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Abstract

The ramping requirement in new power systems primarily stems from net load variations
and forecast errors of renewable energy and load. Designing an equitable cost allocation
mechanism for ramping services based on these factors facilitates incentives for generation
and load to actively reduce ramping demands, thereby alleviating system ramping pressure.
Accordingly, this paper proposes a fair ramping cost allocation mechanism based on the
ramping responsibility coefficients of market participants. Under this mechanism, a market-
oriented operation model for wind-hydro-storage joint operation is established to verify
its effectiveness in market applications. First, a ramping cost allocation mechanism is
constructed based on ramping responsibility coefficients. According to the responsibility
coefficients of market participants for deterministic and uncertain ramping requirements,
ramping costs are allocated to the corresponding contributors in proportion to the ramping
demands caused by net load variations, load forecast deviations, and renewable energy
forecast deviations. Specifically, for costs arising from renewable energy forecast errors,
an allocation mechanism is designed based on the difference between the declared error
range and the actual error. Second, within this allocation framework, hydropower and
storage (including cascade hydropower and hybrid pumped storage) are utilized as flexible
resources to mitigate wind power uncertainty and reduce its ramping costs. A two-stage
day-ahead and real-time bi-level game model for wind—hydro-storage cooperative decision-
making is developed. The upper level optimizes bilateral trading and market bidding
strategies for wind-hydro-storage, while the lower level simulates the market clearing
process. Through Stackelberg game modeling, joint optimal operation of wind-hydro-
storage is achieved, ensuring mutual benefits. Finally, simulation results validate that
the proposed ramping cost allocation mechanism can guide renewable energy to improve
output controllability through economic signals. Furthermore, the bilateral trading and
coordinated market participation of wind-hydro-storage realize win-win outcomes, reduce
the ramping cost allocation for wind power by 23.10%, effectively narrow peak-valley price
differences, and enhance market operational efficiency.

Keywords: ancillary service; fair ramping cost allocation mechanism; ramping
responsibility coefficients; wind-hydro-storage bilateral transactions; two-layer game-
theoretic model
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1. Introduction

With the advancement of global low-carbon energy transition strategies, renewable
energy sources such as wind and photovoltaic power have been integrated into power
grids on a large scale with high penetration rates [1,2]. This has posed severe challenges
to the flexible regulation capability of power grids and the economic, secure operation of
power systems [3,4]. To address these issues, electricity markets worldwide have succes-
sively launched flexible ramping products to enhance the regulation capacity of power
systems [5-7]. In line with this trend, China’s Shandong power grid took the lead in piloting
a ramping ancillary service market, which was officially launched on 1 March 2024 [8].

Existing research has largely focused on the supply side of ramping ancillary services.
Specifically, these studies mainly concentrate on market clearing models [9,10] and the
design of flexible ramping products [11-13]. Studies [9,10] focuses on designing new
flexibility products. Specifically, study [9] develops an uncertain flexible ramping product
to address the stochastic variations of net load. Study [10] proposes an enhanced flexibility
ramping product along with a corresponding payment policy. Study [11] examines the
bidding strategies of energy storage in the FRP under imperfect competition. It establishes
bidding models for different suppliers and a two-stage market clearing model for the
Independent System Operator (ISO). Study [12,13] focuses on the participation of electric
vehicles (EVs) in flexibility markets. Study [12] discusses the feasibility of EV charging
station operators serving as flexibility service providers to address congestion issues in
distribution networks. Study [13] develops a distributed optimization model between
an EV aggregator (EVA) and the ISO. This model incentivizes the EVA to shift loads and
accurately provide FRPs.

However, research on market-based mechanisms for allocating ramping ancillary
service costs remains scarce. Current ramping cost allocation mechanisms, both in China
and abroad, share common deficiencies in two core aspects: identifying responsible entities
and ensuring effective incentive transmission. On the one hand, domestic pilot markets
such as those in Shandong and Guizhou allocate ramping costs in proportion to the daily
grid-connected electricity of units that do not provide ramping services. This approach
results in a significant disconnect between the costs incurred and the actual sources of
ramping requirements, namely renewable energy generators and electricity users. It
violates the fairness principle of “who causes, who bears.” The Midcontinent Independent
System Operator (MISO) in the United States has introduced user cost-sharing. However,
its approach is based on the “who benefits” principle. It does not distinguish between the
different sources of responsibility for deterministic ramping versus uncertain ramping [14].
Consequently, it fails to achieve precise cost attribution. On the other hand, existing
mechanisms do not provide economic signals that guide market participants to reduce
ramping requirements at the source. Flexible resources willing to provide ramping services
still bear the costs if they do not secure a bid in the market. This undermines their incentive
to participate. The California Independent System Operator (CAISO) has attempted to
allocate costs based on the source of ramping requirements. However, its month-end
re-settlement process is complex [15] and introduces incentive delays. This makes real-time,
traceable cost allocation difficult. These shortcomings hinder the formation of effective price
signals in the market. They ultimately constrain the long-term efficiency and sustainability
of the ramping ancillary service market.

Wind power has high uncertainty and volatility [16]. It is a major contributor to
ramping requirements. Consequently, it bears higher ramping costs. Cascade hydropower
with hybrid pumped storage has excellent regulation characteristics. It can serve as an ideal
synergistic resource [17]. A market trading model can be established for the coordinated
participation of wind-hydro-storage. This model reduces the uncertainty and volatility
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of wind power output. It also lowers the ramping costs allocated to wind power. This
enhances market competitiveness and improves the execution of trading plans. More
importantly, such coordination can systematically alleviate ramping pressure. It can also
achieve a win-win situation for multiple market participants. Existing research on wind—
hydro-storage has made some progress. It primarily focuses on joint market operation
models for wind power and flexible resources [18]. However, it has not addressed the
interactive game problem. This problem involves the balance between bilateral trading
strategies and market benefits. It arises under the ramping cost allocation mechanism.

Therefore, this study is grounded in the practical requirements of China’s electricity
market reform and energy transition. It takes the Shandong ramping ancillary service
market as the specific scenario. The study focuses on two interrelated core issues: opti-
mizing the ramping cost allocation mechanism and designing coordinated strategies for
wind-hydro-storage systems. The objective is to propose a market-based cost allocation
mechanism that is both fair and traceable, while also being incentive-compatible. Further-
more, the study aims to provide decision-making support for multi-agent coordinated
actions to reduce ramping requirements in a market environment. The main contributions
are as follows:

(1) A responsibility-based ramping cost allocation mechanism is designed to establish
effective price signals. First, based on the sources of ramping requirements, the
total ramping cost is proportionally divided into three parts in accordance with
responsibility attribution: costs arising from net load variation, load forecast deviation,
and renewable energy forecast deviation. Subsequently, the costs induced by net load
variation are allocated to the load side and the renewable energy side; the costs caused
by load forecast deviation are borne by the load side; and the costs triggered by
renewable energy forecast deviation are borne by the renewable energy side.

(2) To incentivize wind power to actively reduce forecast errors, a differentiated cost
allocation mechanism targeting renewable energy forecast deviations is designed,
which takes into account both the declared forecast error interval and the actual
forecast error. Through economic signals, the power system risks stemming from
renewable energy uncertainty are channeled to the renewable energy side. This guides
renewable power plants to proactively improve power forecast accuracy or conduct
power mutual support cooperation with flexible resources, thereby systematically
reducing the uncertainty of renewable energy output.

(8) To validate the effectiveness of the proposed allocation mechanism in market appli-
cations, a bilevel game model is constructed for the coordinated decision-making of
intraday-real-time two-stage bilateral trading strategies and market bidding strategies
for wind power and hydro-storage systems. The upper-level model takes wind power
and hydro-storage plants as the main agents to determine their bilateral trading con-
tracts and market bidding strategies. The lower level corresponds to a power market
clearing model based on the bidding decisions of market participants. A Stackelberg
game relationship is formulated between the upper and lower levels. Through contin-
uous strategic interaction between the two levels, the optimal bidding and bilateral
trading strategies of wind power and hydro-storage are obtained, realizing a win-win
situation for multiple agents and providing a reference for the operational strategies
of market participants.

The remainder of this paper is organized as follows: Section 2 introduces the pro-
posed ramping cost allocation mechanism. Section 3 presents the bilevel game model for
coordinated decision-making of wind-hydro-storage market bidding and bilateral trading.
Section 4 describes the solution method of the proposed model. Section 5 verifies the
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effectiveness of the proposed methodology via numerical case studies. Section 6 draws the
main conclusions.

2. Design of a Ramping Ancillary Service Cost Allocation Mechanism
Based on the Ramping Responsibility Coefficient

2.1. Ramping Demand Sources

The grid dispatch center determines the daily upward and downward ramping re-
quirements for each time period ' (every 15 min) based on actual operating conditions.
These requirements are derived from the net load variation, as well as forecast deviations
of load and renewable energy. The calculation is shown in Equation (1).

41 41 e

1
RED — min( PDL _ PLPL + Sload,D + gnew,D 0) ( )

{ REU —_ max( pOL PIPL + gload,U + gnew,U 0)
t'+1

41 Y41 7

where RF,U and RRP represent the system upward and downward ramping requirements
during time period #/, respectively; PP" and Pt],{“1
minus renewable energy) for time periods ' and ' + 1, respectively; ¢

denote the forecasted net load (load
load, U load,D
41 t+1
the upper and lower limits of the load forecast error for time period # + 1; and gnewV

H1
rt‘,eri’D are the upper and lower limits of the renewable energy output forecast error for time

period ' + 1.

and ¢ are
and
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Based on the “who causes, who bears” principle, this paper considers the responsibility
coefficients of market participants for deterministic and uncertain ramping requirements.
A ramping cost allocation mechanism is designed based on the ramping responsibility
coefficient. The ramping costs are allocated proportionally to the respective users ac-
cording to the shares caused by net load variations and forecast deviations of load and
renewable energy.

2.2. Cost Allocation Mechanism Considering Ramping Responsibility Coefficients

Systematic upward/downward ramping demands arise from the system’s net load
variations and net load forecast deviations. Net load forecast deviations can be decomposed
into load forecast deviations and renewable energy forecast deviations. To establish a fair
and traceable ramping cost allocation mechanism, a framework of systematic attribution
and responsibility tracing must be constructed. First, the total ramping cost is objectively
attributed based on physical causes at the system level. Then, the attributed cost is trans-
mitted to relevant market entities for economic liability assignment. For the ramping
responsibility coefficient 52 p at all layers and in all scenarios of the two-layer allocation
model, the ramping responsibility contribution is used as the core weight. It is defined as
the ratio of the ramping responsibility of a specific submodule/entity to the total ramping
responsibility at the corresponding layer, with the general mathematical form expressed as:

0 ARJe ¢
5]',11/ = Z ARG / (2)
j€Qy "t

where 6 = 1 denotes the system layer and 6 = 2 the entity layer; ARJQ,t, is the ramping
responsibility of entity 7 in time period ¢ (e.g., net load variation, forecast deviation); (g
represents the complete set of responsible entities at the corresponding layer.

