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Abstract: Aggregating and scheduling flexible resources through virtual power plants
(VPPs) is a key measure used to improve the flexibility of new power systems. To maximize
the regulation potential of flexible resources and achieve the efficient, unified scheduling
of flexible resource clusters by VPPs, this study proposed a flexible resource aggregation
method for VPPs and a bidding strategy for participation in the electricity and frequency
regulation markets. First, considering the differences in the grid frequency regulation
demand across periods, an improved zonotope approximation method was adopted to
internally approximate the feasible region of flexible resources, thereby achieving the
efficient aggregation of feasible regions. On this basis, the aggregation model was applied
to the optimization model for VPPs, and a day-ahead double-layer bidding model of VPPs
participating in the electricity and frequency regulation markets was proposed. The upper
layer optimizes the bidding strategies to maximize the VPP revenue, while the lower layer
achieves joint market clearing with the goal of maximizing social welfare. Finally, case
studies were undertaken to validate the effectiveness of the proposed method.

Keywords: bidding strategy; feasible region aggregation; flexible resources; frequency
regulation ancillary service; virtual power plant

1. Introduction
1.1. Background

Driven by dual carbon goals and the construction of new power systems, the
penetration rate of renewable energy keeps rising, while the regulatory capacity of
traditional power generation resources keeps declining. The pressure on the balance
of power supply and demand in the power system is further intensifying, significantly
increasing the demand for flexible resources in power systems [1]. The participation of
flexible resources in dispatch can remarkably enhance the flexible regulation ability and
stability of a power grid [2]. However, these resources have small capacities and large
quantities, posing challenges related to their scheduling and management [3]. Through the
large-scale aggregation and efficient unified allocation of flexible resources by VPPs, the
regulation potential of flexible resources can be fully tapped, which is an effective means
for flexible resources to participate in grid regulation. VPPs can contribute to the safe and
stable operation of a power system by participating in the electricity market, as well as
the frequency regulation and other auxiliary service markets [4,5]. VPPs will become an
essential component of future power systems, providing solid support for achieving the
goal of green and low-carbon energy transformation.
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1.2. Literature Review

In terms of feasible region aggregation for flexible resources, geometric computation
methods are typically used to model the operational flexibility regions of devices as polytopes.
These methods integrate the flexibility regions of multiple devices through the Minkowski
sum, transforming the flexible resource aggregation problem into a geometric computation
task. From the perspective of geometric approximation, these methods can be classified into
internal and external approximations. External approximation methods [6-8] yield feasible
regions larger than the actual ones, introducing infeasible solutions that may pose safety
risks during actual dispatch. Internal approximation methods ensure that all the solutions
within the feasible region are feasible, but they sacrifice accuracy when individual flexibilities
vary significantly, resulting in conservative aggregation results. Based on the sequence
of approximation and aggregation, geometric methods can also be divided into holistic
approximation [9-11] and piecewise approximation followed by linear superposition. The
former directly approximates the aggregation flexibility region as a whole without considering
the form of the feasible region of a single resource, resulting in more sacrifice of the feasible
region. The latter, with a higher approximation accuracy, is widely used, but its aggregation
precision and computational efficiency vary depending on the chosen approximated feasible
region shapes. Using the piecewise internal approximation approach, the authors of [12]
employed centrally symmetric zonotopes to internally approximate the feasible region of flexible
resources. The authors of [13] used hyper-rectangle models with quadratic terms to approximate
the feasible region of demand response models. The authors of [14] established active
power-approximation feasible regions and active-reactive power-stochastic-approximation
feasible regions for micro-power aggregation flexibility. To address feasible region loss during
approximation, the existing geometric methods mostly aim to maximize the overall feasible
region across all periods during aggregation, neglecting differences in the grid frequency
regulation demand across periods. Consequently, the regulatory potential of flexible resources
cannot be fully utilized during periods of high grid frequency regulation demand. Therefore,
it is necessary to consider the difference in the regulation demand of different periods when
aggregating and allocate more feasible region loss to the period with less grid regulation
demand, so as to fully exploit the regulatory capabilities of flexible resources.

Regarding VPP participation in market competition and optimal dispatch, the current
research on applying geometric aggregation models of flexible resources to bidding and
optimization models is limited. The authors of [15] considered a VPP containing a wind turbine
(WT), photovoltaic (PV) cells, energy storage, and flexible loads, studying their participation
in peak-shaving ancillary services. The authors of [16] proposed an intelligent peak-shaving
pricing strategy for a VPP with air conditioners, electric water heaters, and adjustable
loads. These studies directly incorporated the operational models of flexible resources into
optimization constraints without aggregating the internal flexible resources beforehand. Thus,
further research is needed to apply flexible resource aggregation models to VPP bidding
models and explore coordinated interaction modes between VPPs and flexible resource
clusters. Based on the influence of market members on the clearing prices, participants can be
classified as price makers or price takers. The authors of [17] treated aggregated distributed
resources as price takers, considering temporal instability, and proposed an optimal operation
strategy for VPP participation in day-ahead and real-time energy markets. The authors of [18]
proposed a two-stage optimization strategy for battery-swapping stations participating in
energy and frequency regulation markets, with the first stage formulating demand response
strategies for electric vehicle clusters and the second stage determining market competition
strategies. Since the VPP in this study aggregated a large number of flexible resources with
sufficient capacity to influence market-clearing prices, it was necessary to treat the VPP as a
price maker and incorporate market clearing into the decision-making model.
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1.3. Contributions

By synthesizing the above analysis to fully exploit the regulatory potential of flexible
resources and achieve the efficient unified scheduling of flexible resource clusters by VPPs,
this study investigated feasible region aggregation and market competition strategies. First,
considering the differences in the grid frequency regulation demand across periods, an
improved zonotope approximation method was proposed to internally approximate the
feasible region of flexible resources, enabling efficient aggregation. Subsequently, the
aggregation model was applied to the VPP optimization model, proposing the day-ahead
double-layer bidding model for VPP participation in the energy and frequency regulation
markets. The upper layer optimizes the bidding strategies to maximize the VPP revenue,
while the lower layer achieves market joint clearing to maximize social welfare. Finally,
case studies validated the effectiveness of the proposed method.

