as:

-e it + ξ
m
it - ξ

n
it £ e͂it £ ēit + ξ

m
it + ξ

n
it (24)

ì
í
î

ïï
ïï

ξ m
it = (ξ e +

it + ξ
e -
it )/2

ξ n
it = (ξ e +

it - ξ
e -
it )/2

(25)

where ξ m
it and ξ n

it are the co-directional deviation and coun‐
ter-directional deviation of the VPP energy boundaries, re‐
spectively.

In (24), ξ m
it is equivalent to the sum of the actual power 

deviations of the VPP, as expressed in (26). However, we as‐
sume that ξ n

it is symmetric.

-e it - ξ
n
it £ e͂it - ξ

m
it £ ēit + ξ

n
it (26)

Proposition 1 If ξ n
it is symmetric, the chance constraint 

for ξ n
it can be replaced by (27) to satisfy the convex reformu‐

lation condition.

inf
PÎΩn

t

P(-e it £ eit + ξ
n
it £ ēit )³ 1 - ε (27)

where Ωn
t  is the ambiguity set of ξ n

it.
The proof is provided in Supplementary Material A. Trans‐

ferring the uncertainty generated by predicting the VPP ener‐
gy boundaries to its energy model, a comprehensive chance 
constraint for the VPP energy state is given by (28).

inf
PÎΩnm

t

P(-e it £ e͂it + (ξ n
it - ξ

m
it )£ ēit )³ 1 - ε (28)

where Ωnm
t  is the ambiguity set of ξ n

it - ξ
m
it.

Due to the risk of infeasibility in modeling chance con‐
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straints individually, a joint chance constraint method can be 
adopted. It enforces individual chance constraints with an ex‐
plicit analytical parametrization of risk tolerance through in‐
dividual violation probabilities. This method admits the Bon‐
ferroni approximation of the joint chance constraint when 
the sum of individual violation probabilities is less than the 
overall violation probability, that is, ∑εi £ ε. A joint feasibili‐

ty guarantee is provided even when the choice of individual 
violation probabilities is suboptimal [38]. Under these condi‐
tions, the violation probability of a single constraint can be 
considered as the total constraint probability divided by the 
total number of individuals.

infPÎΩt

P(-rit £ αie
T (ξ p

t + ξ
d
t )£ rit"iÎϒ )³ 1 - εall (29)

where ϒ is the set of generators; and εall is the overall risk 
tolerance.

C. Two-sided Chance-constrained Convex Reformulation

Chance constraints such as (21), (22), and (28) are intrac‐
table. Inspired by [20], a chance constraint in the form of 
(30) can be reformulated as a set of deterministic inequali‐
ties given by (31).

infPÎΩ  P( || aTξ + b £U)³ 1 - ε (30)

ì

í

î

ï
ïï
ï

ï
ïï
ï
ï
ï

y2 + aTΣa £ ε(U - z)2

||b £ y + z

0 £ y

0 £ z £U

(31)

where y and z are the auxiliary variables; Σ is the covariance 
matrix of random vector ξ; Ω is the ambiguity set defined 
with respect to ξ; a and b denote the affine mappings; and U 
is the boundary.

The chance constraints in (21), (22), and (28) can be sub‐
stituted as:

(yg
it )

2 + (αite
T )Σ t (αite)£ ε(rit - z g

it )
2: μg

it (32)

0 £ yg
it + z g

it: μ
gt
it (33)

0 £ yg
it: μ

gy
it (34)

0 £ z g
it £ rit: μ

gz -
it μ

gz +
it (35)

(yb
jt )

2 +[Ψj (I - αeT )]Σ t [Ψj (I - αeT )]T £ ε(pl
j - z b

jt )
2: μb

jt    (36)

|Ψj p in
t | £ yb

jt + z b
jt: μ

b -
jt μ

b +
jt (37)

0 £ yb
jt: μ

by
jt (38)

0 £ z b
jt £ pl

j: μ
bz -
jt μ

bz +
jt (39)

∑
τ = 1

t é

ë

ê
êê
ê
ê
ê ù

û

ú
úú
ú
ú
ú( )∏

υ = τ

t - 1

θiυ

2( )xb
iτη

b
i -

xs
iτ

ηs
i

2

(σ p
iτ )

2 + (σ e
it )

2 + (ye
it )

2 £

ε ( ēit - -e it

2
- z e

it) 2

: μe
it (40)

