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ABSTRACT 

To address the reliable and economical operation of virtual power plants containing a large number of adjustable resources in the 
day-ahead and intraday markets, a two-stage model predictive control (MPC) based optimization scheduling strategies for virtual 
power plants (VPPs) in the electricity spot market is proposed and discussed in this paper. Firstly, a TCN-GRU-attention hybrid 
prediction algorithm is developed for forecasting output of inelastic loads, wind power and photovoltaic (PV) in VPPs. Secondly, a 
hierarchical bi-level mixed-integer linear programming model integrating multiple resources with EV participation is established 
to enable that EV charging load, GT generation and ESS can dynamically adjust their behaviour under different operation cost. 
Furthermore, an improved MPC-based intraday dispatch strategy embedded with a bidirectional dynamic penalty mechanism is 
proposed to rapidly respond to real-time fluctuations of uncontrollable resources. The proposed two-stage MPC-based scheduling 
strategies can thereby enhance the flexibility and operational efficiency of the VPP system. Simulation results demonstrate that the 
two-stage collaborative optimization improves the total revenue of VPPs by 5.06%, fully verifying the robust economic advantages 
of the proposed solution in complex market environments. 
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 Introduction 

he energy scheduling methods of traditional power system are
ocused on the unit commitment, which can reduce the total
uel costs for the unit and avoid power overload in transmis-
ion lines [ 1 ]. As the development of renewable energy power
eneration technologies, power systems increasingly incorporate
ast numbers of non-dispatchable power sources controlled by
onverters. This significantly increases the number of variables
n power system energy optimization scheduling. Thermal power
nits face start-stop peak regulation challenges, necessitating
he introduction of energy storage systems to fully integrate
his is an open access article under the terms of the Creative Commons Attribution-NonCommercial-N
s properly cited, the use is non-commercial and no modifications or adaptations are made. 
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renewable sources. Consequently, solving optimization problems
becomes increasingly difficult in the integrated energy system [ 2 ].

Wind and solar energy sources exhibit inherent intermittency
and volatility, hence microgrid technologies have been proposed
to significantly enhance the self-sustainability of local grid
and avoid long-distance transmission of energy [ 3 ]. As another
typical measure to integrate distributed energy sources (DERs),
demand response (DR), energy storage system (ESS), virtual
power plant (VPP) has provided an efficient platform to aggregate
geographically dispersed adjustable resources through advanced
communication technologies and software architectures [ 4 ].
oDerivs License, which permits use and distribution in any medium, provided the original work 
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PPs can mitigate adverse grid impacts associated with high
enetration of geographical RESs. In the meantime, VPPs can
lso gain commercial benefits through participating electricity
arkets like conventional power plants. 

n refs. [ 5, 6 ], the modeling techniques and energy manage-
ent methods of VPPs before 2021 have been comprehensively
eviewed. In recent years, numerous virtual power plant projects
ave been put into operation around the world, with an increasing
umber of aggregated resources, such as electrolytic hydrogen
roduction units, being integrated into these virtual power plants
o enhance their flexibility when participating in electricity
arkets [ 7–9 ]. Consequently, recent research has focused on
he business models of virtual power plants and optimization
cheduling problems under high proportion of renewable energy
 10 ]. In the optimization methods, researchers have paid a great
eal of enthusiasm in deep learning-based optimization methods
o address the growing complexity of VPP scheduling models [ 11–
3 ]. Among these literatures, the optimization algorithms and
emand response of the aggregated loads have been well studied
nd the results show that VPPs can significantly enhance the
verall efficiency of the system during multi-resource integrated
peration. 

owadays, electricity markets have become a key mechanism for
eflecting real-time power supply and demand, with spot prices
nd medium-to-long-term prices reflecting the actual economic
alue of flexibly dispatching resources [ 14 ]. How to effectively
uide the optimized operation of virtual power plants within
lectricity markets to realize market-based returns on economic
alue is a problem that should be addressed at present [ 15 ]. When
articipating in the electricity spot market, VPPs must formulate
ay-ahead trading strategies based on prediction results and must
ynamically adjust their scheduling strategies in real time to
ccommodate discrepancies between actual load and renewable
nergy output and forecast results in the intraday dispatch [ 16, 17 ].

n the day-ahead energy optimization scheduling of VPPs,
ccurate forecasting of renewable generation and load demand
ithin the VPP is essential to maintain economic viability and
nsure power balance. And then these forecast curves are then
sed to dispatch the adjustable resources in the VPP. These
xisting optimization methods of VPPs can be mainly divided into
tochastic optimization and deterministic optimization methods.
tochastic optimization methods can effectively quantify the
andomness of new energy generation and load fluctuations [ 18,
9 ]. However, they require dispatchers to possess multi-scenario
nalysis capabilities when formulating VPP dispatch strategies
ithin electricity markets, which would bring cost risks under
xtreme scenarios. Hence deterministic optimization methods of
PPs are widely applied in electricity market. Ref. [ 20 ] utilized
 robust optimization (RO) technique to develop an optimal
nergy dispatch plan for a VPP engaging in the spot market.
his approach takes into consideration all potential uncertainties
hat may occur during the dispatch process. Nevertheless, robust
ptimization adopts a worst-case scenario approach, which may
ead to overly conservative dispatch plans for VPP, reserving
xcessive spare capacity or sacrificing economic efficiency to
ddress low-probability extreme events. Ref. [ 21 ] adopts the
pportunity strategy based on Information gap decision theory
IGDT) to address the uncertainties in VPP operation within
of 27
electricity markets. By setting a profit growth target, this approach
aims to maximize potential returns under minimal uncertainty.
However, it fails to balance the trade-off between robustness
and opportunity, potentially leading to overly optimistic decisions
under high uncertainty. Moreover, its effectiveness heavily relies
on the subjectively defined performance target, which, if improp-
erly set, may compromise the strategy’s overall performance. Ref.
[ 22 ] extensively examined the coordination and compatibility
of different adjustable resources on the source, grid and load
sides. They developed a bi-level optimization energy dispatch
model with the objective of minimizing load loss rate, user
cost and operational cost, while ensuring a balance between
system reliability and economic efficiency. However, this strategy
only concentrates on the day-ahead market and faces difficul-
ties in promptly adapting to uncertainties between the power
supply and load in the intraday market. This could result in
discrepancies between the ideal output of controllable devices
and the actual demand for electricity in the intraday market.
In the meantime, several deep learning-based methods have
been proposed to deal with the day-ahead scheduling for VPPs
[ 23–25 ]. Reinforcement learning (RL) demonstrates significant
potential in dispatch optimization of VPPs in day-ahead spot
electricity market. RL-based scheduling algorithms can enable
adaptive control and handle complex nonlinear problems. But its
practical application faces substantial challenges and limitations.
These shortcomings primarily stem from a fundamental conflict
between the inherent characteristics of RL algorithms and the
rigid scheduling requirements of VPPs. Its core flaw lies in the
inability to strictly guarantee compliance with all constraints. In
the meantime, RL-based scheduling of VPPs may fail to effectively
learn coping strategies due to insufficient training data under low-
frequency yet high-risk tail events, such as N − 1 faults or extreme
weather. 