2. Research Methodology

A flowchart of the proposed aggregation method and bidding strategy is shown
in Figure 1. This research considered flexible resources and the VPP formed by their
aggregation as the research objects and examined the aggregation method of the flexible
resources, as well as the bidding strategies of the VPP participating in the energy and
frequency regulation markets. A single demand-side flexible resource has a small capacity
and cannot reach the threshold of market access. Flexible resources can first be aggregated
into several clusters. Section 3 investigates the aggregation method of demand-side flexible
resources. After the flexible resources are aggregated, the flexible resource clusters can
be efficiently and uniformly dispatched through the VPP. Section 4 examines the bidding
strategy of the VPP in the scenario of the VPP participating in the electricity and frequency
regulation auxiliary service markets.
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Figure 1. Flow chart of research methodology.
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3. Aggregation Method of Flexible Resources Based on Zonotope
3.1. Feasible Region of Flexible Resources

With reference to [19], the operational models of various flexible resources within
VPPs can be unified into the following form, where (1) is the power constraint, (2) is the
ramp constraint, and (3) and (4) are the energy constraints.

Piyn < Py < PP (1)
—08At < Py — Py q < OFAt )
Ef™ < E;p < ER 3)
Eit = Ejs—1+ 1P At + Wiy (4)

wherei =1,2,...,n, and n is the number of flexible resources; t = 1,2,...,T, and T is the
scheduling horizon; At is the time interval; P;; is the power of flexible resource i during
period £; P/} and P}ft‘in are the upper and lower power regulation limits of flexible resource
i during period t, respectively; 6% and J¢ are the upward and downward power regulation
rates of flexible resource 7, respectively; E; ; is the energy of flexible resource i during period
t; Eff™ and Eff;i“ are the upper and lower energy limits of flexible resource i during period
t, respectively; #; is the charge/discharge coefficient of flexible resource i; and W;; is the
external environmental influence factor during period t.

By representing the operational model geometrically, the feasible region of flexible
resources can be obtained as a convex polyhedron characterized by a set of linear inequality
constraints with the active power as the variable:

0; = { P; RTXl‘MiPi < Ni} (5)

T
where (); is the feasible region of flexible resource i; P; = {Pi(l) o P,-(T)} is the

power vector of flexible resource 7; and M; € ROT-2)xT and N; € ROT-2)x1 qre coefficient
matrices, whose specific expressions are given in [19].

The mathematical essence of the feasible region aggregation problem can be regarded
as solving the Minkowski sum of feasible regions. The aggregated feasible region is
expressed as follows:

n
0AGG :i l@ nﬂi — {PAGG | PAGG — X:1 P, P c Qi} (6)
=1,--, i=

where QASC is the feasible region of the flexible resource cluster; @ is defined as the

Minkowski sum operator; and PACC

is the aggregated power of the flexible resource cluster.

The results presented in [20] prove that solving the Minkowski sum of two
polyhedrons described by half-spaces is an NP-hard problem, making the exact computation
intractable. To reduce the computational complexity, this work employed zonotopes to
approximate the feasible regions of flexible resources. The feasible region of a single user
was approximated as the maximum inner-approximated feasible region generated by a
zonotope, thereby enabling the superposition of feasible regions with multiple flexible

resource types.
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3.2. Zonotope

A zonotope is a special form of convex polyhedron with central symmetry and other
properties. It can be represented by a center point and multiple generators:

Zi(G/Ci/ﬁi,max) = {Pi S RTXl | Pi =c¢i+ G,Bir _,Bi,max < ﬁi < ,Bi,max } (7)

where Z;(G, ¢;, Bimax) is the abbreviated expression of zonotope Z;; ¢; € RT*1 is the center
of the zonotope; G is the generator matrix of the zonotope, G = [gl,. 8 g} e RTxng,

RT><1

where 8 € is a generator and ngHz =1,j=1,...,ng and ng is the number of

generators; B; € R"™*! is the scaling coefficient of the generator; and Bi max 18 the upper
limit of the generator scaling coefficient.

Zonotopes are closed under Minkowski addition. For two zonotopes Z; (G, ¢1, B1,max)
and Z;,(G, ¢z, B2,max) With identical generator matrices, the following holds:

VARSY A (G/ c1t+ ey, ,Bl,max + ,BZ,max) (8)

Subsequently, a zonotope model was established to approximate the feasible regions
of flexible resources. The generator matrix was constructed as follows, where g,., 7., ..,
and g,7_1,,, correspond to power constraints, ramp constraints, and energy constraints,
respectively; ng = 3T — 2.

T
gm: [OI /0/\1/10/ /O] ,m:1, /T (9)
m
T
1 1
8T+m = 0/"‘/0/72/72/0/"'/0 /rﬂ:l//’T—1 (10)
—~
m m+1
1 T
tam=10,-++,0, —,——=,0,---,0| ;m=1,---,T—1 11
—~ ——
m m+1

3.3. Zonotope-Based Feasible Region Aggregation Method

Using zonotopes to approximate the feasible regions of flexible resources, the
maximum inner-approximation problem for a single resource was formulated as follows.
The optimization objective was to maximize the average similarity between the target
zonotope and the original feasible region, with the constraint that the zonotope lies within
the feasible region. The schematic diagram of similarity is shown in Figure 2.