∑
τ = 1

t é

ë

ê
êê
ê ù

û

ú
úú
ú( )∏

υ = τ

t - 1

θiυ ( )xb
iτη

b
i pVPPb

iτ -
xs

iτ

ηs
i

pVPPs
iτ + δiτ +

(∏τ = 1

t

θ iτ) ei0 -
ēit + -e it

2
£ ye

it + z e
it: μ

e -
it μ

e +
it (41)

0 £ ye
it: μ

ey
it (42)

0 £ z e
it £

ēit - -e it

2
: μe -

it μ
e +
it (43)

where μg
it, μ

gt
it, μ

gy
it, μ

gz -
it , μgz +

it , μb
jt, μ

b -
jt , μ

b +
jt , μ

by
jt, μ

bz -
jt , μbz +

jt , μe
it, 

μe -
it , μ

e +
it , and μey

it are the dual variables; σ p
it is the standard de‐

viation of the variable ξ p
t ; Σt is the covariance matrix of the 

random vector ξ p
t + ξ

d
t ; yg

it, z g
it, yb

it, z b
it, ye

it, and z e
it are the 

auxiliary variables; and σ e
it is the standard deviation of the 

variable ξ n
it - ξ

m
it.

Overall, using the transformation of bilateral chance con‐
straints, the chance-constrained problem can be reformulated 
as an MISOCP problem in the following compact form:

{min C
s.t.  (1) (3)-(7) (9)-(12) (17) (32)-(43) (44)

IV. PRICING STRATEGY CONSIDERING VPP UNCERTAINTY 

The Lagrangian function for the proposed MISOCP prob‐
lem is presented in Supplementary Material A. Constraints 
(32) - (35) transformed from the chance constraint (21) are 
equivalent to:

rit ³ αit
eTΣ te
ε

: μgeq
it

(45)

where μgeq
it  is the dual variable of constraint (45).

Because yg
it ³ 0, z g

it ³ 0, and rit ³ z g
it ³ 0, constraint (32) can 

be transformed into (46). When yg
it = z g

it = 0, the decision vari‐
able rit can achieve the minimum value in (47). Constraints 
(32) - (35) can be simplified to (45) with equivalent con‐
straints, because yg

it and z g
it are auxiliary variables. Under 

these conditions, (45) can be interpreted as a constraint on 
the reserve requirement. The reserve requirement is given 
by (48).

rit ³
1

ε
(yg

it )
2 + (αite

T )Σ t (αite) + z g
it (46)

rit ³
1

ε
02 + (αite

T )Σ t (αite) + 0 (47)

r RES
it = αit

eTΣ te
ε

(48)

where r RES
it  is the reserve requirement.

According to the envelope theorem, the LMP LMPit can 
be obtained by taking the partial derivative of the Lagrang‐
ian function L with respect to the load, as shown in (49). 
The reserve price LMP r

it can be obtained using (50).

LMPit =
¶L
¶dit

= λit (49)

LMP r
it = μ

geq
it =

ε
eΣte

T

ì
í
î

ïï ü
ý
þ

ïï
λαt -∑

j

2μb
jt [Ψj (αeT - I)]TΨ T

j Σ

   (50)

The LMUP describes the impact of uncertainty changes 
on the system cost. This price is related to the mean and 
standard deviation of the variables. In practice, the mean is 
often set to be zero, and the accuracy of load forecasts in 
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the electricity market typically does not fluctuate consider‐
ably. We mainly focus on studying the VPP uncertainty.

The LMUPs of VPP are defined as the partial derivative 
of the Lagrangian function given by (51) and (52). UMP p

kt is 
the LMUP considering the power uncertainty. The first com‐
ponent of UMP p

kt represents the price of the reserve cost allo‐
cated to the VPP uncertainty from the generator output. This 
price is paid to the generator by VPP. The second compo‐
nent of UMP p

kt represents the price of the reserve costs allo‐
cated to the VPP uncertainty from the grid lines. This is the 
price paid to grid by the VPP. UMP e

kt is the LMUP consider‐
ing the energy uncertainty. Because of the VPP uncertainty, 
the range of energy constraints for the VPP may fluctuate, 
possibly increasing the overall system cost.