In the intraday energy optimization scheduling of VPPs, stochas-
tic nature of renewable resources induces forecast deviations,
potentially reducing VPP’s revenue during the intraday stage
[ 26, 27 ]. To address these challenges, ref. [ 28 ] introduced a
VPP energy management approach that utilizes model predictive
control (MPC) to tackle these problems. This approach employs
real-time measurement data to conduct rolling optimization of
controllable device output, resulting in a notable improvement in
the utilization efficiency of distributed generators. Additionally, it
reduces the influence of forecast errors on intraday optimization
outcomes when compared to traditional optimization schemes.
Nevertheless, this strategy is only suitable for power markets that
are regulated by the government. Deregulated energy markets
give clients with a greater range of options compared to regulated
markets, allowing them to choose services from several electricity
providers. This promotes a competitive environment among
service providers, leading to a decrease in overall prices [ 29 ]. Nev-
ertheless, in markets without regulations, the prices of power are
established based on the current supply and demand conditions,
leading to substantial fluctuations in pricing and the implementa-
tion of more adaptable penalty systems in the intraday stage [ 30 ].
This presents more difficulties for implementing MPC in VPP
energy dispatch. Ref. [ 31 ] enhanced the objective function of MPC
and introduced a multi-stage optimal energy management system
that is well-suited for deregulated power markets. In addition,
Ref. [ 32 ] investigated the temporal horizon optimization of MPC
in deregulated markets. The study showed that using receding
IET Generation, Transmission & Distribution, 2026
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orizon MPC at the VPP intraday optimization stage leads to
reater economic advantages compared to using fixed horizon
PC. 

owever, in the studies on VPP dispatch methods in the electric-
ty spot market, ESSs are often set as the primary responders to
lectricity load changes, such as electric vehicles (EV) charging
oad fluctuation [ 33, 34 ]. While this strategy achieves the basic
riterion for power balance in the grid, it fails to completely anal-
se and enhance the entire system performance. With the rapid
evelopment of vehicle-to-grid (V2G) technology, the charging
oad of EVs are rapidly incorporated into the grid architecture,
nabling new opportunities for dynamic equilibrium in the power
ystem [ 35 ]. In future operation of VPPs, the interaction among
hese multiple adjustable resources should not be constrained to
nidirectional response. Instead, flexible load resources should
e able to finely and swiftly change their demand plans based
n real-time feedback from the generating schedules of power
eneration resources. This bidirectional optimization not only
oosts the system’s responsiveness to renewable energy swings
ut also encourages the collaborative optimization of source, grid,
oad and storage resources in electricity spot market [ 36 ]. 

o address the reliable and economical operation of virtual power
lants containing a large number of adjustable resources in
he day-ahead and intraday markets, this paper delves into the
nergy optimization scheduling strategies for VPPs with multiple
djustable resources in electricity spot market. The VPP include
nelastic loads and flexible EV charging loads in the load side,
nd uncontrollable WT generators and PV stations in the source-
torage side, along with controllable ESS and gas turbine (GT). In
oth day-ahead and intra-day stages of the electricity spot market,
wo-stage MPC-based energy optimization scheduling for a VPP
ith multiple adjustable resources is proposed to ensure system
tability and maximizes VPP revenues in the market. The main
ontributions of this paper are as follows: 

∙ A two-stage MPC optimization scheduling model is proposed
for a VPP in both the day-ahead and intraday stages under
electricity spot market considering consumers with inelastic
demand, adjustable EV charging load, gas turbine generation,
wind turbine generation, photovoltaic station and energy
storage system. 

∙ Integrated an MPC-based strategy and a bi-level optimization
algorithm into the intraday energy management frame-
work to improve VPP operational efficiency under electricity
spot market. This enables a rapid response of controllable
resources to real-time changes in uncontrollable resources,
while allowing EV fleets to dynamically adjust their charging
and discharging demands based on real-time feedback from
the generation schedules of source-type resources, thereby
enhancing flexibility and system adaptability. 

∙ A day-ahead energy management framework incorporates a
temporal convolutional network (TCN)-GRU-attention based
load forecasting algorithm is proposed to reduce the adverse
effects of unpredictable load demand and renewable energy
output on the economic efficiency of VPPs under electricity
spot market. This approach utilizes the simplicity and effi-
ciency of GRU to decrease computational burden, while the
strong feature extraction capability of the and the weighted
ET Generation, Transmission & Distribution, 2026
mechanism of attention improve the accuracy of predicting
uncontrollable load demand and new energy output. 

The rest of this paper is organized as follows. Section 2 introduces
the concept of VPP operation in two-stage electricity spot market.
Section 3 provides a detailed illustration of our proposed two-
stage MPC-based energy optimization scheduling for a VPP with
multiple adjustable resources. Section 4 presents the operation
results of a VPP case using field data. Section 5 summarizes the
research findings and discusses future prospects. 

2 VPP Operation in Two-Stage Electricity Spot 
Market With Multiple Adjustable Resources 

VPPs aggregate heterogeneous resources, including uncontrol-
lable resources and adjustable resources. The uncontrollable
resources include inelastic loads in the load side, and uncon-
trollable WT and PV units in the source sides. The adjustable
resources include EV charging load and controllable ESS and GT
generators. 

In electricity spot market, market organizers employ security-
constrained economic dispatch (SCED) to determine day-ahead
clearing prices in the day-ahead market and then inform VPP
aggregators. In this paper, VPP aggregators are characterized by
their limited scale, which means they have no impact on market
prices and do not participate in price rivalry with other VPPs. VPP
aggregators, who are involved in the spot market, must complete
power dispatch plans the day before the operation day and enter
into day-ahead power purchase and sale contracts with network
operators. Therefore, there are two stages for VPP operation in
electricity spot market, including day-ahead stage and intraday
stage. 