According to the ramping responsibility coefficient calculation, for boundary cases
where the responsibility amount is zero: (1) when the total system ramping responsibility
amount in a given time period is zero (e.g., net load variation in period # produces only

upward or downward ramping demand, resulting in no net ramping requirement), the
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corresponding ramping cost is zero, and all participants bear zero cost. This complies
with the principle of “no ramping demand, no allocation cost.” (2) When the total system
ramping responsibility amount is non-zero but the ramping responsibility amount of some
participants is zero, the responsibility coefficient of such participants is set to zero. In this
case, the ramping cost is allocated only among participants with non-zero responsibility
amounts using the same unified formula, and the normalization property remains satisfied
within the subset of participants with non-zero responsibility.

2.2.1. First-Layer Cost Allocation Based on the Causes of Ramping Requirements

The total ramping ancillary service cost is initially allocated according to the ramping
demand proportion of each causal type. This allocation process represents an objective
attribution based on physical drivers. Its purpose is to establish three independent cost
pools. These cost pools provide the foundation for subsequent economic responsibility
tracing to relevant market participants. Based on the proportions of net load variation, load
forecast error, and renewable energy forecast error in the total ramping responsibility, the
ramping ancillary service cost caused by the total ramping demand is allocated accordingly,
as shown in Equations (3)-(5).

MDL RU MRU (SDL RU
MLoad RU MRU (SLoad RU
MNew RU / 5New RU
§ELRU _ maX(P}?‘;l PRL0)
max(Pt],D}rl P:,DL,O)-&-slt(/’idlU-&-srt‘fr’l’U 3)
vad,
5L0ad RU St‘,+1
load,U U
max(Pt],Di1 P:,DL,O)+£;,)L’ +s‘t‘,er'l’
new,
51>Iew,RU _ €41 Tosd0
! max (PP, —PPb0) e “?/EY{
MI?L,RD _ MBD 5[[)L,RD
MLoad,RD _ MRD_ 5170ad,RD
MNew RD M . 5New,RD
DL__ pDL
(5DL RD _ maX(P —Py7%1.0)
max(PDL Pt],Dil,O) +£1:,’id]D+s?,er’]’D 4)
oad,D
5L0ad,RD €1
! - 1 d,D D
! max(P7 R 0)+e e
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where and MNew RU denote the upward ramping allocation costs caused

by net load variation, load forecast error, and renewable energy forecast error during time

§DL RU 5Load RU and 5New RU

periods t, respectively. The parameters are the corresponding

responsibility coefficients for upward ramping demand durmg time periods #/, satisfying
5DL RU 5Load RU 5New RU _ -1 Slmllarly MDL RU MLoad RU and MNew RU denote the

downward ramping allocatlon costs caused by net load Variation, load forecast error, and

renewable energy forecast error, respectively, during time periods #, while (5?L’RU, (517°ad'RU

and (5New RU are the corresponding responsibility coefficients for downward ramping de-

mand during time periods #/, satisfying 5, XD + 5,024 RD . sliewRD My RY

and MNew RD

= 1. Finally,
are the upward and downward ramping cost allocatrons for time perlod t
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caused by renewable energy forecast deviation, respectively; PZR)}] and Pi,RtI,) are the upward
and downward ramping capacities provided by ramping ancillary service supplier i during
time period #/, respectively; ARV and AP are the upward and downward ramping clearing
prices, respectively.

2.2.2. Second-Layer Responsibility Tracing for Cost Allocation
A. Cost Allocation for Net Load Variation

As shown in Equation (6), the net load variation is driven by both the load side and the
renewable energy side. In the new power system, the volatility on both the supply and load
sides has significantly increased. On the supply side, the integration of a high proportion
of renewable energy makes its output strongly dependent on meteorological conditions,
exhibiting significant intermittency and randomness. On the load side, the acceleration of
electrification in energy consumption, coupled with the transformation of electricity Users
from traditional “Users” into “prosumers,” has fundamentally altered the characteristics
of system net load. Specifically, large-scale electric vehicles, as a new type of load, exhibit
significant spatiotemporal randomness in their charging behavior due to user habits. The
widespread deployment of massive distributed photovoltaic systems as generation units
on the load side has profoundly changed the typical shape of the net load curve, leading to
an “inverse load” phenomenon—during the day, abundant sunlight causes high PV output,
leading to a sharp decline in net load and forming a low-demand period; after sunset, PV
output plummets while electricity demand rises, causing a rapid increase in net load. This
superimposed effect of volatility on both the supply and load sides presents the system
with more complex ramping scenarios.

Therefore, appropriately allocating the ramping ancillary service costs caused by net
load variations to the load side and the renewable energy side not only adheres to the
“who causes, who bears” cost allocation principle but also establishes an effective price
signal. On one hand, it encourages load-side users to adjust their electricity consumption
behavior and actively participate in demand response. On the other hand, it provides a
strong economic incentive for the renewable energy side to enhance output controllability
by optimizing generation profiles and configuring energy storage facilities. This helps to
alleviate system ramping pressure at the source and promote coordinated optimization
between supply and demand.

K L
PP —PPY = ¥ (Peyi1— Poy) = ¥ (Pyia — Piy)

X T (6)
PPE — PP = kgl (P — Pryrg1) — 1;1 (P — Pryrs1)

where Py and Py ;.1 are the load demand of User k during time periods t and ' + 1,
respectively; P,y and P, ;1 are the output of renewable unit / during time periods ' and
t' + 1, respectively.

As indicated in Equation (6), when the load demand variation of User k during time
period t' is positive, it only triggers upward ramping requirements. In this case, User k
only bears the upward ramping cost allocation for that interval. Conversely, when the
output variation of renewable unit / during time period #' is negative, it exacerbates upward
ramping requirements and should likewise bear the upward ramping cost. Similarly, when
the load demand variation of User k during time period ' is negative, it only triggers
downward ramping requirements. In this case, User k only bears the downward ramping
cost allocation for that interval. When the output variation of renewable unit / during time
period t' is positive, it exacerbates downward ramping requirements and should bear the
downward ramping cost. Therefore, for ramping ancillary service costs caused by net load
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variation, the allocation is performed proportionally based on the variation in load demand
of Users and the variation in output of renewable units during the current time period, as
detailed in Equations (7) and (8).

APkJ,rt, =max(Py 41 — Py, 0)

AP, = max(Pyy — Py 41,0)

API—;/ = max(Pl,t/_H — Pl,t’ro)

A = max (P — Py y41,0)

+

§DLRU _ AP Kt

k.t - K L
Y APS, + L AP,
k=1 ’ 7l=1 !

i 3 ?
) APlert/ + ) AP,;/
k=1 _1:1

SDLRD _ AP, Kt

k.t - K L N
S AP, + ¥ AP
k=1 kt! +l=1 Ly

§DLRD _ AP, Ly

Lt - K 7 L N
Y. AP, + ¥ AP,
k=1 =1

DL,RU DLRU DL,RU
My =M, Oy
Mle,RU — MPLRU 5DL,RU
KirD DL RD. K rD (8)
M]]{j// — Mt’ , _(5]:3/,
L,RD DLRD DL,RD
Ml,t’ = My '5l,t'

where APkJr v and AP, represent the positive and negative load demand variations of User

k during time period #', respectively, with APk*, AP =0 APIJ; and AP, represent the
positive and negative forecast output variations of renewable unit / during time period
t, respectively, with APIJ;, AP, =0; (5,3]7'RU and (Sglf'RU
coefficients for the upward net load variation borne by user k and renewable energy unit

denote the ramping responsibility

K L
during time period #/, respectively, with }_ 5]]3:7’RU + ¥ 5RF'RU = 1. Similarly, (5]]3:7’RD and
k=1 " =1 " ’

SDLRD
Lt
borne by User k and renewable energy unit / during time period t', respectively, with

denote the ramping responsibility coefficients for the downward net load variation

K L
Y Jl?b'RD + ) 521,"RD = 1. When the ramping responsibility amount of some participants
k=1 " =1 "

is zero (i.e., the power variation is zero), the responsibility coefficient of such participants
is set to zero. In this case, the ramping cost is allocated only among the participants with
non-zero responsibility amounts using the same unified formula, and the normalization
property remains satisfied within the subset of participants with non-zero responsibility.
ME/:?RU and ME%’RD are the upward and downward ramping cost allocations borne by
User k during time period t' due to net load variation; MB],“'RU and MBI,“’RD are the upward
and downward ramping cost allocations borne by renewable unit ! during time period #

due to net load variation.

B. Cost Allocation for Load Forecast Deviation

Load forecast deviation is caused by the uncertainty in user electricity consumption
behavior. Therefore, the ramping ancillary service costs arising from load forecast deviation
are allocated to the load side. At present, since load-side users in the Shandong real-time
market cannot participate through quantity and price bids, it is difficult to obtain individual
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user consumption deviations through market data. Load forecast deviation reflects the
aggregated result of the entire network, making it challenging to precisely quantify the
deviation attributable to individual users. Consequently, the ramping ancillary service costs
caused by load forecast deviation are allocated to the load side in proportion to electricity
consumption, as shown in Equation (9). This approach approximately reflects each user’s
responsibility coefficient for system ramping requirements.

MII;o,ad,RU — M},oad,RU. 5L’o/ad,RU
M]I;;)/ad,RD _ Mboad,RD_ 5]1;(;ad,RD
. , ,
§Load RU _ At'-Pyp
kt - K
Y. (At-Py) )
k=1 ,
5L0ad,RD o At'-P k.t
kt - K
kz (At'-Pyy)
=1

where M,E??d’RU and Mk?f‘d’RD are the upward and downward ramping cost allocations

borne by User k during time period ' due to load forecast deviation, respectively; 5,5?/ad’RU

and (5]];?,ad’RD denote the upward and downward ramping responsibility coefficients, re-

spectively, caused by the load forecast error of user User k during time period #'. Clearly,

K K
Y 575?/ad’RU =1, 575?/ad’RD = 1. At' is the dispatch time period.
k=1 " k=1 "

C. Cost Allocation for Renewable Energy Forecast Deviation

Renewable energy forecast deviation should be reasonably borne by the renewable
power plants responsible for the deviation. Based on the current assessment requirements
imposed by grid companies on renewable plants, and considering that although research
on probabilistic forecasting has advanced significantly, it has not yet been fully applied
in grid dispatch and evaluation systems, and given that ramping requirements caused
by renewable forecast deviations arise from the volatility and uncertainty of forecasts,
renewable plants are required to submit both their power forecasts and the corresponding
forecast error bounds at a specified confidence level. The ramping ancillary service costs
caused by renewable energy forecast deviation are then allocated in two parts based on
the submitted error bounds and the actual forecast errors, as shown in Equation (10).
By comparing the declared forecast error bounds with the actual operational errors, this
approach enables a more accurate quantification of the ramping ancillary service costs
attributable to each renewable unit’s forecast deviation.