1Y
max ;o 'Z D;;

Cirﬂi,max ]:1 (12)
s.t. Zi - Qi
app
_ i
Dij = pee (13)
i,j

where D; ; is the similarity between the approximate feasible region and the exact feasible
region of flexible resource 7 in direction g;; szp is the span between the two endpoints of
the approximate feasible region of flexible resource i in direction g;; and Dj“ is the span
between the two endpoints of the exact feasible region of flexible resource 7 in direction g;.
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» P

Figure 2. Schematic diagram of similarity.

T
Let D?pp = [D?ﬁ’p,...,szg} € R"™*1 The calculation method for D?pp is as
follows [12]:
a T
DI? = 2|G" G, (14)

The calculation method for Df;c is as follows [21]:

s.t. M;P; < N;

where ¢ is a sufficiently large constant to ensure that the hyperplane { P;|g/P; = ¢} hasno
intersection with the feasible region (2.
The constraint Z; C (2; can be transformed into the following [12]:

Mici + ‘MiG‘ﬂi, max < Ni (16)

Thus, the optimization problem can be converted into a linear programming problem
as shown below, which can be solved using commercial solvers to obtain the center and
generator scaling coefficients of the zonotope.

1 "8 DjfP
max —- Y. i
Cilﬁi,max " j:l Di’j
s.t. Mic; + |[MiG|Bimax < N;
ﬁi,max >0

(17)

Differences in the geometric shape exist between the zonotope and the original
exact feasible region. If the original feasible region lacks central symmetry, inevitable
losses in the feasible region will occur during approximation. Considering the varying
frequency regulation requirements of the power grid across different time periods, the
frequency regulation demand is incorporated into the objective function of the feasible
region approximation problem. This modification reallocates the inevitable losses to periods
with lower regulation demands, thereby enhancing the adjustable capability of flexible
resources. The weights for similarity in the optimization objective are calculated based on
the predicted frequency regulation capacity demands for each period:
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F,cap,dem
b
Apr = F,cap,d ;i=1,...,T (18)
cap,dem
Y PP
s=1
PtF, cap,dem + PtF—i,_iap,dem
Ky = 1 ;t=1,---,T—1 (19)
Pf, cap,dem ) Z PSF, cap,dem + P? cap,dem
5=2
T .
3T—2%1,j j=1...,T
) 11 .
T-1 ;
3{1"772“2,]‘*21“4’1 ] - ZT, e ,3T - 2
F,cap,dem . . . . . .
where P, is the system frequency regulation capacity requirement during period

t; a1+ and ap; are the weights related to the grid regulation requirements during period ¢;
and w; is the similarity weight in each generator direction.

The revised maximum inner-approximation problem is formulated as follows, with
the optimization objective modified to maximize the weighted average similarity between
the zonotope and the exact feasible region.

ng DPP
max Y. w]-—D’fa’c_c
Cirﬁi,max j:1 2 (21)
s.t. Mic; + ‘MiGl,Bi, max < N;
,Bi, max > 0

Since the approximate feasible regions are all zonotopes with identical generator
matrices, their Minkowski sum can be computed by summing their respective centers and
generator scaling coefficients. The aggregated feasible region is as follows:

AGG _ AGG AGG, max
7AGG (G, (AGG BAGG, max) _ { onc | PR = A0 GB , } )

_ ﬁAGG, max ﬁAGG < ﬁAGG, max

cAGG = Y e (23)
i=1
AGG -
ﬁ X = E ﬂi,max (24)
i=1
where ZASG is the approximate feasible region of the flexible resource cluster, and ¢AGC

and BACC™M are the polyhedron center and generator scaling coefficient of the feasible
region of the flexible resource cluster, respectively.

3.4. Conversion of Zonotope to Half-Space Representation

Constraints in optimization models are generally expressed in half-space form. This
section presents the conversion method for transforming an aggregated zonotope into its
half-space representation.

The span of the aggregated zonotope in each generator direction is as follows:

DAGG _ 2’ GT G' BACGmax (25)
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Thus, the two half-plane constraints in direction g; are as follows:
AGG
ngPAGG < ngCAGG + ]2 (26)
DAGG
ngPAGG > ngCAGG _ ]2 (27)
The half-space representation of the aggregated zonotope Zxgg is as follows:
T pAGG T AGG | DASC
{ GTPAGG 5 GTCAGG ’ DAZGG (28)
G'pP >G'c - 5
This is abbreviated as follows:
MAGG PAGG < NAGG (29)
GT
MACE = | 7 g (30)
DASS T ,AGG
NAGG _ | 2 FG C (1)
S — G CAGG

4. Day-Ahead Bidding Model for VPPs Participating in Electricity and
Frequency Regulation Markets

4.1. Operational Framework and Trading Mechanism

After aggregating flexible resources, VPPs can achieve the efficient unified dispatch
of flexible resource clusters. This study considered a VPP containing a WT, PV cells, and
demand-side flexible resources. Flexible resources are aggregated into multiple clusters,
and the VPP dispatches these clusters. Demand-side flexible resources possess regulation
capabilities that provide frequency regulation ancillary services. The detailed data for
internal flexible resources are not uploaded to the VPP, ensuring privacy protection.

The VPP can participate in the electricity market as a market entity for power
purchase/sale while providing frequency regulation capabilities in the frequency regulation
ancillary service market. At the day-ahead market stage, the VPP receives the feasible region
aggregation information reported by the flexible resource clusters. Through predicting
other market participants’ bids, the VPP conducts a bi-level optimization (including VPP
bidding and market clearing) to determine day-ahead bidding strategies, as well as internal
dispatch plans for flexible resource clusters and renewable energy, aiming to maximize
its profits.