In order to participate in the spot market, a VPP must formulate
binding power purchase and sale strategies with the electricity
market based on aggregated internal resource balancing before
the actual trading day (denoted as the day-ahead stage). During
the intraday stage, unpredictable variations in uncontrollable
resources may cause deviations between real-time power trans-
actions and day-ahead scheduled quantities. As a result, the
VPP operator may be responsible for paying penalty fees that
correspond to these deviations, the penalty price fluctuates based
on real-time conditions. The penalty price would be greater
than the real-time price for additional purchased electricity or
decreased sales electricity than the planned amount in the day-
ahead stage, there will be a greater penalty than the real-time
price. And the VPP operator will receive a subsidy at a lower rate
than the real-time pricing in all other cases in the intraday stage.

As shown in Figure 1a , there are none adjustable resources in the
VPP in the two-stage electricity spot market. The planned transac-
tion electricity between the VPP and the power grid is determined
by the difference between the predicted uncontrollable load and
predicted output power of the PV station and WT generator in the
day-ahead stage. In the intraday stage, the actual uncontrollable
load and output power of the renewable resources are different
from the predicted values. Hence the actual transaction electricity
between the VPP and the power grid is different from the planned
electricity in the day-ahead stage. 
3 of 27
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FIGURE 1 Dispatch scenarios of VPP in two stage electricity market: (a) without controllable resources; (b) integration of controllable resources. 

FIGURE 2 VPP Operation in two-stage electricity spot market with multiple adjustable resources. 
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ifferent from Figure 1a , there are multiple adjustable resources
n the VPP, including EV charging load and controllable ESS and
T generators, as shown in Figure 1b . In the day-ahead market,
he planned output power of ESS and GT generators, and planned
ransaction electricity between the VPP and power grid would be
dentified by the economic optimization of the VPP under the
onstraints of power balance. In the intraday stage, the actual
nelastic load and output power of PV station and WT generators
iffer from the predicted values. Hence the output power of GT
nd ESS, EV charging load and the transaction electricity are
ptimized to minimum the total operation cost of the VPP. 

 Two-Stage MPC-Based Energy Optimization 

odel for VPP 

igure 2 illustrates the proposed two-stage MPC-based energy
ptimization model for VPP. The demand response of EV
harging loads and the adjustable ESS and GT generation are
imultaneously optimized in the spot market. This enables the
ooperative optimization of the source, grid, load and storage,
ence improving the operational efficiency of the VPP in deregu-
of 27
lated spot markets. In order to reduce the effects of uncertainties
of inelastic loads and uncontrollable WT and PV units on the
VPP operation, the TGA-based forecasting method is used to
predict the power of these uncontrollable resources in advance.
These predictions establish the day-ahead reference schedule for
VPP operations. The MPC approach is utilized in the intraday
stage to enable rapid adaptation of adjustable resources to real-
time fluctuations in uncontrollable resources. By continuously
tracking deviations from the day-ahead schedule curve and
implementing rolling adjustments, this method ensures system
stability while maximizing economic benefits. 

The duration of operating day is represented as T . In the day-
ahead stage, the TGA algorithm predicts the inelastic load
profiles, input into the day-ahead scheduling model of the VPP
load side. Concurrently, forecasted PV and WT generation data
is simultaneously fed into the day-ahead scheduling model of
the VPP source-storage side. Afterwards, the load side performs
the initial round of day-ahead optimization, aiming to maximize
the profit that the VPP may achieve in the day-ahead market.
This optimization entails modifying the power used for charging
IET Generation, Transmission & Distribution, 2026
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ormulate generation plans from time 0 to T and power purchase
nd sale transaction plans with the grid. This stage aims to
aximize the VPP’s day-ahead market revenue as the upper-level
bjective, focusing on reducing GT/ESS operational costs and grid
ransaction expenses. Increasing the amount of power sold by
he load side theoretically results in higher revenue. However,
ncreased load-side sales raise revenue but increase source-
torage- side operating costs, reducing overall VPP profit. Hence,
he operating costs calculated by the lower-level source-storage
ide are fed back to the upper-level load side, triggering iterative
ptimization. The load side re-optimizes scheduling based on
pdated cost data, while the source-storage side reevaluates the
evised costs. This cycle continues until the difference between
onsecutive costs falls below a convergence threshold. Ultimately,
he VPP submits an optimized plan to the electricity mar-
et containing time-interval power purchase/sale volumes and
quipment dispatch instructions, achieving global equilibrium
etween economic efficiency and technical constraints. 

uring the intraday stage, a receding-horizon MPC rolling
ptimization is implemented. Unlike the open-loop scheduling
ptimization approach, which generates all optimization results
or the time interval from 0 to T in the day-ahead stage, the rolling
ptimization takes advantage of real-time information provided
y VPP operators regarding load and renewable energy output.
his method aims to minimize the impact of prediction errors
n the optimization results. At the start, at time t = 0, real-time
easurements are introduced for optimization in each bi-level
ptimization round from time t to T . Once the intraday bi-level
ptimization from time t to T approaches convergence error,
he current round of bi-level optimization concludes, and the
ptimization variables at time t are released. Afterwards, the time
s retroactively adjusted by one increment, and real-time mea-
urements for the subsequent time increment are incorporated to
nitiate a fresh cycle of bi-level optimization, resulting in a closed-
oop intraday optimization process. The process persists until the
ptimization variables are issued at time T , thereby finalizing the
ntraday adjustment plan. 

.1 Day-Ahead Stage 

he VPP devises its day-ahead strategy using the day-ahead
redictions of uncontrollable resources, including inelastic loads
nd adaptable EV fleets in the load side, and uncontrollable
T and PV units, as well as controllable ESS and GT in the
ource-storage side. In order to optimize profits in the spot market
hile maintaining a balance between power supply and demand,
he coordination and synergy of different aggregated resources
hould be enhanced in the VPP. Therefore, a mixed-integer linear
rogramming (MILP) approach is used to efficiently allocate
esources in the operations of controlled and uncontrollable
esources on both the load side and the source-storage side.
urthermore, a bi-level optimization algorithm is implemented
o enable the VPP to adapt its internal supply-demand dynamics
nd preserve power equilibrium. This allows the VPP to maximize
ts profitability in the spot market. The main objective is to
oncentrate on the scheduling of active power in the VPP, while
isregarding reactive power and losses in transmission lines. 