New __ New,FE New,AE
M{QH F;Ml’t/ N EIZJVII’rf/ U New,RD _sFor,D
Ml,t(’ew' = (Mt’eW’ "Sl,?’r' "’"Mt’ew, "Sl,?’r' ) x B
New,AE __ New,RU New,RD Real
My _F(N{f, + M, ) X 0 x (1= B)
or,
sForU _ €1
L L For,U
_gFor,D (10)
§For,D o LY
Ly -
i sFor,D
=
Re,al
1¢
=
E oy
I=1

https://doi.org/10.3390/en19071799


https://doi.org/10.3390/en19071799

Energies 2026, 19, 1799

9 of 38

where MNSY is the ramping cost allocation borne by renewable unit / during time period '

Lt
due to renewable energy forecast deviation; M}\i‘fw'FE and Mﬁ‘fw'AE are the ramping cost

allocations borne by renewable unit / during time period ¢’ due to its declared forecast error
interval and actual forecast error, respectively; 55;’,r'U and 5;;’,“3 denote the responsibility
coefficients for the upper and lower bounds of the forecast error reported by renewable
energy unit / during time period #, respectively. (Sll?f,al denote the sharing coefficient borne

by renewable energy unit / due to its actual forecast error during time period #'. Clearly,
L L L

yooforU — 1 yogforD — 1, v gReal — 1 gforU 559 ForD qpe the upper and lower
=1 =1

P Ly Ly Lt Ly Ly
forecast error bounds reported by renewable unit / for time period #, respectively; aff,al
is the allocation coefficient for renewable unit  during time period ' based on its actual
forecast error; B is the proportion of ramping cost allocated for the declared forecast error
interval to the total ramping cost borne by renewable units, with a value between 0 and 1.
The practice of renewable energy units reporting the upper and lower bounds of their
forecast errors represents a commitment to forecast accuracy. To prevent some plants from
intentionally underestimating their error ranges in order to reduce their cost allocation
shares, a higher cost allocation proportion should be applied to units whose actual forecast
errors exceed the declared ranges. This mechanism design effectively encourages renew-
able plant operators to continuously improve forecast accuracy while ensuring they bear
corresponding responsibility for their declared forecast deviations. Therefore, the allocation
coefficient for renewable unit / based on its actual forecast error can be expressed as shown

in Equation (11):
| drP <yt
Real __ ’ ’ ’ ’ (11)
14 =
Lt
’ Real Real For,D Real For,U
’el’t, Xy gt < g orer gt >ey
where sll{f/al is the actual error of renewable unit I during time period '; 7 is the penalty

coefficient for forecast errors exceeding the declared bounds.

3. A Game Model for the Synergistic Decision-Making of
Wind-Hydro-Storage in Market Bidding and Bilateral Trading

3.1. A Framework for Game-Based Collaborative Decision of Wind—Hydro-Storage in Bidding and
Bilateral Market Participation

The proportion of renewable energy units connected to the grid has increased dramati-
cally, leading to higher system operation risks and costs. If renewable power generators do
not bear the risks caused by their output uncertainty, they will continue to increase installed
capacity for higher profits due to their low marginal costs, while the associated risks are
transferred to the grid. This situation undermines the long-term stable operation of the
electricity market. Therefore, Section 1 of this paper proposes a cost allocation mechanism
for renewable energy forecast deviation. Based on the forecast error intervals declared
by renewable units and their actual errors, the corresponding costs are allocated to the
renewable side. This encourages renewable generators to engage in power mutual support
cooperation with flexible resources, actively mitigate errors, and systematically reduce the
uncertainty of renewable energy output at the source.

Compared to photovoltaic power stations, wind power exhibits greater output uncer-
tainty. Therefore, this paper considers bilateral trading between wind power and cascade
hydropower with hybrid pumped storage to reduce ramping cost allocation and devia-
tion penalty costs. Based on the proposed ramping cost allocation mechanism, a bilevel
game model for the coordinated decision-making of intraday-real-time two-stage bidding
strategies and bilateral trading strategies for wind-hydro-storage is constructed, as shown
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in Figure 1: A two-layer game framework for bilateral transactions and market bidding
between wind power and cascaded hydropower integrated hybrid pumped storage. This
paper focuses on the bidding strategies of power generators. Consequently, the upper
level formulates the main problem as a Nash game between wind power and cascade
hydropower with hybrid pumped storage, each aiming to maximize their own profits. The
lower level formulates the subordinate problem as the electricity market clearing process.
A Stackelberg competition is established between the upper and lower levels. Through
continuous interaction between the strategies of both levels, the optimal bidding strategies
for wind power and cascade hydropower with hybrid pumped storage are obtained.

Day-ahead stage Real-time stage

Upper model 1: Wind power real-time bidding and bilateral trading coordination

Upper model 1: Day-ahead wind power bidding

obj: Max[Real-time spot market revenue - (deviation penalty cost + ramping cost
allocation + bilateral trading cost)]
Decision variables: Day-ahead spot market bid quantities and bid prices:
Bilateral trading energy quantity and price

obj: Max(Day-ahead spot market revenue - deviation penalty cost)

Decision variables: Day-ahead spot market bid quantities and bid prices

bilateral trading
Upper-level model 2: Hydropower real-time bidding and bilateral frading

Upper-level model 2: Day-ahead hydropower bidding

~ obj: Max(Day-ahead spot market revenuc) obj: Max(Real-time spot market + RAS + bilateral trading revenue)

Q \ Decision variables: Day-ahead spot market bid quantities and bid prices;

cision variables: Da

spot market bid quantities and bid prices

Bilateral trading energy quantity and price

Lower-level model: Day-ahead spot market clearing

/
7@ obj: Min(Power procurement cost)

Decision variables: Cleared energy and clearing prices

Lower-level model: Joint clearing of real-time spot and RAS markets

/
7@ obj: Min(Power procurement cost-+Penalty cost for ramping constraint relaxation)

Decision variables: Cleared energy and clearing prices; Cleared ramping capacity

and clearing price for upward/downward ramping service

Bidding parameters of
conventional generators

Bidding parameters of

Figure 1. Two-layer game framework for bilateral transactions and market bidding between wind
power and cascaded hydropower integrated hybrid pumped storage.

In the day-ahead stage, the upper-level wind power operator aims to maximize
the comprehensive benefits comprising day-ahead spot market bidding revenue and de-
viation penalty costs, thereby formulating its bidding strategy for the day-ahead spot
market. The upper-level cascade hydropower with hybrid pumped storage operator aims
to maximize its day-ahead spot market revenue and formulates its bidding strategy for the
day-ahead spot market, while also submitting ramping rates to the market. The lower level
clears the day-ahead spot market with the optimization objective of minimizing electricity
purchase costs.

In the real-time stage, the upper-level wind power operator is required to submit
forecast error intervals for ramping cost allocation. Considering the maximization of
comprehensive benefits—including total real-time spot market bidding revenue, deviation
penalty costs, ramping cost allocation, and bilateral trading leasing costs—it performs
coordinated optimization decision-making for its real-time spot market bidding strategy
and bilateral trading strategy. The upper-level cascade hydropower with hybrid pumped
storage operator, aiming to maximize comprehensive benefits from total real-time spot
market bidding revenue, ramping ancillary service market revenue, and bilateral trading
revenue, conducts coordinated optimization decision-making for its real-time spot market
bidding strategy and bilateral trading strategy. The lower level clears the real-time spot and
ramping ancillary service markets jointly, with the optimization objective of minimizing
the sum of electricity purchase costs and ramping relaxation penalty costs.

3.2. Day-Ahead Optimization Model
3.2.1. Day-Ahead Optimization Decision Model for Wind Power

In the day-ahead stage, wind power incorporates uncertainty and risk preference into
its decision-making model. A day-ahead spot market bidding model is constructed based
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on CVaR. For a wind farm connected to the grid at node u, the optimization objective B3
is to maximize the sum of expected revenue and risk utility.

max BRp = (1—B) Y 7sBi¥p s + BBCH:R (12)
seS
BRS =Y. Y ADAPYIPA — Y ol APDA (13)
teT meM teT
1
Bg\éal{ = €DA — *Z TTs1]s (14)
B DCSES
EDA — B\R/?a, s <7 (15)
s >0

where s is the index of typical scenarios; S is the total number of typical scenarios; 75 is the
probability of scenario s; B2{ , is the risk utility of wind power in day-ahead bidding; f is
the decision-maker’s risk preference coefficient, with a larger g indicating a higher degree
of risk aversion; B‘],D\;i‘;’s is the day-ahead bidding revenue of wind power under scenario s, as
shown in Equation (13), which consists of day-ahead spot market revenue and day-ahead
forecast deviation penalty costs [19]; )\Ef is the day-ahead spot market clearing price at
node u during time period ¢t; PWnI; ’P A is the cleared energy quantity of wind power in the
m-th bid segment at node u during time period t in the day-ahead spot market; c; is the
unit penalty cost for deviation energy; APD” is the day-ahead deviation assessment energy
of wind power during time period ¢ under scenario s; epa and #5 are auxiliary variables for
calculating B2%  and CVaR, respectively; « is the corresponding confidence level.

The total bid quantity of wind power in each segment during the day-ahead stage
should be less than its day-ahead forecast output. In addition, the bidding curve must
satisfy the five-segment non-decreasing constraint. Therefore, the day-ahead bidding

constraints for wind power are as follows:

AWP,DA WP, DA F
Z Pu,m,t S pu,t o (16)
meM
2 WP, DA 2> WP, DA 3 DA
0 S /\u,m—l,t S /\u,m,t S Amax (17)

pWP,DA

where -

is the bid quantity declared by wind power in the m-th segment at node u
during time period Pu‘ﬁp’DA’For
eriod t; AWP, DA i< the bid price declared by wind power in the m-th seement at node u

p 1w, b P y P &
;DA

during time period t; A% is the upper bidding price limit in the day-ahead market.

is the day-ahead forecast output of the wind farm for time

3.2.2. Day-Ahead Optimization Decision Model for Hydro-Storage

In the day-ahead stage, the cascade hydropower with hybrid pumped storage, also
grid-connected at node 1, aims to maximize its day-ahead spot market revenue BS54 as the
optimization objective:

DA DA pPH,DA
BPH = Z Z /\u,t Pu,m,t (18)
teT meM

PH,DA
P, u,m,t

storage in the m-th bid segment at node u during time period ¢ in the day-ahead

where is the cleared energy quantity of cascade hydropower with hybrid pumped

spot market.