Day-ahead clearing involves the joint clearing of the electricity and frequency
regulation ancillary service markets, executed every 24 h with a 1 h time resolution. The
electricity market trades electrical energy, where market participants submit bids containing
energy quantities and prices. Frequency regulation services mainly target secondary
frequency regulation. The system operator publishes the frequency regulation capacity
and mileage requirements before trading periods. The frequency regulation market trades
regulation capacity and mileage, with the bids including the capacity, mileage, capacity
prices, and mileage prices. Generator sets (GSs) and VPPs compete together, and both GSs
and VPPs can participate in the energy market and the frequency modulation market at the
same time. The market-clearing prices follow marginal unified pricing.

This section examines the VPP bidding strategies in electricity and frequency
regulation markets. Considering the large capacity of aggregated flexible resources in
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the VPP, their bidding strategies may influence the market-clearing prices. Thus, market
clearing must be incorporated into the decision model. The bidding game process of the
VPP can be modeled as a Stackelberg leader—follower game: the VPP (leader) maximizes
its profit by setting the bidding prices/power across periods, while the ISO (follower)
maximizes social welfare through joint market clearing. The VPP’s bidding strategies affect
the market-clearing prices and other participants” awarded quantities, while the clearing
results conversely influence the VPP’s bidding adjustments.

4.2. Optimization Model
4.2.1. Upper-Level Model Objective Function

The VPP’s day-ahead bidding model maximizes its profit:

24
maxy_ (IF +IF—Cfr— cgu*) (32)
t=1

where IF is the revenue of the VPP participating in the electricity market during period
t; If is the revenue of the VPP participating in the frequency regulation ancillary service
market during period t; Cf' is the compensation cost for dispatching flexible resources
during period t; and Cf"! is the penalty cost for WT and PV curtailment of the VPP during
period t.

1. Electricity market revenue:

IF = AF(pPPaell — pYTRw) (33)

where AF is the clearing price of the electricity market during period ¢, and PtV PPPUY and

PtV PPsell are the awarded purchasing and selling electricity quantities of the VPP in the

electricity market during period ¢, respectively.

2. Frequency regulation market revenue:

VPP,F, i i
ItF — /\E,Cappt cap + Af‘,mﬂPtVPP,F,mll (34)

where Af’cap and /\f’mﬂ are the clearing prices for the frequency regulation capacity and
mileage in the frequency regulation ancillary service market during period t, respectively,
and PtV PPECP and PtV PPEmIl 5 re the awarded frequency regulation capacity and mileage of

the VPP in the frequency regulation ancillary service market during period ¢, respectively.

3. Flexible resource dispatch compensation cost:

K
Cfr — Z /\fr
k=1

PLSS — PRCC (35)

wherek =1,2,...,K, and K is the number of flexible resource clusters; Afr is the dispatch
compensation price for flexible resources during period £; P,étGG is the day-ahead scheduled
electricity consumption of flexible resource cluster k during period t; and ﬁ,étGG is the
day-ahead forecasted electricity consumption of flexible resource cluster k during period t.

The auxiliary variables P,ét,GlG and P]ét%G were introduced to linearize the absolute

value terms in the above equation:

K
Cf = Y AF(POSE + RS (36)
k=1
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The following constraints were added:

AGG ~AGG AGG AGG _
P P +P kt1 - P kt2 — 0

AGG
PAGG > o (37)

AGG
Ps =0

4. WT/PV curtailment penalty cost:

Ccut /\cut( PtVVT) + /\(t:ut (IB’tPV . PtPV) (38)

where AS" is the penalty price for WT and PV curtailment during period t; YT and PFY
are the day-ahead forecasted outputs of the WT and PV cells during period t, respectively;
and PVT and PV are the day-ahead scheduled outputs of the WT and PV cells during
period ¢, respectively.

4.2.2. Upper-Level Model Constraints
1.  Feasible region constraints for flexible resource clusters

The upward and downward frequency regulation capacities of the VPPs participating
in the frequency regulation market are equal.

MR ({5 1 PSS < NG 1,k o

where M,‘:‘GG and N}’?GG are the coefficient matrices corresponding to the feasible region of

. . GGJF, .
flexible resource cluster k; PAGG is the power vector composed of PAGG' PA “P is the
AGG F cap and PAGG ,F,cap .

of flexible resource cluster k during perlod t.

power vector composed of P, is the frequency regulation capacity

2. VPP power balance constraints

PtVPP,buy PVPP sell Z Pk AGG PWT PtPV (41)
Z AGG Fcap PVPP,F,cap ( 42)
t

3. Electricity market constraints

The VPP cannot simultaneously buy and sell electricity.

0< PVPP buy <o VPP buy Pr\rflla’)l(’ buy (43)

0< PtVPP,sell < (1 . VPP buy) PXE)I: sell (44)

0 < by""F < bEs (45)

where (Ttv FPPPUY s the purchasing/selling status of the VPP during period atv PPy vhich

is a 0-1 variable (0 for selling and 1 for purchasing); P, ma}: P and PIYIEE sell are the upper

limits of the purchasing and selling power for the VPP, respectlvely, byPP £ is the bidding
price of the VPP in the electricity market during period t; and bk, is the upper limit of
bids in the electricity market.