(1) Objective function in the upper level 
ET Generation, Transmission & Distribution, 2026
The primary goal of the VPP in the day-ahead stage is to
optimize the revenue generated from the sale of electricity, and
is comprised of two components: the revenue derived from
fulfilling the energy needs of inelastic load, and the revenue
derived from meeting the charging requirements of EVs for the
users. In addition, the VPP offers specific subsidies for the act of
discharging users’ EVs. Hence the objective function is given by 

maxprof i tday− ahead = prof it 
Load 

day− ahead + prof it 
EV 

day− ahead − cos tday− ahead 
(1)

prof it 
Load 

day− ahead =
𝑇 ∑
𝑡= 0 

𝐿𝑖𝑚 
forcast 

( 𝑡) ∗ 𝛼sell ∗ RTP ( 𝑡) ∗ Δ𝑡 (2)

prof it 
EV 

day− ahead = 

𝑇 ∑
𝑡= 0 

𝑧 ∑
𝑖= 1 

(
𝑃ch , EV 

day− ahead ,𝑖 ( 𝑡) ∗ 𝛼sell ∗ RTP ( 𝑡) 

− 𝑃dis , EV 

day− ahead ,𝑖 ( 𝑡) ∗ 𝛿ev 

)
∗ Δ𝑡 (3)

In the objective function, the discharging or charging power
of i th EV, including 𝑃dis , EV 

day− ahead ,𝑖 ( 𝑡) and 𝑃ch , EV 

day− ahead ,𝑖 ( 𝑡) , as
well as 𝑃

buy 

day− ahead ( 𝑡) , 𝑃sell 
day− ahead ( 𝑡) , 𝑃GT 

day− ahead ( 𝑡) , 𝑃ch , ESS 

day− ahead ( 𝑡) ,
𝑃𝑑 𝑖𝑠 ,𝐸𝑆𝑆 

𝑑 𝑎 𝑦− 𝑎 ℎ𝑒 𝑎 𝑑 ( 𝑡) are the variables. And the variables 𝑃
𝑑 𝑖𝑠 ,𝐸𝑉 

𝑑 𝑎 𝑦− 𝑎 ℎ𝑒 𝑎 𝑑 ,𝑖 ( 𝑡)

and 𝑃𝑐ℎ,𝐸𝑉 

𝑑 𝑎 𝑦− 𝑎 ℎ𝑒 𝑎 𝑑 ,𝑖 ( 𝑡) are determined by the upper level, which
would be further used as the constraints in the lower level. 

In the deregulated market, electricity prices are determined by
real-time supply and demand relationships. This study does not
consider price uncertainty. In Equation ( 1 ), z represents the total
number of EVs, and the sale price for inelastic load and the
charging price for EVs are uniformly expressed as the real-time
sale price. The real-time selling price is calculated by multiplying
the RTP( t ) with the selling price coefficient 𝑎sell . The VPP operator
offers EV customers a constant subsidy coefficient, denoted as
𝛿EV , The upper-level optimization variables are the 𝑃

ch , EV 

day− ahead ,𝑖 ( 𝑡)

and 𝑃dis , EV 

day− ahead ,𝑖 ( 𝑡) . After completing the upper-level optimization,
the total load demand 𝐿day− ahead ( 𝑡) is calculated and transmitted
to the lower-level optimization model. 

(2) Constraints in the upper level 

The upper-level constraints mainly pertain to the EVs within the
VPP, with energy and SOC constraints as defined in Equations ( 4–
9 ). 

0 ≤ 𝑃ch , EV 

day− ahead ,𝑖 ( 𝑡) ≤ 𝑃ch , EV 

𝑖,max 
(4)

0 ≤ 𝑃dis , EV 

day− ahead ,𝑖 ( 𝑡) ≤ 𝑃dis , EV 

𝑖,max 
(5)

𝑈ch , EV 

𝑖 
( 𝑡) + 𝑈dis , EV 

𝑖 
( 𝑡) = 𝑈EV 

𝑖 
( 𝑡) (6)

apicity 
EV 

𝑖 ∗
(
SoC 

EV 
day− ahead ,𝑖 ( 𝑡) − SoC 

EV 
day− ahead ,𝑖 ( 𝑡 − 1)

)
= 96 

𝑇 

∗

( 

𝑃ch , EV 

day− ahead ,𝑖 ( 𝑡) ∗ 𝑦
EV 
𝑖 

−
𝑃dis , EV 

day− ahead ,𝑖 ( 𝑡) 

𝑦EV 
𝑖 

) 

− 𝐸EV 
𝑖 

∗ 𝑑EV 
𝑖 
( 𝑡) 

(7)
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SoC 

EV 
min ,𝑖 ≤ SoC 

EV 
day− ahead ,𝑖 ( 𝑡) ≤ SoC 

EV 
max ,𝑖 (8)

SoC 

EV 
𝑖 (1) = SoC 

EV 
𝑖 ( 𝑇) (9)

n Equation ( 6 ), the variable 𝑈𝑖 ( t ) denotes the instantaneous
ondition of i th EV at time t , signifying that an EV can solely
harge or discharge when 𝑈EV 

𝑖 
( t ) is equal to 1, indicating its

onnection to the grid. Simultaneous charging and discharging
re not possible for the same EV. In Equation ( 7 ), the variable
ev 
𝑖 
denotes the power consumption per kilometre for the i th EV,

hile 𝑑EV 
𝑖 
indicates the distance travelled by the i th EV during the

ime period [0, t ] [ 4 ]. 

n Equation ( 10 ), 𝐿𝑖𝑚 
forecast 

( 𝑡) denotes the inelastic demand pre-
icted by our proposed algorithm at time t , which would be
llustrated in Section 3.3 ; 𝐿day− ahead ( 𝑡) represents the total load
fter day-ahead optimization at time t and will be sent to the
ptimal model in the lower level to meet the power balance
onstraints of the lower level. After obtaining the optimal
ch , EV 

day− ahead ,𝑖 ( 𝑡) and 𝑃
dis , EV 

day− ahead ,𝑖 ( 𝑡) , the 𝐿day− ahead ( 𝑡) is calculated and
ransmitted to the lower-level model. 