(a) Cleared power constraint for hydro-storage:

PH,DA
Y PoA =Y (PR + PG — PR (19)
meM reR
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where PH » 1 is the day-ahead scheduled output of the r-th cascade hydropower station during
time period ¢; PG and PPt are the day-ahead scheduled generation power and pumpmg
power of the r-th pumped storage unit during time period ¢, respectively, with P r,t r,t =0.

(b) Power output constraint for hydro-storage:

pH <PH<PH

r, min — r,max

e < PG < pX (20)

}’1’1’111’1 - r,max

PP < PP < peX

rmin — ~r,t — ©rmax

where Perax and Pr min are the maximum and minimum output of the r-th cascade hy-
dropower station, respectively; PS, P X is the installed capacity of the r-th pumped storage
station; Pr *ain and PrP min are the minimum generation power and the minimum pumping

power of the r-th pumped storage unit, respectively.

(c) Energy conversion relationship constraint:

Pl =Dy 'QuH
PG =Dy7 Qg Hy (21)
PP, =D, QL H

where D is the acceleration due to gravity; 7, Qr +» and H, are the comprehensive output
coefficient, generation flow rate, and water head of the r-th hydropower station, respec-
tively; 7S and 7F are the generation and pumping output coefficients of the r-th pumped
storage unit, respectively; QSt and Qf, ; are the generation and pumping flow rates of the
r-th pumped storage unit, respectively.

(d) Water balance and flow constraint:

Vira = Vi + QI +Q0% , — Q23+ QF ) - At
gltlt = QH + QSt + Qf,t
Qr min < Qout < Qrmax (22)
Qrmm — Qrt — Qr max
Q7’mm — Qrt — Qr max
Qrmm = Qrt = Qr max

where V; ; and V, ;1 are the reservoir storage of hydropower station r during time periods

t and t + 1, respectively; ;“t is the natural inflow of hydropower station r during time
period t; Qout 1t and Qout are the outflow of the r — 1- and r-th cascade hydropower stations,
respectively; Q° '+ s the spillage flow of hydropower station r during time period £; Qrmax
and Q; min are the maximum and minimum outflow limits of hydropower station 7; Qr,max
and Qr min
r; Qr 'max and ngm are the maximum and minimum generation flow limits of the r-th
pumped storage unit; QF ., and Qr min
limits of the r-th pumped storage unit.

are the maximum and minimum generation flow limits of hydropower station

are the maximum and minimum pumping flow
(e) Reservoir storage constraint:

(23)

Vr min < Vrt < Vr,max
VO Vend

where V; min and V; max are the minimum and maximum reservoir storage of hydropower
station 7, respectively; V0 and V9 are the initial and final reservoir storage of hydropower
station r, respectively.

(f) Day-ahead bidding constraints for hydro-storage:
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minz Z

teT meM

APH,DA
Y Pt <Y (Pl + Planax) (24)
meM réR

0< }LEH, DA < /A\PH,DA < /A\DA (25)

m—1,t — " um,t max

pPH,DA
u,m,t
storage in the m-th segment at node u during time period t in the day-ahead spot market;
APHDA
u,m,t
the m-th segment during time period t.

where is the bid quantity declared by cascade hydropower with hybrid pumped

is the bid price declared by cascade hydropower with hybrid pumped storage in

3.2.3. Day-Ahead Spot Market Clearing Model

In the Shandong spot market, the generation side submits both quantity and price
bids, while the load side submits only quantity bids without prices. Therefore, the day-
ahead spot market clearing adopts the minimization of electricity purchase cost as the
optimization objective:

>»WP, DA ,WP,DA 2 PH,DA pPH,DA K
Z Au,m,t P u,m,t + Z A v,m,t P o,m,t + Z E Ag:f Jm,t P & f mt (26)
ueQwp veQpy 8€Qg fENf

where u € Qwp, v € Opy, and g € O¢ represent the nodes of wind farms, hydropower
stations, and other generating units, respectively; N is the total number of other conven-
tional generators participating in the day-ahead spot market, excluding wind power and
cascade hydropower with hybrid pumped storage; )A\g, fmt and Pq ¢, + are the bid price and
cleared energy quantity of generator f in the m-th segment at node u during time period t,
respectively.

The day-ahead spot market clearing constraints are as follows, where A, y, ¢, ¢ on the
right-hand side of each constraint represent the corresponding dual variables.

(@) Node power balance constraint:
The direct current power flow method is employed, as shown in Equation (27):

Y (PWPDA L pPDA L N D) — Lt = Y Bu(Bup —0yp) : AR, Yt (27)
meM feNs heQy,

WP,DA pPH,DA
where Pn,m/t ,Pnlm,t

other generator f located at node #n in the m-th segment during time period t, respectively;

,and P, ¢ ,  are the bid quantities of wind power, hydropower, and

B, is the susceptance of the transmission line between node n and node #; Ly, is the
conventional load at node n during time period t; (), represents the set of nodes connected
to node 7 in the transmission network; 6, ; and 6, ; are the phase angles of node n and node
h during time period ¢, respectively. Here, n € Q) denotes system nodes, and the dual
variable )\Ef represents the day-ahead clearing price at node n during time period .

(b) Cleared quantity constraint for generators:

) . .,Gmin _ Gmax
0< Pg,f,m,t < g fmt Vg,f,m,t’yg,f,m,t’vg’f’ m, t
WP,DA AWP,DA | WP,min _ , WP,max
OSPum,t SPumt cPumt 7 Pumt ’Vu’m’t (28)
0< PP’H,DA ~ pPHDA . PHmin  PHmax v ;
— “om,t — “om,t . ‘uv,m,t ’ :uv,m,t , VO, m,

where ﬁg, #.m,¢ is the bid quantity declared by generator f in the m-th segment at node g
during time period £.

(c) Branch power flow constraint:

;lr}llax S Bnh(en,t - Qh,t) S yl;I]}laX : VI;Z%LI ]’lizlst/ vnl h/t (29)

https://doi.org/10.3390/en19071799


https://doi.org/10.3390/en19071799

Energies 2026, 19, 1799

14 of 38

where P is the power flow limit of the transmission line between node 1 and node h.

(d) Node phase angle constraint:

-7t S Gn,t S 7T : gg}%n/ gg}taxl vn/t (30)

(e) Slack bus phase angle constraint:

91,t = 0 . 4)1,t1 Vt (31)

3.3. Real-Time Stage Coordinated Optimization Decision Model
3.3.1. Real-Time Optimization Decision Model for Wind Power

In the real-time stage, wind power takes into account real-time forecast errors and
submits forecast error intervals. The optimization objective is to maximize the comprehen-
sive benefit BWP o+» which consists of the total real-time spot market bidding revenue CK,
deviation penalty cost Cgey ¢, ramping cost allocation Crag, s/, and bilateral trading leasing

cost Cpj;-
max Biijp = (1—B) Y 7yBips + BPBCVR (32)
s'es’
1
RT
B&var = €RT — Z US/F (33)
— X =
s'eS
RT
erT — Byyp o S 11y (34)
st >0
RT
BWP ¢ = Cwp — Cdev, s — Cras, s — Coit (35)
WP, RT WP, DA
WP_ Z ZAut’ Pumt’ Pumt’ ) (36)
t'eT' meM
Cdev,s/ = Z Ct’<AP Y + APS, t’) (37)
teT’
_ FE AE
Cras, s = t/g/ (Mwp o + Migp o 1)
8For,U SFor,D
New,RU WP, t/ New RD WP,/
MEE, , = (MNwRU. WEE . ppen ) x B
t
WPt Z £ForU Z sForD
leL Real leL
o ea
New,RU New,RDy “WP, s/,t/ (38)
MWP st T (Mt M ) Real < (1 - ,B)
Loy
leL
WP For,D For,U
Real €y Ewpy = ey t’ < Eypy
DCV\(;IE3 s/t = For,D For,U
s’ t’ Xy E":s’ t < 8Vslr" t or es’ t > 8\/\?11; t
Coit = Y, Mbits | Poit | (39)
veT’

where s’ is the index of typical scenarios based on real-time forecast errors; S’ is the number
of corresponding typical scenarios; 7ty is the probability of scenario s’; BRL, » is the risk
utility of wind power in real-time bidding; egr and #y are auxiliary variables for calculating
B&Y, ¢ and the corresponding CVaR, respectively. Although the Shandong real-time spot
market adopts full quantity clearing, the settled energy in the real-time market is the
deviation energy from the day-ahead spot market for the same time period. Therefore,

CR is as shown in Equation (36), ART Y and PWP RT

are the real-time spot market clearing
price at node u during time period ' and the cleared energy quantity of wind power

in the m-th bid segment, respectively; APP% s ¢ and APRY s are the day-ahead and real-time
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deviation assessment energy during time period ¢’ under scenario s’, respectively; Ay y and
Pyt ¢ are the bilateral trading price and energy quantity between wind power and cascade
hydropower with hybrid pumped storage during time period ¢, respectively; M&I;ZP, » and
M“j“v]i:, o ¢ are the ramping cost allocated based on the declared error interval of wind power

during time period ' and the ramping cost allocated based on the error under scenario s/,
For,U For,D
WP,/ WP,/
declared by wind power during time period t/, respectively, which are taken as +7.5% of

WP and ol
are the forecast error and allocation coefficient of wind power during time period ' under

respectively; ¢ and ¢ are the upper and lower bounds of the forecast error interval

the forecast value based on real-time forecast errors of wind power [20]; €

scenario s’, respectively.
The real-time bidding quantity and bid price of wind power should also satisfy the
bidding constraints, as previously shown in Equations (24) and (25).

3.3.2. Real-Time Optimization Decision Model for Hydro-Storage

In the real-time stage, the cascade hydropower with hybrid pumped storage aims to
maximize the comprehensive benefit BY;, which consists of the total revenue from the
real-time spot market and ramping ancillary service market, as well as the revenue from

bilateral trading leasing.

B = Chii + Cpii” + Chit (40)
RT RT PH,RT PH,DA
CPH = 2 2 /\u,t,(Pu,m,t/ _Pu/m’t/ ) (41)
teT' meM
S PH,RU RD pPH,RD
CII}S = Z (AEEPLt,t’ + Au,t’Pu,t/ ) (42)
veT’

where CRL; and CIESS are the revenue of cascade hydropower with hybrid pumped storage

from the real-time spot market and the ramping ancillary service market, respectively;

pPHRT
u,m,t'

in the m-th bid segment at node u during time period #' in the real-time spot market;

is the cleared energy quantity of cascade hydropower with hybrid pumped storage

RU
Au,t’

and ARD are the clearing prices for upward and downward ramping services at node

u during time period #', respectively; PlPI:’RU and PEE}’RD are the cleared upward and
downward ramping capacity of cascade hydropower with hybrid pumped storage at node

u during time period #', respectively.