Energies 2025, 18, 2458 11 of 24
4. Frequency regulation market constraints
A minimum allowed capacity exists in the frequency regulation market.
atVPP,F PIY\;P,F,cap < PtVI’I’,F,cap < atVPP,F M (46)
0< PtVPP,F,mil < F PtVPP,F,Cap “7)
VPP, F,
0< b <bigd (48)
0 S tiPP,F,mﬂ S bfﬁg;ﬂ (49)
where cTtV PPE s the status variable of the VPP participating in the frequency regulation

ancillary service market during period ¢, which is a 0-1 variable (0 for non-participation

VPP,F,cap .

and 1 for participation); M is a sufficiently large positive number; P is the minimum

min
bidding capacity for frequency regulation in the ancillary service market; s* is the frequency

VPP,F, i
bt cap bYPP,F,mll

regulation mileage-to-capacity ratio; and are the bidding prices for the

frequency regulation capacity and mileage of the VPP in the ancillary service market during
period ¢, respectively; and bfr{;ip and b5 are the upper limits for the frequency regulation
capacity and mileage bids in the ancillary service market, respectively.

5. Renewable energy output constraints

Scheduled outputs shall not exceed predicted values.
0< PN < pT (50)
0< PV <P (51)

4.2.3. Lower-Level Model Objective Function

The joint electricity and frequency regulation market-clearing model maximizes social

welfare:
VPP,b VPP,F, VPP,F, i i
o b?/PP,E ( PtVPP’seH —p) uy) +b, cap P, cap b?/PP,F,mll PtVPP,F,mll +
min G H bgen,E Pgen,E + bgen,F,cap Pgen,F,cap + bgen,F,mil Pgen,F,mil (52)
=1 g§1 }El ot Dot T Ugt ot ot ot

whereg =1,2,...,G, and G is the total number of GSs; h = 1,2, ..., H, and H is the number
of bid segments for GSs; bget“hE is the bidding price of segment h for GS g participating

in the electricity market during period ¢; ngir;l’E is the awarded quantity of segment & for

GS g participating in the electricity market during period ¢; bg,etn’F’Cap and bgin’F’mil are the
bidding prices for the frequency regulation capacity and mileage of GS g participating
in the ancillary service market during period t, respectively; and P;in’F’cap and ngn’F’mﬂ
are the awarded frequency regulation capacity and mileage of GS g participating in the

ancillary service market during period ¢, respectively.

4.2.4. Lower-Level Model Constraints

1. Power balance constraints

G H
R (R TP
where P/°3d is the day-ahead forecasted electricity consumption of the system load during
period t and A} is the dual variable of the power balance equality constraint, i.e., the

clearing price of the electricity market during period ¢.
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2. Frequency regulation demand constraints

G
VPP,F,cap gen,Fcap _ F,cap,dem | F,cap
Py + L Py =B P (54)
g=1
PVPP,F,mil + G Pgen,F,mil _ PF,mil,dem X AF,mil
t L Pey =5 SN (55)
g:

F,cap,d i
where P, CapAem and PtF /mil,dem

are the system requirements for the frequency regulation
capacity and mileage during period t, respectively, and Af’cap and /\f’mﬂ are the dual
variables of the frequency regulation capacity and mileage equality constraints, i.e., the
clearing prices for the frequency regulation capacity and mileage during period t.

3.  GS constraints

gen, E gen, Ebid gen,E _genE
O<Poy SPoin ™ 5 Foun Houn (56)
gen,F,cap gen,F,cap,bid en,F,ca —gen,F,cap
0 < P& < P& L B P g (57)
gen,F,mil gen, Fmilbid | en,F,mil —gen,F,mil
0<Pg” = Pgy PO Hg (58)
H
gen,min gen,F,cap gen, E genmax _ pgenFcap = oen —gen
Py + P < hZ Pg,t,h <P Po “Her Mgt (59)
=1

where Pgir;l’E’bid is the bidding quantity of segment 4 for GS g participating in the electricity

gen,F,cap,bid gen,F,mil bid
Pg,t and Pg ;

market during period ¢; are the bidding quantities for the

frequency regulation capacity and mileage of GS g participating in the ancillary service

market during period ¢, respectively; Pgen’max and Pgen’mm are the maximum and minimum

. . E _genE _genF »
technical outputs of GS g, respectively; and Egetnh , Vgetnh , pgenFicap, V?etn’ <3P genFmil

=8t =8t

_gen,F,mil . . . .
genmit y?et“, and ‘uge;n are the dual variables corresponding to each constraint.

gt

4.3. Model Solution Method

The lower-level model is linear and convex. It can be transformed into a primal dual
problem by using KKT conditions, so that the double-level model can be transformed into
a single-level mathematical program with equilibrium constraints (MPEC). In addition,
according to the strong duality theory, the nonlinear term of the bivariate multiplication in
the upper-level objective can be transformed into the linear weighted sum of the original
variables and dual variables, so that the original day-ahead optimization model can be
transformed into mixed-integer linear programming (MILP), which can be solved by a
commercial solver. Detailed derivations are in the Appendix A.

5. Case Study
5.1. Comparative Analysis of Aggregation Methods

To verify the superiority of the zonotope inner approximation method adopted in this
research in terms of the feasible region approximation accuracy, the following four feasible
region approximation methods were compared:

M1: The virtual synchronous generator model approximation method proposed in [9].

M2: The virtual energy storage model approximation method proposed in [9].

M3: The basic isomorphic polyhedron approximation method proposed in [22].

M4: The improved zonotope approximation method adopted in this paper.

Considering the aggregation of 10 flexible resources under different time periods, the
upper and lower power limits for each period are shown in Figure 3, and the regulation
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rates are listed in Table 1. The energy constraints are omitted here, and it was assumed that
the system frequency regulation capacity requirements were identical across all periods. The
volume ratio between the exact feasible region and the approximated feasible region was
calculated. The average volume ratio of all resources, denoted as VAVE was used as the
evaluation metric for the feasible region approximation accuracy. Its calculation method
was as follows:

Nk
==

(60)

VAVE _ i
n

where V is the volume of the maximum inner approximated feasible region for resource i
and V; is the volume of the actual exact feasible region for resource .