𝐿day− ahead ( 𝑡) = 𝐿𝑖𝑚 
forecast 

( 𝑡) +
𝑧 ∑
𝑖= 1 

𝑃ch , EV 

day− ahead ,𝑖 ( 𝑡) −
𝑧 ∑
𝑖= 1 

𝑃dis , EV 

day− ahead ,𝑖 ( 𝑡) 

(10)
(3) Objective function in the lower level 

he goal of the lower level is to optimize the utilization of
ifferent generation and storage resources, minimize operational
xpenses and satisfy the load demand. This study examines the
perational costs of the VPP in the day-ahead stage, which consist
f three components: the expenses associated with engaging
n the electrical market to purchase and sell power, the costs
elated to the GT’s generation and the expenses linked to the
SS. The lower-level optimization variables include 𝑃buy 

day− ahead ( 𝑡) ,
sell 
day− ahead ( 𝑡) , 𝑃

dis , ESS 

day− ahead ( 𝑡) , 𝑃
ch , ESS 

day− ahead ( 𝑡) and 𝑃
GT 
day− ahead ( 𝑡) . After

ompleting the optimization of the lower-level model, the
os tday− ahead is calculated and fed back to the upper-level model. 

min cos tday− ahead = cost Grid day− ahead + cost GT day− ahead + cost ESS day− ahead 
(11)

cost Grid day− ahead = 

𝑇 ∑
𝑡= 0 

(
𝑃
buy 

day− ahead ( 𝑡) ∗ 𝛼buy − 𝑃sell 
day− ahead ( 𝑡) ∗ 𝛼sell 

)
∗ Δ𝑡 ∗ RTP ( 𝑡) (12)

cost GT day− ahead =
𝑇 ∑
𝑡= 0 

𝑃GT 
day− ahead ( 𝑡) ∗ 𝜆GT ∗ Δ𝑡 (13)

cost ESS day− ahead =
𝑇 ∑
𝑡= 0 

(
𝑃ch , ESS 

day− ahead ( 𝑡) + 𝑃dis , ESS 

day− ahead ( 𝑡)
)
∗ 𝜆ESS ∗ Δ𝑡 (14)

n Equation ( 11 ), cost Grid day− ahead denotes the electricity purchasing
nd selling cost of the VPP when participating in the electricity
arket during the day-ahead stage. cost GT day− ahead represents the
ower generation cost of the GT within the VPP in the day-
head stage, while cost ESS day− ahead stands for the operation cost of the
SS in the VPP during this stage. Furthermore, in Equation ( 10 ),
of 27

i

𝑃
buy 

day− ahead ( 𝑡) and 𝑃
sell 
day− ahead ( 𝑡) refer to the electricity purchasing

power and selling power of the VPP at time 𝑡 in the day-ahead
stage, respectively. 

In the electricity spot market, the VPP operator is required to
remit a transmission fee to the grid when selling electricity.
Consequently, the current purchase price is greater than the
current selling price and is calculated by multiplying RTP( t ) by
the purchase price coefficient 𝛼buy . 

In Equation ( 13 ), 𝑃GT 
day− ahead ( 𝑡) is the power generation power of

the GT at time t in the day-ahead stage, and 𝜆GT is the operation
cost coefficient of the GT. In Equation ( 14 ), 𝑃ch , ESS 

day− ahead ( 𝑡) and
𝑃dis , ESS 

day− ahead ( 𝑡) are the charging and discharging powers of the ESS
at time 𝑡 in the day-ahead stage, respectively, and 𝜆ESS is the
operation cost coefficient of the ESS. Following the completion
of day-ahead optimization, the lower-level model allocates the
day-ahead operational costs cos tday− ahead to the upper level. 

(4) Constraints in the lower level 

The proposed day-ahead scheduling model requires the lower
level to adhere to power balance constraints, ESS constraints,
GT limitations and constraints associated with electricity market
transactions. Equations ( 15–28 ) represent these limitations. 

buy 

day− ahead ( 𝑡) + 𝑃dis , ESS 

day− ahead ( 𝑡) + 𝑃WT 
forecast 

( 𝑡) + 𝑃PV 
forecast 

( 𝑡) + 𝑃GT 
day− ahead ( 𝑡) 

= 𝐿day− ahead ( 𝑡) + 𝑃sell 
day− ahead ( 𝑡) + 𝑃ch , ESS 

day− ahead ( 𝑡) (15)

where 𝐿day− ahead ( 𝑡) denotes the optimized total load for the day-
ahead stage on the upper level, whereas 𝑃WT 

forecast 
and 𝑃PV 

forecast 

represent the predicted WT generation and PV station for the
day-ahead stage, respectively, generated by the deep learning
system. 

0 ≤ 𝑃ch , ESS 

day− ahead ( 𝑡) ≤ 𝑃ch , ESS 
max (16)

0 ≤ 𝑃dis , ESS 

day− ahead ( 𝑡) ≤ 𝑃dis , ESS 
max (17)

𝑃ch , ESS 

day− ahead ( 𝑡) ∗ 𝑃
dis , ESS 

day− ahead ( 𝑡) = 0 (18)

capicit yESS ∗
(
SoC 

ESS 
day− ahead ( 𝑡) − SoC 

ESS 
day− ahead ( 𝑡 − 1)

)
= 96 

𝑇 

∗

( 

𝑃ch , ESS 

day− ahead ( 𝑡) ∗ 𝑦
ESS −

𝑃dis , ESS 

day− ahead ( 𝑡) 

𝑦ESS 

) 

(19)

SoC 

ESS 
min ≤ SoC 

ESS 
day− ahead ( 𝑡) ≤ SoC 

ESS 
max (20)

So CESS (1) = So CESS ( 𝑇) (21)

Equations ( 16 ) and ( 17 ) correspond to the charge-discharge power
constraints of ESS: 𝑃ch , ESS 

max denotes the maximum charging power
of the ESS, while 𝑃dis , ESS 

max represents the maximum discharging
power of the ESS. Equation ( 18 ) is the operation state constraint
of the ESS, which indicates that the ESS cannot perform charging
and discharging operations simultaneously. Equation ( 19 ) refers
to the SOC constraint of the ESS: capicit yESS stands for the
rated capacity of the ESS, SOC 

ESS 
day− ahead ( 𝑡) denotes the SOC of the
IET Generation, Transmission & Distribution, 2026
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SS at time 𝑡 in the day-ahead stage, and 𝑦ESS is the charge-
ischarge eff iciency of the ESS. SOC 

ESS 
min and SOC 

ESS 
max are the SOC

pper bound and SOC lower bound of the ESS, respectively.
quation ( 21 ) represents the SOC conservation constraint of the
SS. 

n this scenario, the limitations of the ESS are analogous to the
imitations for the charging and discharging of EVs. ESS has
he ability to engage in VPP operational scheduling at any given
oment and do not experience any power losses except during
he process of charging and discharging. 

0 ≤ 𝑃GT 
day− ahead ≤ 𝑃GT 

max (22)

𝑅GT 
down 

≤ 𝑃GT 
day− ahead ( 𝑡) − 𝑃GT 

day− ahead ( 𝑡 − 1) ≤ 𝑅GT 
up (23)

T is subject to constraints that primarily involve upper and
ower limits on output, as well as limitations on the rates at which
t can increase or decrease its output. 