(a) Cleared power constraint for hydro-storage:

Y PPHRT  pr =Y Pl + PrG,t/ - Py )

u,m,t T
meM reR

where Pﬂ/ is the real-time scheduled output of the r-th cascade hydropower station during
time period #/; PrGt, and PrP p are the scheduled generation power and pumping power of

the r-th pumped storage unit during time period #/, respectively, with PG, PP, = 0.
pump g g p p Y Y

(b) Real-time bidding constraints for hydro-storage:

Z pPH,It{/T + Pbit,t/ < Z (nglmax + P}Srﬁax) (44)

u,m,
meM reR

where PEEI;T is the bid quantity declared by cascade hydropower with hybrid pumped
storage in the m-th segment at node u during time period ' in the real-time spot market.

In addition, the real-time scheduling and bidding prices of cascade hydropower with
hybrid pumped storage must also satisfy the operational and bidding constraints, as
previously shown in Equations (20)—(23) and (25).
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min Z

HeT!

3.3.3. Joint Clearing Model for the Real-Time Spot and Ramping Ancillary Service Market

In the real-time market, the dispatch center conducts a joint clearing of the real-time
spot and ramping ancillary service markets at time #' — 15 minutes. The prices for upward
and downward ramping services are determined as the shadow prices corresponding
to the power balance constraint equations related to upward and downward ramping
requirements in the optimization model. The clearing is performed with the optimization
objective of minimizing the sum of electricity purchase costs and ramping constraint
penalty costs:

Y }\WP, RT PWI’,RT + v APH, RT PPH,RT)

v umt T umt veO vmt’ " omt 4
WP PH u
) + L Me(Syf + Si™) (45)
+ L L )‘g,f,m,t’P Sfomt! neQn ’
8€0g fGNf

where ;\g, fmp and Pg ¢, 1 are the bid price and cleared energy quantity of generator f in
the m-th segment at node g during time period #' in the real-time stage, respectively; M, is
the penalty factor for system ramping constraint violations; S:ﬁ, and Sf}g?"“ are the slack
variables for the upward and downward ramping constraints at node n during time period
t', respectively.

In addition to the spot market clearing constraints shown in Equations (27)-(31), the
real-time market introduces the following additional constraints:

(a) Ramping supply—demand constraint:

PPH,RU Ty PEH}’ + SHP > RRU . AUP Vn, t
=

n,t' nt = “‘n,t' nt'’
prHRD 4 l;: PRD | gdown > RRD . ydown v/, 4/ (46)
n,t' i nit nt = "nt a7V

where P:E,I'RU and PTI;I?,’RD are the awarded upward and downward ramping capacities of
hydropower at node 1 during time period ', respectively; P}E,Jt’ and P}ig/ are the cleared
upward and downward ramping capacity of unit i that provides ramping ancillary services
at node n during time period ', excluding the cascade hydropower with hybrid pumped

RD

storage; RRY and RRD are the upward and downward ramping requirements at node

during time period #, respectively.
(b) Cleared quantity constraint for generators:

The sum of a unit’s output during time period ' and its upward ramping capacity
should be less than the unit’s upper output limit during time period ' + 1. Similarly,

the difference between a unit’s output during time period  and its downward ramping
capacity should be greater than the unit’s lower output limit during time period ' + 1.

L Poimw  Pol S POy aigi Vg it

WEMP imp — P ;]'?t’ =z ;ii,?ﬂ : ch,fltf)wnrvg, it )
”EM PZIZIH{15T i PZI}’;LRU + Pyiryr < rGZR (P},{max + ngflax) : VSEfup,Vv, #

mgM pYET — PPURD 4 Py > rezR (PH i — PSXax) £ o4O, g, ¢/

where Pg,“iat’f 4 and P;}i? ', 1 are the upper and lower output limits of unit i during time period

t' 4 1, respectively.

(¢) Cleared ramping capacity constraint:
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PH,RU PH,climb , up,min _up,max ’
0= P%gl RD > PZI}’H limb . EH’U’W#PH&{} poor!
, ,climb |  down,min own,max /
0<P t < Pv * FPHu,t/ ’:uPH,Z),t/ ’vv’t (48)

RU G,climb ,  up,min _ up,max .y
0= Poiy < P ™ i MG gip Begp 781t

RD G,climb . . down,min _ down,max .y
0< Py =P ‘Mgt HGgip V&It

PZFH,Chmb

where and

P;lfdimb are the ramping upper limits of hydropower units at node v

and other units providing ramping ancillary services at node g, respectively.

(d) Non-negativity constraint for ramping slack variables:
up . qUP
{ sg,t, >0: ﬂn,té, Vn, t' (19)
. /
Su = 099, n, t
4. Solution Methodology for the Bilevel Game-Based
Optimization Model

In the two-stage day-ahead and real-time bilevel optimization model constructed in
this paper, the upper level consists of two independent decision-makers: the wind power
operator and the cascade hydropower with hybrid pumped storage (hereinafter referred to
as hydro-storage) operator, while the lower level is the electricity market clearing model.
Since the lower-level market clearing model is a strictly convex optimization problem,
the Karush-Kuhn-Tucker (KKT) optimality conditions can be employed to equivalently
transform it into a set of linear constraints, thereby converting the original bilevel problem
into a single-level problem. Specifically, the Lagrangian function of the lower-level problem
is first formulated, from which the stationarity equations, primal feasibility constraints,
dual feasibility constraints, and complementary slackness conditions in the KKT conditions
are derived. For the nonlinear complementary slackness constraints, the Big-M method is
adopted for linearization (taking the real-time stage as an example; the detailed derivation
is provided in Appendix A), ensuring that all transformed constraints are linear and can
serve as additional constraints for the upper-level optimization problem. Consequently,
the original bilevel problem is restructured into a constrained optimization problem in
which two independent decision-makers operate at the upper level. A non-cooperative
game relationship exists between the wind power and hydro-storage operators at the upper
level. To solve for the Nash equilibrium of this game, the fixed-point iteration method is
employed. The strategy spaces of wind power and cascade hydropower are compact and
convex due to physical constraints (e.g., generation capacity limits, ramping limits). Each
subproblem is convex, and the joint best-response mapping is a continuous self-mapping
on a compact convex set. According to the fixed-point theorem, this mapping has at least
one fixed point, which corresponds to a Nash equilibrium. Moreover, sequential updates
ensure that the objective function values are monotonically non-increasing and bounded
below, guaranteeing convergence [21]. Taking the real-time stage as an example, the specific
solution procedure is illustrated in Figure 2 and described as follows:

Step 1: Transform the lower-level market clearing model into corresponding con-
straints using the KKT conditions, linearize the nonlinear complementary slackness con-
straints via the Big-M method, and incorporate all resulting constraints as additional
constraints into the upper-level optimization problems, thereby constructing single-level
optimization problems for wind power and hydro-storage.

Step 2: Initialize the market bidding strategies and bilateral trading strategies for wind
power and hydro-storage, and set the convergence tolerance .

Step 3: Fix the hydro-storage strategy and solve the single-level optimization prob-
lem for wind power. This subproblem is solved using the Gurobi solver within the
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MATLAB-YALMIP programming environment to obtain the optimal response strategy for
wind power.

Step 4: Fix the wind power strategy and solve the single-level optimization problem
for hydro-storage. This subproblem is also solved using the Gurobi solver to obtain the
optimal response strategy for hydro-storage.

Step 5: Perform convergence verification by calculating the sum of strategy varia-
tions AS for wind power over two consecutive iterations. If AS is less than the preset
convergence tolerance ¢, the algorithm is deemed to have converged, and the resulting
strategy combination constitutes a Nash equilibrium point. This equilibrium satisfies game
stability, meaning that no participant can unilaterally adjust its own strategy to achieve
higher benefits. If the convergence condition is not satisfied, update the strategies of wind
power and hydro-storage, return to Step 2, and repeat the iterative calculation based on the
updated strategies until convergence is achieved.

KKT and Big-M methods transformation:
transforming the lower-level market clearing problem
into upper-level constraints

'

Initialize and generate the market bidding strategies
and bilateral trading strategies for wind power and
hydro-storage, and set the convergence tolerance &

'

Fixed-point iteration loop £ = 1

T
¥
Based on the hydro-storage strategy, solve for the
optimal response strategy of wind power.

Based on the wind power strategy, solve for the
optimal response strategy of hydro-storage.

'

Calculate the sum of strategy variations AS for wind
power

@ Update the strategies, k=k+1

Output the Nash equilibrium solution

end

Figure 2. Solution Flowchart.

5. Results and Discussion
5.1. Case Parameters

To validate and analyze the rationality and advantages of the mechanism designed in
this paper, simulations are conducted based on a modified IEEE 39-bus system, as shown
in Figure A1 in Appendix B. The market participants include seven thermal power plants
(TP), one wind farm (WP), one photovoltaic power station (PV), one cascade hydropower
station with hybrid pumped storage (PH), and six load aggregators. The parameters of
the upstream and downstream hydropower stations of the cascade system are provided in
Table Al of Appendix B, while the operating parameters of other units are listed in Table A2
of Appendix B. Thermal power units submit five-step block bids based on their marginal
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generation costs, with generation costs expressed in a quadratic function form. To avoid
the influence of unit locations on the scheduling results, the impact of network congestion
is neglected, and the system marginal price (SMP) is adopted for market clearing [22].
This simplification implies that a uniform electricity price applies across the entire grid,
ignoring potential nodal price differences under congestion, and assumes that all generated
power can be fully absorbed. Such an approach is common in studies focusing on bidding
strategies in electricity markets [23,24]. Although this simplification has its limitations,
it preserves the tractability of the model and facilitates a deeper understanding of the
equilibrium strategies of market participants. Incorporating network constraints remains
an important direction for future research. The simulation computations in this paper
were carried out under the following hardware environment: a 12th Gen Intel(R) Core(TM)
i5-12450H @ 2.00 GHz processor, 16 GB of RAM, and a 64-bit Windows 11 operating
system. The model was solved using MATLAB 2021b with the Gurobi 12.0.2 solver. The
MIP relative optimality gap of the solver was set to 0.01%, and the time limit was set to
3600 s. The convergence tolerance ¢ for the fixed-point iteration was set to 10, The
iterative convergence time for the day-ahead stage model was approximately 50 min, while
that for the real-time stage ranged from 3 to 6 min (mainly depending on the number of
convergence iterations in different time periods).