UMP p
kt =

¶L
¶σ p

kt

=∑
i

μgeq
it αitσ

p
kt

εeΣte
T

+

∑
j

2μb
jt [Ψj (I - αeT )]T [Ψj (I - αeT )]σ p

kt (51)

UMP e
kt =

¶L
¶σ e

kt

= 2μe
jtσ

et
kt =

2μe
jt ∑

τ = 1

T - t( )∏
υ = 1

τ

θiυ

2( )xb
iτη

b
i -

xs
iτ

ηs
i

2

(σ p
kt )

2 + (σ e
kt )

2 (52)

where σ et
kt  is the standard deviation of the energy state of the 

k th VPP at time t.
The total uncertainty payment for the VPPs and load is 

calculated using (53), which is allocated to entities providing 
reserve services, such as generators, energy storage systems, 
and other directly-connected power grids.

Cσ =Dt∑
t
∑

k

(UMP p
kt × σkt +UMP e

kt × σ
e
kt ) =

Dt∑
t
∑

i ( )αit λ
α
t -∑

j

2αitμ
b
jt [Ψj (αeT - I)]TΨ T

j Σ +

Dt∑
t
∑

k
∑

j

2μb
jt [Ψj (I - αeT )]T [Ψj (I - αeT )]σ 2

kt +

Dt∑
t
∑

k

2μe
kτ (σ

et
kt )2 (53)

where σkt is the standard deviation of the uncertainty source 
deviation.

Proposition 2 When no system congestion exists, the 
power uncertainty payment equals the reserve payment.

The proof is provided in Supplementary Material A, and it 
indicates that the LMUP is essentially the price generated by 
allocating reserve costs to each uncertainty source. The un‐
certainty payments are divided into three components: re‐
serve, grid congestion, and energy uncertainty costs. Reserve 
costs are paid to the generators that provide reserves to the 
grid. Grid congestion and energy uncertainty costs are used 
to maintain grid stability and expand line capacity. Pricing 
uncertainty can provide price incentives for uncertainty 
sources, thereby promoting uncertainty reduction.

V. CASE STUDY 

In this section, we present a series of numerical results ob‐

tained for a 25-node power system to validate the effective‐
ness of the pricing strategy.

A. Environment and Settings of Test System

The simulations are conducted on a computer equipped 
with a 2.9 GHz Intel Core i9-12900H processor and 32 GB 
of RAM. The problem in the market clearing model is 
solved using the Gurobi V.10.0 optimizer. The market clear‐
ing model is executed in Python 3.10 on the Windows 11 op‐
erating system, utilizing the Gurobipy packages.

The one-line diagram of the 25-node power system is 
shown in Fig. 3. VPPs 1-6 (denoted as VPP#1-VPP#6) are 
connected to the grid at nodes 8, 10, 19, 15, 12, and 14, re‐
spectively. Generators 1-6 (denoted as GEN#1-GEN#6) are 
connected to the grid at nodes 23, 24, 25, 22, 21, and 20, re‐
spectively. The scheduling horizon T is set to be 24 hours. 
The market clearing is conducted hourly. The standard devia‐
tion of power uncertainty for each VPP is shown in Fig. 4. 
The load at each node is shown in Fig. 5. The ranges for the 
generator output power and VPP power are listed in Table 
II. The standard deviation of the load forecast for each node 
is set as σ d

it = 10% ´ dit. The standard deviation of the VPP 
energy boundaries is set as σ e

it = 3% ´(ēit - -e it ).
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Fig. 3.　One-line diagram of 25-node power system.

1 4 8 12
Time (hour)

16 20 24
1
2
3
4
5
6

0.05
0

0.10

0.20
0.15

Standard deviation
(MW)

V
PP

 N
o.

Fig. 4.　Standard deviation of power uncertainty for each VPP.

4

12
8

16
20

24

0
5

10
15

20
25

0

0.2

0.4

0.6

Lo
ad

 (M
W

)

Time (hour) Node No.

Fig. 5.　Load at each node.

2163



JOURNAL OF MODERN POWER SYSTEMS AND CLEAN ENERGY, VOL. 13, NO. 6, November 2025

The market clearing model is executed 100 times with dif‐
ferent backgrounds. The time required to solve this model is 
shown in Fig. 6, where the average time is 11.79 s. The com‐
putation is efficient enough within the existing market frame‐
work.