0 ≤ 𝑃
buy 

day− ahead ( 𝑡) ≤ 𝑃
buy 
max (24)

0 ≤ 𝑃sell 
day− ahead ( 𝑡) ≤ 𝑃sell 

max (25)

𝑃sell 
day− ahead ( 𝑡) ∗ 𝑃

buy 

day− ahead ( 𝑡) = 0 (26)

𝑃
buy 

day− ahead ( 𝑡) > 0 , 𝑃
grid 

day− ahead ( 𝑡) = 𝑃
buy 

day− ahead ( 𝑡) (27)

𝑃
buy 

day− ahead ( 𝑡) ≤ 0 , 𝑃
grid 

day− ahead ( 𝑡) = − 𝑃sell 
day− ahead ( 𝑡) (28)

he constraints for transactions between the source-storage side
f the VPP and the electricity market apply to the electricity pur-
hasing and selling powers. In Equation ( 24 ) and Equation ( 25 ),
buy 
max and 𝑃sell 

max denote the maximum electricity purchasing power
nd maximum electricity selling power of the VPP, respectively.
quation ( 26 ) enforces the mutual exclusion constraint of elec-
ricity purchasing and selling operations—meaning these two
perations cannot occur concurrently within the same time
nterval. Equation ( 27 ) indicates that the tie-line power of the
PP at time 𝑡 in the day-ahead stage corresponds to its electricity
urchasing power. Equation ( 28 ) states that the tie-line power
f the VPP at time 𝑡 in the day-ahead stage corresponds to its
lectricity selling power. 

he termination criterion for the bi-level optimization is the con-
ergence error between two consecutive optimization solutions
alling inside the specified range ε. The convergence condition is
enoted by Equation ( 29 ). 

𝑇 ∑
𝑡= 0 

||||||
𝐿𝑛+ 1 
day− ahead ( 𝑡)− 𝐿𝑛 

day− ahead ( 𝑡) 

𝐿𝑛 
day− ahead ( 𝑡) 

||||||+ 

||||||
cos 𝑡𝑛+ 1 

day− ahead − cos 𝑡𝑛 
day− ahead 

cos 𝑡𝑛 
day− ahead 

||||||≤ 𝜀 

(29)
n Equation ( 29 ), 𝐿𝑛+ 1 

day− ahead ( 𝑡) and 𝐿
𝑛 
day− ahead ( 𝑡) denote the total

oad at time 𝑡 on the load side in the ( n + 1 ) th and n th rounds
f day-ahead scheduling, respectively. Symbols cos t𝑛+ 1 

day− ahead and
os t𝑛 

day− ahead refer to the total power generation cost at time 𝑡

n the source-storage side in the ( n + 1 ) th and n th rounds of
ay-ahead scheduling, respectively. 
ET Generation, Transmission & Distribution, 2026
3.2 Intra-Day Stage 

This study utilizes a MPC-based scheduling optimization method
to effectively manage the unpredictable changes in load demand
and renewable energy generation in real-time during the intraday
period of the deregulated spot market. The main objective is to
maximize the profits of the VPP operator during intra-day stage.
MPC utilizes the real-time measurements and very short-term
predictions for future time intervals to determine a sequence of
optimal control decision variables within the optimization period.
These variables are determined based on the constraints and
objective function. As the sampling and optimization processes
continue, the system consistently updates its measurements and
conducts ongoing optimization using the previously outlined
approach until the specified terminal time is attained [ 37 ]. A MPC
strategy that leverages a receding horizon mechanism is used in
this paper. Optimization is conducted iteratively in this method,
commencing at time t and persisting until time T . During each
optimization phase, the inelastic demand, PV station and WT
generation at time t are regarded as the actual values, while the
remaining time periods are treated as forecast values. 

In order to allow the EVs in the VPP to adapt their charging
and discharging needs according to real-time information, a bi-
level optimization is also performed between the upper level and
the lower level inside each optimization horizon using the MPC
framework. Once the bi-level optimization process is complete,
the optimized variables for time t are produced. Subsequently,
time t is incremented, initiating the subsequent iteration of
intraday optimization. This process persists until the designated
terminal time T is attained. The goal function and constraints for
the intra-day stage are as follows 

(1) Objective function in the upper level 

The objective function for the upper-level model in the intra-
day stage is the same as in the day-ahead stage with different
time scales. The profit comprises the revenue generated from
inelastic demand and the revenue generated from the charging
and discharging of EVs. 

max prof i tintra − day = prof it 
Load 

intra − day + prof it 
EV 

intra − day − cos tintra − day 
(30)

prof it 
Load 

intra − day =
𝑇 ∑
𝑡 

𝐿𝑖𝑚 ( 𝑡) ∗ 𝛼sell ∗ RTP ( 𝑡) ∗ Δ𝑡 (31)

prof it 
EV 

intra − day = 

𝑇 ∑
𝑡 

𝑧 ∑
𝑖= 1 

(
𝑃ch , EV 

intra − day ,𝑖 ( 𝑡) ∗ 𝛼sell ∗ 𝑅 𝑇𝑃 ( 𝑡) 

− 𝑃dis , EV 

intra − day ,𝑖 ( 𝑡) ∗ 𝛿EV 

)
∗ Δ𝑡 (32)

In Equation ( 30 ), prof i tintra − day denotes the total intra-day revenue
of the VPP on the load side. prof it Load intra − day refers to the intra-
day electricity selling revenue of the rigid load on the load side,
prof it 

EV 

intra − day represents the intra-day charge–discharge revenue
of EVs on the load side, and cos tintra − day is the intra-day power
generation cost of the source-storage side. 
7 of 27
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rea
urthermore, in Equation ( 31 ), 𝐿𝑖𝑚 ( 𝑡) is the load demand of the
igid load at time t in the intra-day stage. Its electricity selling
rice and EV charging price are uniformly defined as the real-
ime electricity selling price, which is derived by multiplying the
eal-time price RTP( t ) by the electricity selling price coefficient
sell . 

n Equation ( 32 ), the intra-day charge-discharge revenue of
Vs equals the intra-day charging revenue minus the intra-day
ischarging subsidy. 𝑃ch , EV 

intra − day ,𝑖 ( 𝑡) denotes the charging power of
he i th EV at time 𝑡 in the intra-day stage, and 𝑃dis , EV 

intra − day ,𝑖 ( 𝑡)

epresents the discharging power of the i th EV at time 𝑡 in the
ntra-day stage. 

he operation cost cos tintra − day of the VPP from time t to T
n the intra-day stage is transmitted to the load side after
ptimization scheduling by the intra-day scheduling model of the
ource-storage side. In the first iteration of the intra-day bi-level
ptimization, cos tintra − day refers to the intra-day operation cost
stimated from the historical intra-day optimization of the VPP. 