5.2. Analysis of Day-Ahead Bidding Strategies and Clearing Results

Based on multiple rounds of iteration between wind power and hydropower in the
day-ahead spot market, considering each other’s bidding strategies and historical clearing
results, a bidding equilibrium is ultimately achieved. The bidding curves for selected time
periods are shown in Figure 3. The bidding curves exhibit a step-shaped pattern. According
to the proposed model, the maximum number of bidding segments is set to five; however,
due to identical bid prices or zero bid quantities in some intervals, the actual number of
stepped segments in the bidding curves for certain periods (e.g., intervals 5 and 47) is less
than five. The clearing prices in the day-ahead spot market are shown in Figure 4.

Figure 3 presents the segmented bidding curves of wind power and hydropower in the
day-ahead market for representative time periods. The horizontal axis represents the bid
capacity, and the vertical axis represents the bid price. The blue and orange curves represent
the bidding strategies of wind power and hydropower, respectively. As shown in the figure,
the two market participants exhibit differentiated bidding behaviors through strategic
interaction. Wind power submits bids in no more than five segments, with generally low
price levels and small price gradients across segments, reflecting a conservative bidding
strategy aimed at securing output clearing. In contrast, hydropower adopts a bidding
strategy characterized by “low-price wide capacity segments followed by stepped high-
price increases.” In most time periods (e.g., periods 5, 47, and 70), hydropower maintains
long low-price segments to ensure base output absorption, while gradually raising high-
price segments to compete as a marginal unit. During the evening peak period (period
82), hydropower further increases its high-price segments, adopting a more aggressive
bidding strategy to capture excess revenue during peak hours. These differentiated bidding
strategies collectively shape the clearing outcome of the day-ahead spot market.

As shown in Figure 4, the net load curve rises significantly during the morning
and evening peaks, with corresponding increases in clearing prices during these inter-
vals. During the midday period, due to high photovoltaic output, net load decreases,
leading to lower electricity prices. The electricity price peaks during the evening peak,
demonstrating that the market price signal is closely aligned with the system’s supply and
demand conditions.
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Figure 3. Partial-period bidding curves for wind power and hydropower. (a) Comparison of bidding
curves at time period 5; (b) Comparison of bidding curves at time period 47; (c) Comparison of
bidding curves at time period 70; (d) Comparison of bidding curves at time period 82.
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Figure 4. Comparison of day-ahead spot market clearing prices and net load curve.

5.3. Real-Time Ramping Cost Allocation Analysis
5.3.1. Parameter Sensitivity Analysis

To investigate the impact of key parameters on ramping cost allocation results, this
section presents sensitivity analyses for parameters  and -y to evaluate the robustness of
the proposed mechanism under different parameter values, as shown in Figure 5. Based on
real-time forecast errors, the wind farm and photovoltaic station declare upper and lower
bounds of £7.5% [20] and £5% [25] of their forecast power, respectively. The detailed
analyses are as follows:
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Sensitivity analysis of coefficient § is presented in Figure 5a.  represents the propor-
tion of renewable forecast deviation costs allocated based on the declared forecast
error interval. As f varies from 0.1 to 0.9, the declared component costs for WP and
PV increase linearly, while the actual error component costs decrease linearly. The two
components are of similar magnitude at g = 0.6. In the range B € [0.4, 0.8], the two
components remain relatively balanced, and the total cost changes smoothly. In this
case study, f is set to 0.4, which lies within this stable range, indicating that the choice
of B has a limited impact on the fairness of the allocation results. Moreover, a greater
weight on the declared error interval in cost allocation, which helps to more clearly
reflect the improvement in cost allocation brought about by wind power’s forecast
error reduction in subsequent hydro-storage coordination.

Sensitivity analysis of penalty coefficient -y is shown in Figure 5b. vy is used to impose
additional costs on units whose actual forecast errors exceed their declared bounds.
v is varied from 1 to 5 to examine its effect on the allocated costs of renewable units.
When 7 < 1.5, the penalty is insufficient to deter strategic under-reporting. When
v > 3, the penalty becomes excessive, potentially imposing an undue burden on
occasional large errors. At ¢ = 2, the mechanism strikes a balance between deterrence
and fairness. Across different y values, the relative ranking of allocated costs for
renewable units remains consistent, indicating that the main conclusions are not
sensitive to the choice of y.
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Figure 5. Sensitivity Analysis of Parameters. (a) Sensitivity Analysis of Parameter §; (b) Sensitivity

Analysis of Parameter vy.

Therefore, in the subsequent study, j is set to 0.4 and v is set to 2.

5.3.2. Comparative Analysis of Ramping Cost Allocation Methods

To highlight the effectiveness and advantages of the ramping ancillary service cost

allocation method proposed in this paper, a comparative analysis of cost allocations under

two different methods is conducted based on the real-time market clearing results, assuming

that wind power and hydropower participate without engaging in bilateral trading.

Allocation Method 1: According to the current Shandong ramping ancillary ser-

vice market implementation rules [8], ramping ancillary service costs are allocated
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among units that do not provide ramping services in proportion to their grid-connected
energy quantities.

Allocation Method 2 (the method proposed in this paper): Ramping ancillary service
costs are allocated based on the ramping responsibility coefficients of market participants.

The comparison of allocated costs among different allocation methods is shown in
Figure 6. WP denotes wind power plants, PV denotes photovoltaic power plants, TP de-
notes thermal power plants, and User denotes electricity consumers. To verify the fairness
of the proposed method in this paper, two economic indicators—Gini coefficient [26] and
Spearman’s rank correlation coefficient [27]—are introduced for quantitative analysis of
different allocation methods. The specific calculation formulas are shown in Equations (50)
and (51), and the allocation indicator results of different methods are presented in Table 1.

35 T T T T T T T T T T T T

I Allocation Method 1
301 I Allocation Method 2|

Allocated cost/ ¥

WP PV TP3 TP4 TP5 TP7 Userl User2 User3 Userd User5 User6

Ramping cost allocation entities

Figure 6. Comparison of allocation costs under different allocation methods.

Table 1. Comparison of Indicators for Different Methods.

Spearman’s Rank

Indicator Gini Coefficient Correlation Coefficient
Allocation Method 1 0.6346 —0.5660
Allocation Method 2 0.4752 1

The Gini coefficient quantifies the fairness of ramp cost allocation by measuring the
equilibrium of the allocated cost distribution, as shown in Equation (50). The value of G
ranges from [0, 1], and a smaller G indicates a fairer allocation.

(50)

where n denotes the total number of market participants involved in the cost allocation; x;
represents the allocated cost of participant i; X is the average value of the allocated costs of
all participants;

X — x]-| denotes the absolute difference between the allocated costs of any
two participants.
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Spearman’s rank correlation coefficient p quantifies the fairness of ramp cost allocation
by measuring the consistency between the allocated costs and the responsibility ranking, as
shown in Equation (51). The closer the indicator is to 1, the more the cost allocation aligns
with the principle of “who causes, who bears”.

6y &2
i=1
p=1- w2 —1) (51)
where d; is the difference between the responsibility rank and the cost rank of the
i-th participant.

The analysis leads to the following conclusions:

The Gini coefficient of Allocation Method 1 is 0.6346, which is relatively high, indicat-
ing an extremely unbalanced allocation structure. This method concentrates all ramp costs
on the generation side, with no participation from the demand side. Moreover, there is a
serious mismatch within the generation side: stable thermal power units (TP3, TP4, TP5,
TP7) that do not induce ramp demand bear high costs, while users that cause ramp demand
enjoy ramp services at zero cost, resulting in a highly unbalanced overall distribution.
The Gini coefficient of the proposed method (Method 2) decreases to 0.4752, a reduction
of 25.1% compared with Method 1, and the overall allocation balance is significantly im-
proved. Method 2 includes electricity users in the allocation subjects, and dispatchable
thermal power units bear no costs, which effectively narrows the cost gap among different
types of subjects and alleviates the allocation imbalance between the generation side and
the demand side. In addition, the Spearman’s rank correlation coefficient of Method 1 is
—0.5660, showing a moderate negative correlation, which indicates a serious mismatch
between responsibility and cost. High-volatility users with the highest responsibility (e.g.,
User5) bear zero cost in Method 1, whereas stable thermal power units with the lowest
responsibility (e.g., TP3, TP5) bear high costs. As a major cause of ramp demand, PV even
bear lower costs than stable thermal power units due to their small grid-connected power,
completely violating the fairness principle of “who causes, who bears”. The Spearman’s
rank correlation coefficient of Method 2 is 1, achieving perfect positive correlation between
responsibility and cost. This shows that subjects with higher ramp responsibility (e.g.,
high-volatility users User5, Userl) bear higher costs; stable thermal power units (TP3, TP4,
TP5, TP7) with no ramp responsibility bear zero cost; and new energy units undertake cor-
responding costs according to their own output fluctuations, achieving optimal matching
between responsibility and cost.

The unreasonable mechanism of Method 1 cannot truly reflect the ramp responsibility
of new energy units and users, which is not conducive to guiding market subjects to
optimize their behaviors and hinders the low-carbon transition of the power system.
Method 2 not only achieves dual improvements in overall allocation balance and individual
responsibility matching, but also significantly reduces the grid-connection cost of new
energy. The allocated cost of new energy units decreases by 65.66% on average, effectively
easing the economic pressure of new energy accommodation and facilitating large-scale
new energy integration and the low-carbon transition of the power system. Meanwhile, by
involving users in cost allocation, ramp responsibility is made explicit, guiding the load
side to reduce volatility and lowering system ramp demand at the source.

5.3.3. Analysis of the Proposed Allocation Method

To analyze the fairness and traceability of the ramping ancillary service cost allocation
method proposed in this paper, Tables 2 and 3 present the specific sources of ramping cost
allocations for users and renewable energy power stations under Allocation Method 2,
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respectively. Taking User 1 and User 5 as representative examples, a comparative graph of
their load demand curves is plotted, as shown in Figure 7.

Table 2. Sources of ramping allocation costs for power users.

Upward Cost for Downward Cost Upward Cost for Downward

Palﬁ?crik?n ¢ Net Load for Net Load Load Cost for Load Total/¥
P Variation/¥ Variation/¥ Uncertainty/¥ Uncertainty/¥
User 1 7698.22 4519.81 88,152.81 87,385.91 187,756.75
User 2 6282.95 4417.20 71,825.99 71,481.67 154,007.81
User 3 7238.33 5732.79 60,678.47 60,283.80 133,933.39
User 4 5016.23 2965.23 39,807.78 39,718.09 87,507.33
User 5 6180.67 4932.52 119,634.7 118,635.7 249,383.59
User 6 5548.05 3196.22 52,655.05 52,115.52 113,514.84
Table 3. Wind turbine virtual inertia coefficients of each scheme under all wind speed scenario.
Upward Ramping Downward Ramping Cost Ramping Cost
Market Cost Allocation Ramping Cost Allocation for Allocation for Total/¥
Participant for Net Load Allocation for Net Declared Forecast ~ Actual Forecast
Variation/¥ Load Variation/¥ Error Interval/¥ Error/¥
WP 9286.31 6364.81 27,279.40 57,040.94 99,971.46
PV 2246.40 1155.88 21,077.73 53,494.43 77,974.44
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Figure 7. Load demand curves of typical power users.