B. Market Clearing Results for EC-VPPs

Owing to system congestion, large differences occur be‐
tween the market clearing and reserve prices across different 
nodes during certain periods. When the market clearing price 
is low, the purchasing behavior of the VPP can cause conges‐
tion at the generator nodes. Reserve prices increase because 
of congestion. Hence, even under congestion, the proposed 
pricing strategy can reflect the true value of distributed flexi‐
ble resources. Figure 7 shows the LMPs in the electricity mar‐
ket, and Fig. 8 shows the reserve prices of the generators. Af‐
ter considering the correlation of node uncertainties, the re‐
serve prices are shown in Supplementary Material B Figs. SB1 
and SB2. The reserve prices under the joint chance constraints 
are shown in Supplementary Material B Figs. SB3 and SB4.

The total reserve payments of the VPP generally corre‐
spond to variations in power uncertainty. Compared with the 
reserve prices, the LMUP considering the power uncertainty 
of the VPP more accurately reflects the impact of its power 
uncertainty on the system. Table III lists the LMUP for VPP#
2 and VPP#4 considering the power uncertainty. Although 
the overall uncertainty level of VPP#2 is higher than that of 
VPP#4, the LMUP of VPP#2 is consistently lower than that 
of VPP#4. This is because node 15 connected to VPP#4 ex‐
periences considerable congestion, which is also reflected in 
the market prices.

Figure 9 shows the LMUPs of VPP calculated by (51). 
The LMUP considering the energy uncertainty for VPPs is 
zero during most periods because their energy levels are gen‐
erally far from the constraint boundary, posing no risk of 
crossing. However, when the VPP energy level approaches 
the boundary, inherent uncertainty may introduce a risk of vi‐
olation, affecting market clearing, and thus pricing should be 
applied during these periods. The system prices the VPP un‐
certainty when it affects market clearing, and it charges cor‐
responding compensatory fees. This strategy transparently re‐
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Fig. 6.　Time required for solving market clearing model.
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Fig. 8.　Reserve prices of generators.

TABLE III
LMUP FOR VPP#2 AND VPP#4 CONSIDERING POWER UNCERTAINTY

Time 
(hour)

1

2

3

4

5

6

7

8

9

10

11

12

LMUP ($/MWh)

VPP#2

19.22

19.73

20.14

20.42

20.58

21.29

20.45

26.85

27.58

16.58

15.55

15.56

VPP#4

18.00

18.95

19.75

19.57

19.23

19.23

16.11

16.71

16.50

23.63

15.48

15.46

Time 
(hour)

13

14

15

16

17

18

19

20

21

22

23

24

LMUP ($/MWh)

VPP#2

17.10

17.16

17.48

15.60

15.57

15.67

15.73

15.72

17.71

17.74

19.35

24.84

VPP#4

26.48

25.45

17.81

16.02

15.45

16.38

19.18

21.56

24.17

26.84

29.86

36.66

TABLE II
RANGE FOR GENERATOR OUTPUT POWER AND VPP POWER

Generator or 
VPP No.

GEN#1

GEN#2

GEN#3

GEN#4

GEN#5

GEN#6

Range (MW)

0-2.0

0-2.5

0-2.5

0-1.5

0-2.0

0-1.5

Generator or 
VPP No.

VPP#1

VPP#2

VPP#3

VPP#4

VPP#5

VPP#6

Range (MW)

-1.0-1.0

-1.0-1.0

-1.0-1.0

-0.5-0.5

-0.5-0.5

-0.5-0.5
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flects the impact of each VPP uncertainty on the system 
across various time periods, encouraging VPPs to prioritize 
optimizing periods with greater potential revenue losses. Fig‐
ure 10 shows the LMUPs of VPP calculated by (52).

Table IV lists the payment amounts and percentages for 
components of uncertainty sources. 

A large portion of the total payments is allocated to re‐
serve cost, indicating that the uncertainty generated in power 
has the greatest impact on market clearing. This amount is 
paid primarily to the generators that provide reserve services 
to the grid. In contrast, congestion costs appear across vari‐
ous time periods but are relatively low. This is because 
throughout market clearing, while network congestion oc‐
curs, it does not severely affect the operation of the grid or 
market clearing. On the other hand, energy costs exhibit the 
opposite characteristic, appearing relatively high only during 
specific periods. This is because the energy state of VPP 
rarely approaches its limits, making the impact of energy un‐
certainty on market clearing evident only during isolated pe‐
riods. Figure 11 shows the payments for components of the 
uncertainty sources.

C. Results in Different Scenarios

The energy boundaries of VPPs vary with changes in their 
operating states, thereby increasing their flexibility and re‐
sponsiveness to satisfy the dynamic demands of the electrici‐
ty market.