(2) Constraints in the upper level 

he power balancing constraint and the energy and SoC lim-
tations for EVs on the upper level in the proposed intraday
cheduling model are analogous to those in the day-ahead stage.
his research presupposes that the driving distance for EVs
emains unaltered during the intra-day stage. The distinction lies
n the fact that 𝐿𝑖𝑚 during each cycle of intraday optimization on
he upper level corresponds to the actual value at time t within
he specified time window, whilst the remaining time periods are
onsidered as predicted values. The energy and SOC limitations
or EVs are identical to Equations ( 2–7 ). Equation ( 33 ) represents
he power balance restriction. 

𝐿intra − day ( 𝑡) = 𝐿𝑖𝑚 ( 𝑡) +
𝑧 ∑
𝑖= 1 

𝑃ch , EV 

intra − day ,𝑖 ( 𝑡) −
𝑧 ∑
𝑖= 1 

𝑃dis , EV 

intra − day ,𝑖 ( 𝑡) (33)

n Equation ( 33 ), the variable 𝐿intra − day ( 𝑡) represents the total load
fter the intraday optimization process at time t . Once a round of
ntraday optimization is completed on the upper level, the value
f 𝐿intra − day ( 𝑡) from time t to T inside that optimization round is
ransferred to the lower-level model. 

(3) Objective function in the lower level 

n the intraday stage, the operating expenses of the VPP consist of
he GT’s generation expenses, the ESS’s operational expenses, and
he penalties incurred by the VPP for participating in the intraday
alancing market, as specified in Equations ( 34 )-( 38 ). 

min cos tintra − day = cost Grid intra − day + cost GT intra − day + cost ESS intra − day (34)

cost Grid intra − day =
𝑇 ∑
𝑡 

Δ𝑃Grid 
𝑖 

( 𝑡) ∗ 𝑀𝑖 ( 𝑡) ∗ Δ𝑡 (35)

cost Grid intra − day =
𝑇 ∑
𝑡 

Δ𝑃Grid 
𝑖 

( 𝑡) ∗ 𝑀𝑖 ( 𝑡) ∗ Δ𝑡 (36)
of 27

t

cost ESS intra − day =
𝑇 ∑
𝑡 

(
𝑃ch , ESS 

intra − day ( 𝑡) + 𝑃dis , ESS 

intra − day ( 𝑡)
)
∗ 𝑙ESS ∗ 𝐷𝑡 (37)

Δ𝑃
grid 

1 ( 𝑡) = 𝑃
grid 

day− ahead ( 𝑡) − 𝑃
grid 

intra − day ( 𝑡) ≥ 0 (38)

Δ𝑃
grid 

2 ( 𝑡) = 𝑃
grid 

day− ahead ( 𝑡) − 𝑃
grid 

intra − day ( 𝑡) < 0 (39)

𝑀1 ( 𝑡) = 𝛽punish ∗ RTP ( 𝑡) (40)

𝑀2 ( 𝑡) = 𝛽subsidy ∗ RTP ( 𝑡) (41)

In Equation ( 34 ), cost Grid intra − day denotes the penalty incurred by the
VPP in the intra-day balancing market, cost GT intra − day represents the
power generation cost of the GT within the VPP in the intra-day
stage and cost ESS intra − day refers to the operation cost of the ESS in the
VPP during this stage. 

Since the day-ahead forecasting results of renewable energy
output and load demand do not precisely match the actual
conditions in the intraday phase, the deregulated market imposes
penalties for deviations from the day-ahead purchase or sale
plans. Specifically, if the intraday purchased electricity exceeds
the day-ahead plan or the sales electricity is lower than the
day-ahead plan at time t , the market applies a penalty price
higher than the real-time price, denoted as 𝑀1 ( 𝑡) , and 𝛽punish 
is the penalty coefficient. Conversely, if the intraday purchased
electricity is less than or the sales electricity exceeds the day-
ahead plan, a subsidy price lower than the real-time price is
provided at time t , denoted as 𝑀2 ( 𝑡) and 𝛽subsidy is the subsidy
coefficient. 

𝑃GT 
intra − day ( 𝑡) is the power generation power of the GT at time t in
the intra-day stage. In Equation ( 36 ), 𝑃ch , ESS 

intra − day ( 𝑡) and 𝑃
dis , ESS 

intra − day ( 𝑡)

denote the charging power and discharging power of the ESS at
time t in the intra-day stage, respectively, and 𝜆ESS is the operation
cost coefficient of the ESS. After completing a round of day-
ahead scheduling, the source-storage side model transmits the
day-ahead operation cost cos tintra − day to the load side. 

(4) Constraints in the lower level 

Similarly, restrictions such as power balancing, ESS, exist in
intraday electricity market transactions in lower-level model. 

𝑃PV ( 𝑡) + 𝑃dis , ESS 

intra − day ( 𝑡) + 𝑃WT ( 𝑡) + 𝑃
grid 

intra − day ( 𝑡) + 𝑃GT 
intra − day ( 𝑡) 

= 𝐿intra − day ( 𝑡) + 𝑃ch , ESS 

intra − day ( 𝑡) (42)

In Equation ( 42 ), 𝑃PV ( 𝑡) is defined as the intraday solar power
generation and 𝑃WT ( 𝑡) is defined as the intraday wind power
generation at time t . During each cycle of intraday optimization
at the lower level, they are the real-time monitored values at
time t and the predicted values for other time periods within the
optimization time range. 𝐿intra − day ( 𝑡) refers to the total load in
intraday optimization on the upper level at time t . The remaining
restrictions are identical to Equations ( 16–28 ), except that the
subscript has been changed to intra-day. 
IET Generation, Transmission & Distribution, 2026
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FIGURE 3 Neural network structure diagram (a) TCN; (b) residual block. 
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he optimization results fall inside the time range from t to T ,
ust as the convergence conditions of the day-ahead double-layer
ptimization. 