Table 2 lists the components of ramping costs allocated to users, including upward and
downward ramping costs caused by net load variation, as well as upward and downward
ramping costs caused by load uncertainty. Table 3 presents the components of ramping
costs allocated to renewable energy units, including upward and downward ramping costs
caused by net load variation, ramping costs based on declared forecast error intervals, and
ramping costs based on actual forecast errors. This indicates that the proposed ramping
ancillary service cost allocation method enables traceability in the allocation mechanism
for both users and renewable energy power stations.

From the allocation results in Tables 1 and 2, it can be observed that, in this case
study, the proportion of ramping costs caused by net load variation borne by renewable
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energy stations is lower than that borne by the load side. This is mainly because the
magnitude of renewable energy output fluctuations in this case study is significantly
smaller than that of load-side fluctuations. On the load side, although User 5 has a higher
total electricity consumption than User 1, User 1 exhibits greater load volatility (with a
coefficient of variation 9.32% higher than that of User 5). As a result, User 1 bears an
additional 1140.84 CNY in net load ramping costs compared to User 5. This difference
indicates that, in this case study, users with higher load volatility bear higher ramping costs,
reflecting the fairness principle of “user pays.” On the renewable energy side, the net load
variation costs incurred by the photovoltaic station due to fluctuations are significantly
lower than those of the wind farm. This is because, in this case study, the photovoltaic
station’s output drops to zero at sunset and does not exacerbate ramping requirements
through fluctuations during most of the day. However, its uncertainty-related ramping
costs are comparable to those of the wind farm, which is attributable to the sharp increase
in output at sunrise, leading to significant forecast errors. This finding suggests that, in
this case study, the proposed allocation method can distinguish the distinct fluctuation
characteristics of different renewable energy stations and create differentiated incentives
through economic signals linked to these fluctuation characteristics. It should be noted that
the above observations are based on the load and renewable energy output data of this case
study. Load fluctuation characteristics and renewable energy output patterns may vary
across different regions and seasons, and the ability of the mechanism to distinguish such
characteristics and its incentive effects in broader contexts require further validation.

5.3.4. Analysis of High-Penetration Renewable Energy Scenarios

To verify the impact of different renewable energy penetration scenarios on the pro-
posed allocation method, three thermal power plants (TP5, TP6, and TP7?) in the original
market configuration were replaced with one wind farm (WP1) and two photovoltaic
stations (PV1 and PV2). The specific sources of ramping cost allocation for users and
renewable energy stations are presented in Tables 4 and 5, respectively.

Tables 4 and 5 show that under the high renewable penetration scenario, the proposed
method still enables traceability in the allocation of ramping costs for both users and
renewable energy stations. Moreover, as the penetration of renewable energy increases,
the volatility and uncertainty of renewable output intensify, leading to a corresponding
rise in system ramping requirements. As a result, the total ramping costs increase by
26.41% compared with the base scenario. A comparison between Tables 1 and 3 indicates
that although total ramping costs increase, the incremental ramping requirements mainly
stem from forecast deviations caused by renewable uncertainty, which reduces the share
of ramping costs allocated to the load side. Consequently, the ramping costs borne by
users do not change significantly. A comparison between Tables 2 and 4 reveals that,
despite an increase in total ramping costs for renewable energy under the high-penetration
scenario, the average allocated costs for the original wind and photovoltaic units show a
slight decrease. This phenomenon arises from the responsibility-tracing characteristic of
the proposed allocation mechanism: when the number of renewable units in the system
increases, the responsibility for net load variations and forecast errors is shared among
more units. Therefore, although the overall system ramping demand rises due to increased
variability in renewable output, the dispersion of responsibility among a larger number of
units results in the allocated costs for the original renewable units remaining stable or even
slightly decreasing.
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Table 4. Sources of ramping allocation costs for power users.
Market Upward Cost for Downward Cost Upward Cost for Downward
Participant Net Load for Net Load Load Cost for Load Total/¥

P Variation/¥ Variation/¥ Uncertainty/¥ Uncertainty/¥
User 1 7439.20 4263.73 86,576.77 86,717.00 184,996.70
User 2 6071.55 4166.94 70,541.85 70,934.50 151,714.84
User 3 6994.79 5407.99 59,593.63 59,822.35 131,818.76
User 4 4847.45 2797.23 39,096.07 39,414.06 86,154.81
User 5 5972.71 4653.06 117,495.81 117,727.58 245,849.16
User 6 5361.38 3015.13 51,713.65 51,716.59 111,806.75

Table 5. Wind turbine virtual inertia coefficients of each scheme under all wind speed scenario.
Up‘ward Dow.nward Ramplrtg Cost Ramping Cost
Ramping Cost Ramping Cost Allocation for .
Market . . Allocation for
Participant Allocation for Allocation for Declared Actual Forecast Total/¥
P Net Load Net Load Forecast Error Error/¥
Variation/¥ Variation/¥ Interval/¥

WP 8480.68 5883.27 24,893.67 51,837.40 91,095.02
PV 2051.51 1068.43 19,234.37 48,614.42 70,968.73
WP1 11,563.64 7347.19 30,974.50 65,805.19 115,690.50
PV1 2838.22 1474.25 26,883.28 67,645.60 98,841.35
pPVv2 3043.05 1577.25 29,049.61 72,985.36 106,655.30

5.3.5. IEEE 118-Bus System Case Study

To verify the scalability of the proposed ramping cost allocation mechanism, a test is
conducted on the IEEE 118-bus system. The test system comprises 54 thermal generation
units and 186 branches. Other necessary data, including generator parameters, line param-
eters, and load data, can be found in [28]. For this test, the system is divided into three
zones based on grid topology and power flow direction. The proposed mechanism is then
applied to implement cross-zone power flow tracing and ramping cost allocation. Zone
1 includes buses 1 to 40, Zone 2 includes buses 41 to 80, and Zone 3 includes buses 81 to
118. Six wind farms are connected at buses 10, 25, 26, 31, 46, and 54. Three photovoltaic
power plants are connected at buses 49, 65, and 69. The system’s peak load is 6600 MW.
The load demand curves and other parameters are set by proportionally scaling down the
corresponding data from Section 5.3.1.

Figure 8 shows the allocated ramping costs for market participants in the three zones.
The labels for consumers and renewable energy stations correspond to their grid connection
node numbers. The cost distribution across the zones is highly uneven. This pattern reflects
the differing levels of actual responsibility each zone bears for the system’s ramping
demand. Zone 1 accounts for approximately 70% of the total cost. This high share is closely
related to its load profile and generation mix. The zone contains several consumer nodes
with high costs, indicating significant load volatility. Furthermore, its wind power nodes,
especially the wind farm at node 10, are allocated exceptionally high costs. This shows
that wind power output in zone 1 is highly unpredictable. Frequent deviations between its
actual output and forecasts create sustained ramping pressure on the system, resulting in
greater economic liability. In contrast, zone 3 bears a much lower cost burden. This is due
to its generation mix, which is predominantly thermal power.
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Figure 8. Ramping Cost Allocation for Market Participants in the Three Zones. (a) Ramping cost
allocation of Zone 1; (b) Ramping cost allocation of Zone 2; (¢) Ramping cost allocation of Zone 3.

These results demonstrate that the proposed allocation mechanism sends clear eco-
nomic signals. It successfully traces ramping costs back to their specific sources of volatility.
Consumers with high load fluctuations and renewable stations with poor forecast accuracy
are assigned higher costs. This effectively incentivizes market participants to improve their
forecasting, engage with flexibility resources, or adjust their consumption patterns.

5.4. Real-Time Clearing Results and Benefit Analysis
5.4.1. Multi-Scenario Analysis of Real-Time Clearing Outcomes and Benefits

To demonstrate the effectiveness and advantages of the wind-hydro-storage partici-
pation strategy in the real-time market proposed in this paper, the following two typical
scenarios are set up to compare the overall benefits of wind power and hydropower, as
well as the operational performance of cascade hydropower with hybrid pumped storage
under each scenario.

Scenario 1: Wind power and hydropower participate independently in the real-time
market without engaging in bilateral trading.

Scenario 2 (The method proposed in this paper): Wind power and hydropower engage
in bilateral trading and participate in the real-time market through a coordinated decision-
making game that integrates bidding and bilateral trading strategies.

(1) Comparative Analysis of Wind Power and Hydropower Benefits

The clearing results of the multi-scenario real-time spot market and ramping ancillary
service market are shown in Figures A5 and A6 in Appendix C, respectively. The real-time
spot clearing prices and upward/downward ramping clearing prices are presented in
Figure 9 and Figure A7 in Appendix C, respectively. In addition, Table 6 summarizes the
revenues of wind power and hydropower under multiple scenarios.
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Figure 9. Comparison of real-time clearing prices under different scenarios.
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As shown in Table 6, the coordinated decision-making mechanism formed through
bilateral trading between wind power and hydropower has significantly improved the
economic benefits for both parties. Compared with Scenario 1, where both parties partic-
ipate independently in the market, Scenario 2 establishes a risk-sharing model in which
flexible regulation capacity is exchanged for deterministic revenue. To address the strong
uncertainty of its own output, wind power purchases regulation services from hydropower,
resulting in a substantial reduction in deviation penalty costs and ramping responsibility
allocation costs by 51.01% and 23.10%, respectively. This leads to a total revenue increase
of 451,001 ¥ compared to Scenario 1.

Table 6. Comparative analysis of revenue for wind power and hydropower under different scenarios.

Market Participant WP Hydro-Storage
Scenario Scenario 1 Scenario 2 Scenario 1 Scenario 2
Real-Time Spot Market
Revenue/10* ¥ 506.12 519.89 688.22 699.59
Deviation Penalty Cost/ 10% ¥ 11.41 5.59 — —
Ramping Cost Allocation/10* ¥ 10.00 7.69 — —
Ramping Service Revenue/10* ¥ — — 36.07 35.48
Bilateral Trading Cost/10* ¥ — 6.39 — 6.39
Total Revenue/10% ¥ 484.71 489.22 724.29 741.46

For hydro-storage, its role evolves from a pure power generator to a system regulation
service provider. Not only does it receive regulation service compensation from wind power
through bilateral contracts, but it also leverages the pumped storage unit to arbitrage by
converting surplus wind power during high-output periods into scarce electricity during
peak hours when market prices are favorable. This results in a total revenue increase of
171,700 ¥. The revenue analysis indicates that bilateral trading between wind power and
hydro-storage, coupled with a coordinated decision-making game in real-time market
participation, achieves a win—win outcome for both parties. More importantly, it establishes
a market-oriented mechanism where risks and returns are alignhed—wind power secures
certainty by paying a predetermined cost to mitigate uncertainty risks, while hydro-storage
earns additional revenue by assuming manageable risks.