—1 =35 —7—09
—2 —4 —6 —8 —10

201

[
W

Power/kW
=

Time/h

Figure 3. Upper and lower limits of power of 10 flexible resources in each period.

Table 1. Regulation rates of 10 flexible resources.

Flexible Resource = Downward Regulation Rate/(kW/h)  Upward Regulation Rate/(kW/h)

1 3.5 3.5
2 4.8 4.8
3 5.4 54
4 5.0 5.0
5 4.0 4.0
6 6.6 6.6
7 52 52
8 5.1 51
9 54 54
10 52 52

The average volume ratios of the four feasible region approximation methods under
T = 2,3,...,7 were calculated, and the results are shown in Figure 4. To emphasize
the differences in the approximation accuracy, the selected parameters featured large
variations in the load power upper limits over time and significant differences in the
regulation rates among the loads. Consequently, the feasible regions of different resources
exhibited diverse shapes, and all four methods suffered from obvious feasible region
losses. M1 and M2 modeled the approximated feasible regions as inscribed cubes and
inscribed right pyramids, respectively, without considering the actual shapes of the feasible
regions, resulting in substantial losses. The right pyramid in M2 deviated most from
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the actual feasible region, leading to the lowest approximation accuracy. M3 employed
a basic isomorphic polyhedron that accounted for the actual shape of the exact feasible
region, improving the approximation accuracy compared to M1 and M2. In contrast, the
zonotope in M4 offered greater flexibility in translation and scaling, achieving the highest
approximation accuracy. As the number of periods increased, the average volume ratios
of all four methods decreased. This comparison demonstrated that the proposed method
maintained a high approximation accuracy across different time periods. In addition, in
the case of two time periods, the aggregation calculation time of M1-M4 was 3.99 s, 3.96 s,
3.97 s, and 4.00 s, respectively. It can be seen that the proposed method can significantly
improve the approximation accuracy without increasing the calculation time.

- Ml = M2 M3 —v—M4

o o
[o)} o0
T

Average volume ratio
N
b

N
(=] o)
| ]
b

Time/h

Figure 4. Comparison of approximation accuracy of four feasible region approximation methods in
different time periods.

5.2. Analysis of Day-Ahead Optimization Results
5.2.1. Case Data

The VPP considered in this paper was assumed to manage four clusters of flexible
resources, including 500 electric vehicles, 500 thermostatically controlled loads, 500 industrial
loads, and 1000 residential loads. The load parameters were referenced from [19]. The VPP
participated in the electricity market and frequency regulation ancillary service market
alongside five GSs. The day-ahead forecasted outputs of the WT and PV cells in the VPP are
shown in Figure 5. The penalty prices for WT and PV curtailment were set to 0.5 CNY/kWh,
and the compensation price for flexible resource dispatch was 0.45 CNY/kWh. The output
limits of the GSs are listed in Table 2. The bidding information for the electricity market is
provided in Table 3 using three-segment bids, and the bidding information for the frequency
regulation market is listed in Table 4. The VPP’s purchase/sale power upper limit was
15 MW, the electricity market bid upper limit was 1 CNY/kWHh, the frequency regulation
capacity bid upper limit was 0.35 CNY/kWh, the frequency regulation mileage bid upper
limit was 0.035 CNY/kWh, and the minimum entry capacity for the frequency regulation
market was 2 kW. The day-ahead forecasted system load curve is shown in Figure 6. The
system frequency regulation capacity requirement was assumed to be 10% of the total
system load, with a frequency regulation mileage-to-capacity ratio of 10.
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Figure 5. Day-ahead predicted output of WT and PV cells.
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Figure 6. Day-ahead predicted curve of system load.

Table 2. Upper and lower limits of output of GSs.

GS Minimum Technical Output/MW Maximum Technical Output/MW

Gl 15 55
G2 20 75
G3 15 55
G4 10 35
G5 10 45

Table 3. Bidding information of GSs in the electricity market.

Capacity/ MW Price/(CNY/MWh)
GS Segment1 Segment2 Segment3 Segmentl1 Segment 2 Segment 3
Gl 20 15 15 370 455 548
G2 35 20 15 350 440 530
G3 25 10 15 361 464 559
G4 10 10 10 371 460 565
G5 20 10 10 360 445 540

The simulations were conducted on a Lenovo computer with a 1.80 GHz Intel (R) Core
(TM) i7-8550U processor and 16 GB of RAM. The optimization problem was solved using
the YALMIP 2023.06.22 toolbox in MATLAB R2023b, invoking the GUROBI 10.0.1 solver.
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Table 4. Bidding information of GSs in the frequency regulation market.

Frequency Regulation Capacity

Frequency Regulation Mileage

GS Capacity/ MW Price/(CNY/MWh) Capacity/ MW Price/(CNY/MWh)
G1 45 190 45 19

G2 6.4 185 64 18.5

G3 45 200 45 20

G4 2.7 195 27 19.5

G5 3.6 180 36 18

5.2.2. Analysis of Day-Ahead Market-Clearing Results

The electricity market-clearing results and the frequency regulation capacity/mileage
clearing results are shown in Figures 7-9. Figure 7 indicates that, in the electricity market,
the grid’s overall load was substantial. Since the VPP’s internal load demand was primarily
met by internal renewable energy, the VPP’s purchase/sale volumes had a minor impact
on the overall clearing price. The system load demand was mainly satisfied by GSs. The
system’s electricity clearing price aligned with the load variation trend, directly reflecting
the market demand. Due to the three-segment bids from GSs in the electricity market,
the clearing prices varied significantly across periods. During 6:00-11:00, 15:00-16:00, and
18:00-21:00, when the load demand was high, the third segment of the GSs” bids was
accepted, leading to notable price increases.