Figure 12 shows the energy state curves of VPP#4 with 
different risk tolerance levels ε. We assume that each set of 
uncertainty vectors of the VPP follows a normal distribution.

In Fig. 12(a), when ε = 0.05, the actual energy state curve 
of VPP#4 remains within the energy boundaries. VPP#4 has 
an energy overrun at Hour 10 when ε = 0.30 in Fig. 12(b). 
As the risk tolerance level increases, the likelihood of a VPP 
exceeding the energy boundaries also increases. In contrast, 
Table V shows that as the risk tolerance level decreases, the 
VPP revenue decreases, and the system cost increases.

Uncertainty pricing has a positive effect on VPPs. In Fig. 
13, the energy state of each VPP remains unchanged at the 
final time. 

The uncertainty in VPP#1 varies depending on the stan‐
dard deviation. As the uncertainty level increases, the 
planned revenue remains almost unchanged in the absence 
of payments for uncertainty. Considering the uncertain pay‐
ments, large changes occur in the VPP#1 revenue. Both the 
total system and energy costs increase. This is because the 
increased uncertainty level affects the generator output, sys‐
tem congestion, and VPP energy constraints, leading to an in‐
crease in system costs.

Due to the uncertainty in the energy state constraint 
boundaries, the market charges compensatory fees to VPP. 
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Fig. 10.　LMUPs of VPP calculated by (52).
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Fig. 9.　LMUPs of VPP calculated by (51).

TABLE IV
PAYMENT AMOUNTS AND PERCENTAGES FOR COMPONENTS OF 

UNCERTAINTY SOURCES

Component

Reserve cost

Congestion cost

Energy cost

Amount ($)

181.68

31.45

26.99

Percentage (%)

76

13

11
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Fig. 11.　Payment for components of uncertainty sources.
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Fig. 12.　Energy state curves of VPP#4 with different risk tolerance levels. 
(a) ε = 0.05. (b) ε = 0.30.

TABLE V
SYSTEM SETTLEMENTS WITH DIFFERENT RISK TOLERANCE LEVELS

ε

0.05

0.30

System cost ($)

6824.92

6534.64

VPP revenue ($)

165.86

230.56
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We assume that the VPP energy boundary uncertainty fol‐
lows a normal distribution, with σ e

it=5% ´(ēit - -e it ) and σ p
kt=

0. The upper and lower boundaries of the range are shifted 
by nσ e

it toward the center. Table VI lists the system settle‐
ments under different energy boundary ranges. Note that nσ e

it 
represents the degree of energy boundary reduction. As the 
energy boundary narrows, the VPP dispatching becomes 
more conservative, reducing the utilization rate of flexible re‐
sources. Finally, this leads to an increase in system costs and 
a reduction in VPP revenue.

VI. CONCLUSION 

We propose a DRCCO-based market clearing model for 
EC-VPPs and define the marginal price for uncertainties. 
The market clearing model includes uncertainties in VPP 
power and energy boundaries. Market operation results indi‐
cate that the proposed market clearing model provides fair 
incentives for both providers and uncertain sources. The pro‐
posed pricing strategy accurately reflects the true value of 
distributed flexible resources while guiding VPPs to mini‐
mize the forecasting errors and optimize the use of system 
transmission lines. Owing to uncertainties, both the overall 
system costs and VPP-related costs tend to increase. Owing 
to the pricing uncertainty, VPPs must cover the costs associ‐
ated with their own uncertainties, which can reduce their rev‐
enues. The proposed pricing strategy incentivizes VPPs to 
properly manage their volatility, by either enhancing their 
forecasting techniques or investing in additional distributed 
flexible resources. This strategy safeguards the interests of 
both the electricity market and consumers, likely promoting 
more stable and efficient power systems.

The current chance-constrained method lacks detailed 
modeling of joint constraints. With the expansion of the elec‐
tricity market and increasing participation of VPPs, solving 

the market clearing model under the mutual influence of 
chance constraints may become challenging. The solution to 
joint chance constraints has been a prominent research focus. 
In particular, the efficient solution of the joint chance con‐
straints in VPPs remains unknown. Therefore, integrating the 
joint chance constraint approach is a promising topic for fu‐
ture research.
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TABLE VI
SYSTEM SETTLEMENTS UNDER DIFFERENT ENERGY BOUNDARY RANGES

n
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System cost ($)
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VPP revenue ($)
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