Furthermore, as illustrated in Figure 9, during periods of low load demand, the bid
output of wind power decreases while hydropower increases its energy storage, leading to
a reduction in total market output and consequently higher electricity prices, as observed in
time period 24. Conversely, during periods of high electricity prices, wind power increases
its bid output, and hydropower, having stored energy during low-demand periods, also
raises its bid output, thereby increasing total market generation and lowering electricity
prices, as seen in time period 79. Therefore, bilateral trading between wind power and
hydropower effectively reduces the peak-to-valley difference in electricity prices.

In summary, the coordinated decision-making of bidding and bilateral trading strate-
gies for wind power and hydropower not only enhances the benefits of both parties at the
micro level through risk trading but also smooths market price signals at the macro level by
improving supply—-demand matching, thereby enhancing the overall economic efficiency
and operational performance of the power system.

(2) Comparative Analysis of Hydropower Operation

As shown in Figure 10, which presents the operational status of hydropower under
multiple scenarios, there is a fundamental difference in the hydropower dispatch mode
between the two scenarios. In Scenario 1, hydropower operates as an independent market
participant, with its dispatch aimed at maximizing the economic benefit of the reservoir
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itself, exhibiting a characteristic of “operation determined by water availability.” However,
due to constraints imposed by inflow and electricity price differences, the quick regulation
potential of hydropower was not fully utilized. In contrast, Scenario 2, through the coor-
dinated decision-making mechanism, achieves a transition from “operation determined
by water” to “water utilization optimized for electricity.” Hydropower dispatch is no
longer confined to self-optimization; it adjusts its operation in real time based on wind
power forecast errors. The utilization rate of the hybrid pumped storage is significantly
higher than in Scenario 1, with the upstream reservoir focusing on energy storage and
the downstream reservoir specializing in rapid regulation. This indicates that under the
bilateral trading mode, hydropower, by dedicating a portion of its capacity to wind power,
not only enhances its own economic benefits but also ensures its quick regulation capability
is fully leveraged.
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Figure 10. Comparison of hydropower operation under different scenarios. (a) Hydro-Storage
operational status for Scenario 1; (b) Hydro-Storage operational status for Scenario 2.

5.4.2. Wind Power Strategy Analysis Under Different Risk Preferences

Table 7 presents the revenue-risk trade-off for wind power under different risk aversion
coefficients, as well as the corresponding leasing capacity from hydropower. As the risk
aversion coefficient increases, the expected real-time revenue of wind power gradually
decreases, while the CVaR value—representing the loss caused by risk—also declines
accordingly. This indicates that wind power is willing to sacrifice part of its expected
revenue to avoid risk, tending to adopt a more conservative bidding strategy.

Table 7. Wind power’s return-risk results under different risk aversion coefficients.

Average Leased

Risk Aversion Expected Expected Capacity from
Coefficient Revenue/10% ¥ Revenue/10* ¥ Hydropower (MW,
Magnitude Only)
0 496.57 496.35 36.38
0.2 492.36 491.82 39.89
0.4 490.71 489.87 41.92
0.6 489.22 488.15 4412
0.8 487.54 487.26 45.88
1 485.17 485.02 48.23

Furthermore, the change in the risk aversion coefficient directly influences wind
power’s decision on leasing capacity from hydropower. When risk aversion is low, wind
power tends to lease less regulation capacity from hydropower, preferring to bear forecast
error risks on its own to maximize expected revenue. As the risk aversion coefficient
increases, wind power increases its leasing capacity from hydropower, hedging against
uncertainty risks by paying a deterministic leasing cost.
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6. Conclusions

Considering the sources of ramping requirements in the new power system, this paper
proposes a fair ramping cost allocation mechanism based on the ramping responsibility
coefficients of market participants. Under this mechanism, to reduce the ramping cost
allocation for wind power, a market-oriented operation model for wind-hydro-storage
coordinated operation is established, promoting efficient and collaborative multi-agent
market participation. Through simulation analysis, the following conclusions are drawn:

(1) Wind power and hydropower exhibit differentiated bidding behaviors through strate-
gic interaction. In this case study, wind power adopts a conservative bidding strategy
aimed at securing cleared quantities, while hydropower leverages its regulation char-
acteristics, resulting in a bidding strategy characterized by a smoother profile but a
broader capacity range.

(2) According to the fairness analysis based on the Gini coefficient and Spearman’s rank
correlation coefficient, compared with the traditional method that only allocates
ramping costs to the generation side in proportion to grid-connected power, the
proposed ramping cost allocation mechanism in this paper achieves higher fairness
and better responsibility-cost matching, while reducing the average allocated cost of
renewable energy power stations by 65.66%. This mechanism allocates costs based
on the ramp responsibility of each participant, effectively correcting the mismatch
between responsibility and cost in the traditional method, and can provide reasonable
economic incentives for renewable energy stations to improve output forecasting
accuracy and conduct energy interaction with flexible resources.

(3) Through bilateral trading between wind power and hydropower, and participation
in the real-time market via a coordinated decision-making game, the fast regula-
tion capability of hydropower and its hybrid pumped storage is more fully uti-
lized in this case study. The economic benefits for both parties are significantly
improved compared to independent market participation, achieving a win-win out-
come. In addition, a reduction in the peak-to-valley price difference is observed in this
case study.

(4) Conditional Value-at-Risk (CVaR) is introduced to quantify the revenue and risk of
the coordinated decision-making between wind power market bidding and bilateral
trading. In this case, study, the leased capacity from hydropower and the expected
revenue of wind power are compared under different risk aversion coefficients. As the
risk aversion coefficient gradually increases, the expected real-time revenue of wind
power decreases, while the leased capacity from hydropower increases, allowing
wind power to hedge against uncertainty risks by paying a deterministic leasing cost.
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Appendix A

(1) Construct the Lagrangian function of the lower-level model: Based on the correspond-
ing dual variables listed in the main text, the Lagrangian function L for the lower-level
real-time market clearing model is formulated as:
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(2) The dual variable constraints are:
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(38) The gradient of the Lagrangian function L is zero at the optimal solution of the original
lower-level problem. Specifically, taking the partial derivatives of L with respect to
the variables of the lower-level optimization problem yields:
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M, — Ao — gdown = 0, v, (A7)
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(4) The complementary slackness constraints are:
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wherea | bdenotesa > 0,b > 0and ab =0.

(5) Linearization of complementary slackness conditions: The Big-M method is employed
for linearization. Taking Equation (A13) as an example, it can be expressed using a
binary variable 77 and a sufficiently large positive constant M as follows:

0< P ,—P <M
{ S Pofmp — Yo fmpr = M (A39)

c,
0 < pgrmy <M(1—1)

At this stage, the constraints of the upper-level optimization problems for wind power
and hydro-storage incorporate all the aforementioned KKT conditions (after linearization).
The original bilevel problem is thus transformed into a single-level mixed-integer linear
programming (MILP) problem, which can be solved directly using the Gurobi solver.
The selection of the Big-M parameter has a significant impact on numerical stability and
solution quality. If the M value is too small, the logical constraints of the model cannot be
effectively enforced, which may produce pseudo-feasible solutions that violate the physical
or economic nature of the problem, directly affecting solution correctness. If the M value is
too large, it can cause severe numerical instability, where M-related terms in the objective
function or constraints overshadow the original coefficient differences, blurring the true
optimization direction. Additionally, overly weak linear relaxation may increase solution
time. In extreme cases, this may lead to premature solver termination or suboptimal
solutions. Therefore, for the complementary slackness constraints arising from the KKT
transformation in this paper, following reference [29], a differentiated M-value selection
strategy is adopted based on the constraint type. The details are as follows:

(1) Direct selection based on physical bounds: Applicable to variables with clear physical
bounds (e.g., power, phase angle). The M values are directly determined according
to the physical characteristics of the variables. For constraints related to generation
output and ramping capacity, the parameter M is directly taken as 1.2 times the
corresponding unit’s maximum generation capacity or ramping capacity limit. For
phase angle constraints, the parameter M is fixed at 27, covering the maximum
possible deviation of the voltage phase angle in the range [, 7t].

(2) Dual variable-related constraints (e.g., electricity price). First, solve a single-level
market clearing problem to obtain the dual variable values of each relevant constraint,
and then determine the M value in combination with the market price cap, where
M = (dual variable value + 1) x 100.
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Figure A1. Modified IEEE39 node system.
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Figure A4. Wind and photovoltaic output curves.

Table Al. Parameters of upper and lower cascade hydropower stations.

100

Parameters Upstream H}Idropower Downstream Hydropower Pumped Storage
Station Station
Regulation Capability Incomplete Annual Regulation Daily Regulation —
Installed Capacity/MW 1200 800 450
Normal Storage Level/m 400 200 —
Flood Control Level/m 395.2 192.2 —
Dead Water Level/m 345 180 —
Design Water Head/m 170 101.6 —
Output Coefficient 8.5 8.5 8.5
Pumping Efficiency — — 90%
Generation Efficiency — — 80%
Table A2. Operation parameters of units.
Unit Number Unit Type Connected Node Ramping Coefficient (%/h) Installed
Capacity/ MW
Gl WP 30 — 1200
G2 PV 31 — 1200
G3 Thermal Power 32 25% 300
G4 Thermal Power 33 25% 1500
G5 Thermal Power 34 30% 1300
G6 Thermal Power 35 35% 1100
G7 Thermal Power 36 25% 1000
G8 Thermal Power 37 25% 800
G9 Thermal Power 38 30% 600
G10 Hydro-Storage 30 35% 2450
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Figure A5. Comparison of real-time spot market clearing results under different scenarios. (a) Real-
time spot market cleared energy quantity for Scenario 1; (b) Real-time spot market cleared energy

quantity for Scenario 2.
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Figure A6. Comparison of clearing results in the ramping ancillary services market under dif-
ferent scenarios. (a) Upward ramping ancillary service clearing results for Scenario 1; (b) Down-
ward ramping ancillary service clearing results for Scenario 1; (¢) Upward ramping ancillary ser-
vice clearing results for Scenario 2; (d) Downward ramping ancillary service clearing results for

Scenario 2.
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Figure A7. Comparison of clearing prices in the ramping ancillary services market under different sce-
narios. (a) Comparison of upward ramping clearing prices under different scenarios; (b) Comparison
of downward ramping clearing prices under different scenarios.
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