Ot g3 e MLoad
[JG2 G4 [CIVPP -e- Electricity price

3001 1600
200 §
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100
b i
T 0 L 200 5
:
& —100 o
=
40 'g
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0:00 6:00 12:00 18:00 24:00
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Figure 7. Day-ahead clearing results of electricity market.
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Figure 8. Day-ahead clearing results of frequency regulation capacity.
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Figure 9. Day-ahead clearing results of frequency regulation mileage.

Figures 8 and 9 show that the flexible resources in the VPP possessed significant
regulation potential. The VPP can occupy a large share in the frequency regulation market
as a frequency regulation resource. Its bidding strategies influenced the clearing prices
in the frequency regulation market. By strategically adjusting the bid power and prices,
the VPP can act as the marginal unit to maximize profits. During 2:00-4:00, 7:00-10:00,
11:00-12:00, and 17:00-21:00, when the system frequency regulation demand was high, G3
and G4 with higher bids were selected, and the VPP adopted the same bid price as the
marginal unit.

The day-ahead dispatch results of the internal VPP resources are shown in Figure 10.
During 1:00-4:00, the WT output was high, and during 8:00-15:00, the PV output was
high. The VPP sold electricity to the grid to gain revenue while improving the renewable
energy consumption rates. During 6:00-7:00 and 16:00-24:00, when the user demand was
high, but the renewable energy output was low, the VPP purchased electricity from the grid
to meet the load demand. By participating in both the electricity market and the frequency
regulation ancillary service market, the VPP optimally scheduled internal demand-side
flexible resources and renewable energy, balancing participation choices and participation
levels across joint markets to maximize profits.

M Flexibility resources ] WT [ Electricity purchase
) Electricity sales Wrv
201

10F

Power/MW
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Figure 10. Day-ahead scheduling results of flexible resources in VPPs.
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5.2.3. Comparative Analysis

To validate the effectiveness of the proposed improved zonotope approximation
method and the day-ahead bidding model, the following five scenarios were compared:

S1: Flexible resources do not participate in regulation; the VPP participates in the
electricity market.

S2: Flexible resources participate in regulation individually; the VPP participates in
both the electricity and frequency regulation markets.

S3: Aggregated flexible resources participate in regulation; the VPP participates in the
electricity market, with the feasible region approximation objective function ignoring grid
regulation requirements.

S4: Aggregated flexible resources participate in regulation; the VPP participates in
both markets, with the feasible region approximation objective function ignoring the grid
regulation requirements.

S5: Aggregated flexible resources participate in regulation; the VPP participates in
both markets, with the feasible region approximation objective function considering the
grid regulation requirements.

The calculation results under different scenarios are compared in Table 5.

Table 5. Comparison of calculation results of S1-S5.

Scenarios VPP Revenues/CNY Market Clearing Costs/CNY Solution Time/s

S1 —3970.56 1,769,808 3.61
S2 31,645.02 1,770,069 1427.27
S3 —2054.60 1,770,364 3.95
S4 28,709.30 1,769,699 5.73
S5 31,006.84 1,769,732 5.63

The day-ahead dispatch results of the flexible resources, electricity market bidding

results, and frequency regulation capacity clearing prices for S1, S3, and S4 are shown in
Figures 11-13.
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W
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=
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Time

Figure 11. Day-ahead scheduling results for flexible resources of S1, S3, and S4.
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Figure 12. Day-ahead bidding results for electricity market of S1, S3, and S4.
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Figure 13. Day-ahead clearing price for frequency regulation capacity of S1, S3, and S4.

When comparing S1 and S3 after aggregating flexible resources for regulation, the
VPP reduced power purchases during periods with a low renewable energy output
and increased power sales during periods with a high renewable energy output by
implementing load curtailment across all periods, on the basis of meeting the power
demand of flexible resources. This reduced the VPP’s operational cost from CNY 3970.56 to
CNY 2054.60.

When comparing S1, S3, and 54, the VPP tended to utilize flexible resources for
frequency regulation bids, since it gained higher revenues from participating in the
frequency regulation market. Thus, the electricity bidding strategies in S1 and 54 were
similar, but 5S4 achieved significantly higher revenue. As the VPP provided a large share of
frequency regulation resources, its participation lowered the frequency regulation capacity
clearing price, alleviating the grid frequency regulation demand pressure. Similar trends
were observed for the frequency regulation mileage clearing prices.

The VPP’s frequency regulation capacity awards and system frequency regulation
demand for 54 and S5 are shown in Figure 14. The total daily frequency regulation
capacities for S4 and S5 were 91.05 MW and 101.41 MW, respectively. When comparing
the revenues of 54 and S5, incorporating grid regulation requirements into the feasible
region approximation objective function enhanced the frequency regulation capability of
the flexible resources and increased the VPP revenue.
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Figure 14. Frequency regulation demand and frequency regulation capacity of the VPP in S4 and S5.

In S5, the calculation time of the feasible region aggregation of the four clusters was
481.74 s, 479.71 s, 455.68 s, and 957.96 s, respectively. Since the aggregation calculation of
the four clusters can run separately and in advance, the total computation time of S5 was
significantly less than that of S2. When comparing the computation times and revenues of
the VPP for S2 and S5, S5 yielded a slightly lower revenue than 52, but significantly reduced
the optimization time. Compared to individual participation, aggregated flexible resource
regulation sacrificed a small amount of regulation capability and total revenue, but offered
computational efficiency advantages by reducing the decision variables, making it suitable
for large-scale aggregation. Considering both the economic performance and computational
efficiency, the proposed method demonstrated rationality and effectiveness. Additionally,
aggregated participation protects user load information privacy.

6. Conclusions

To maximize the regulation potential of flexible resources and achieve the efficient
unified scheduling of flexible resource clusters in VPPs, this study proposed a VPP flexible
resource aggregation method and a day-ahead bidding strategy for electricity and frequency
regulation markets. This case study yielded the following conclusions:

1.  The improved zonotope-based feasible region approximation method enhanced the
approximation accuracy, improved the frequency regulation capability of flexible
resources, and increased the VPP revenue.

2. The proposed day-ahead optimization model guided the VPP to participate in
electricity and frequency regulation ancillary service markets, optimally scheduling
internal flexible resources and renewable energy to maximize revenue.

3. VPP participation in the frequency regulation market reduced the clearing prices and
alleviated the frequency regulation resource demand pressure.

Coordinated optimization and bidding strategies for VPP participation in multiple
ancillary services, bidding strategies considering uncertainty and resilience, and feasible
region aggregation methods suitable for asymmetric regulation scenarios are directions for
future research.
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Appendix A

The decision variable sets of the upper-level and lower-level models were

denoted. as [bvpp E bVPP JF,cap bVPPFmﬂ PAGG PI?tGlG’ P,;“cm, PAGG F,cap ,PYT, pPV} and

F,ca F,mil VPP,sell VPP,bu VPPFca VPP,F,mil enE en,F,ca en,F,mil
[AF, AfSTP, Afmil, pYPPscll pyTRbuy, pUPPTcap, pYPPEmil, pgenE, psenfieap, pgentmi],

respectively.
The Lagrangian function of the lower-level model, L, was formulated as follows:

VPP b
b?/PP,E ( PtVPP,sell — P uy

L 24 bVPP,F,Cap PVPP,F,cap + p VPP E mil pVPPF,mil +
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24
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By taking partial derivatives of the Lagrangian function with respect to the decision
variables of the lower-level model, the stationarity conditions were derived as follows:

oL G H
2= ( PtVPP,buy . PtVPP,seH> Z Z PgenE + Pload 0 ( A2)
oA g=1h=1
L
a/\aF - PtF cap,dem VPP F ,cap Z P;etn,F,cap —0 ( A3)
oL pFmildem _ pVPPEmil _ i P(;g;n,F,mil —0 (A4)

Fmil —
a/\t g=1
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Additionally, the complementary slackness conditions were obtained as follows:

0< P;i;l’EJ_Egil}’lE >0 (A12)
gen,E,bid gen,E —gen,E
0< (Pg,tlh — P )J_yg,t,h >0 (A13)
0< Pgin,F,cap J_ygetn,F,cap >0 ( Al 4)
7 7g,
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- & & & =
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0< ( Pgetn,F,mil,bid . Pgin,F,mﬂ) J_pgetn,F,mil >0 ( A17)
H .
0< (2 pESYE _ pEnEcap pgen'mlf‘) LpEn > 0 (A18)
h=1 ’
H
0< (— Y Pg‘jf;f — pEveR pge“'m> L >0 (A19)
h=1

where a_L b indicates that 7 and b are complementary, implying that, at most, one of 2 and b
can be strictly positive.

To linearize the nonlinear terms in the complementary slackness conditions, the big-M
method was applied. Equations (A12)-(A19) were transformed into the following;:

0< gen,E < Mugen,E

H u
41,’1 g,f,h A20
0< ngf;r;l,E < M(l . Ege;"n};E) ( )
—gen,E —gen,E
0= Vg't'hE til Mgy E E (A21)
0 < PN BERE < (1)

,F,
0 S Egetn,F,cap S Mﬂgin cap

’en,F,Ca en,F,ca (A22)
0.< PP < M (1 - S



Energies 2025, 18, 2458

23 of 24
0< ﬁgenFcap < Mu genFcap
8! Ha A23)
en,F,cap,bid en,F,ca —gen,F,cap (
0 < PSPPI _ pERTAR < (1 — i)
0< ‘ugenlel < My genlel
—g! (A24)
gen F,mil 8 F,mil
0 < Pt < M( uf )
0< ﬁgenlel < M —gen,F,mil
0< P(éen F,mil,bid lfgen F,mil <M (1 . ﬁgen,F,mil) (A25)
= g,t
0< E(gen < Mugen
0 < Z P;;;enE _ Pgin,F,cap - Pégen,min S M(l §en> (A26)
l ! 4 I
_ge _gen
Vgt < M”g,t
(A27)

gen,E gen,F,cap gen,max —gen
0< hzlpg'th — PSP P < M (1 -7

. . . " genE _genE genF,cap _—gen,F,cap
where M is a sufficiently large positive constant, and u oth 7 o o Yo S Ugy ,

Fmil _gen,F,mil _ . }
O T T Vo | ugetn are auxiliary 0-1 variables.

u u
=8t 78t r=gt
By incorporating the aforementioned KKT conditions of the lower-level model into

the constraints of the upper-level model, the original bilevel optimization problem was
reformulated as a single-level optimization problem.

According to the strong duality theorem, the optimal objective function values of the
primal and dual problems of the lower-level model are equal. Consequently, the Lagrangian
function of the lower-level model satisfies the following equality at the optimal point:

VPPE [ ,VPP,sell VPP bu
b) '<Pt e -p V)4
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Thus, the objective function of the upper-level model was expressed as follows:
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