𝑇 ∑
𝑡 

||||||
𝐿𝑛+ 1 
intra − day ( 𝑡) − 𝐿𝑛 

intra − day ( 𝑡) 

𝐿𝑛 
intra − day ( 𝑡) 

|||||| +
||||||
cost 𝑛+ 1 intra − day − cost 𝑛 intra − day 

cost 𝑛 intra − day 

|||||| ≤ 𝜀 

(43)
here 𝐿𝑛+ 1 

inttra − day ( 𝑡) and 𝐿
𝑛 
intra − day ( 𝑡) denote the intra-day total load

t time t on the load side in the ( n + 1 ) th and n th rounds of intra-
ay optimization, respectively. cost 𝑛+ 1 intra − day and cost 

𝑛 
intra − day refer to

he total operation cost at time t on the source-storage side in the
 n + 1 ) th and n th rounds of intra-day optimization, respectively. 

.3 Day-Ahead Power Forecasting Algorithm 

n the two-stage optimization process, in addition to the afore-
entioned variable coupling, the connection between the two
tages also relies on renewable energy output and electricity load
orecasting results. As a critical element, forecasting serves as
he link between the day-ahead and intra-day stages, directly
mpacting the effectiveness of the proposed two-stage MPC-based
ethod. If the accuracy of forecasting for inelastic demand and
enewable energy output is high, it provides reliable input for the
wo-stage optimization, ensuring the overall system’s operational
erformance and economic efficiency. However, if the forecasting
esults show significant deviations, the optimization results may
iverge from actual needs, affecting the scheduling efficiency of
esources such as EVs and ESS, thereby increasing operational
osts. It not only influences day-ahead optimization decisions
ut also negatively impacts intra-day scheduling, weakening the
verall optimization performance. 

ifferent from the load forecasting in traditional power sys-
em [ 38 ], Forecasting accuracy under different scenarios with
igh volatility and strong randomness in a small-scale VPP are
xtremely important for the real-time optimized operation in
he spot market. Ref. [ 39 ] utilized the backpropagation (BP)
rtificial neural network to implement VPP energy manage-
ent for predicting wind power output in Texas. They also
uggested techniques to minimize penalty costs resulting from
orecast deviations of uncontrollable power sources. However,
his study largely concentrated on the ambiguity around emerg-
ng energy outputs, disregarding the uncertainty related to load.
ef. [ 40 ] took into account the uncertainty of both load and
ew energy output by using a bi-directional long short-term
emory (BiLSTM) forecasting model in the suggested day-ahead
ET Generation, Transmission & Distribution, 2026
energy management framework for VPP. Nevertheless, the time-
sensitive nature of the spot market may be hindered by the
intricate design of LSTM, leading to a higher computing burden
and ultimately restricting its practical use. The gated recurrent
unit (GRU) is a simplified version of the LSTM that nevertheless
has limitations in capturing local aspects of time series [ 41,
42 ]. Thus, it is imperative to implement more effective and
dependable forecasting models in VPP. 

(1) TCN 

During the day-ahead prediction stage, the TCN layer is able
to extract relevant information from the load and renewable
energy output. This information is then passed on to the neural
network model for further learning and propagation. As a result,
the neural network model becomes better equipped to capture
local features in day-ahead prediction. The structural diagram is
depicted in Figure 3a,b . Equation ( 44 ) provides the formula for
one-dimensional dilated causal convolution, denoted as F (s). 

𝐹( 𝑠) = ( 𝑥 ⊙ 𝑓)( 𝑠) =
𝑘− 1 ∑
𝑖= 0 

𝑓 ( 𝑖 )𝑥𝑠 − 𝑑 𝑖 (44)

The variable k signifies the size of the convolutional kernel,
d represents the dilation factor, s − di represents the sequence
corresponding to the elements in the convolutional kernel, and
⊙ represents the convolution operator. The picture displays
the structure diagram of the residual block. In this diagram,
the TCN input data travels through two iterations of unfolded
causal convolution, weight normalization, activation function
and dropout layer. The one-dimensional convolution acts as the
residual module for skip connections, and its output is then
forwarded to the subsequent layer. 

(2) GRU 

GRU is advantageous for day-ahead prediction due to its simple
structure and reduced number of parameters. Nevertheless, it
does not possess the capability to extract specific characteristics
from past data at a local level, thus necessitating the use of the
TCN model for forecasting (Figure 4 ). 

The operation expressions in the GRU unit are as follows: 

𝑧𝑡 = 𝜎(𝑊𝑧 [ℎ𝑡− 1 , 𝑥𝑡 ] + 𝑏𝑧 ) (45)

𝑟𝑡 = 𝜎(𝑊𝑟 [ℎ𝑡− 1 , 𝑥𝑡 ] + 𝑏𝑟 ) (46)
9 of 27
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FIGURE 4 Structure diagram of GRU. 
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ℎ̃𝑡 = tanh (𝑊ℎ [𝑟𝑡 ∗ ℎ𝑡− 1 , 𝑥𝑡 ] + 𝑏ℎ ) (47)

ℎ𝑡 = (1 − 𝑧𝑡 ) ∗ ℎ𝑡− 1 + 𝑧𝑡 ∗ ℎ̃𝑡 (48)

here 𝑥𝑡 is the input at time t, ℎ𝑡− 1 is the output at time t − 1,
𝑡 is the output of the update gate, 𝑟𝑡 is the output of the reset
ate, ℎ𝑡 is the hidden layer state, ℎ̃𝑡 is the candidate state and 𝜎
s the activation function. 𝑊𝑟 , 𝑊𝑧 and 𝑊ℎ are the weight matrices
orresponding to the reset gate, update gate and ℎ𝑡 respectively; 𝑏𝑟 ,
𝑧 and 𝑏ℎ are the bias matrices corresponding to the reset gate,
pdate gate and ℎ𝑡 respectively. 

(3) Attention mechanism 

ithin the framework of day-ahead prediction, this approach
ocuses more on important components, effectively reducing the
mpact of less significant or unrelated factors resulting from
oise, thus improving the accuracy of the predictions. The
omputational formulas are expressed by Equations ( 49 ) and ( 50 ).

𝑎𝑘 =
𝑒𝑘 ∑𝑘 

𝑗= 1 𝑒𝑗 

(49)

𝑠𝑘 =
𝑖 ∑

𝑘= 1 
𝑎𝑘 ∗ ℎ𝑘 (50)

n Equation ( 49 ), 𝑒𝑘 represents the dot product of the input layer
t time step k and its transposed layer, 𝑎𝑘 denotes the normalized
ttention weights obtained from the dot product result and 𝑠𝑘 
ignifies the output of the attention mechanism layer at time step
 , which weights the input layer based on the attention weights. 

(4) Prediction model based on TGA 

n order to enhance the accuracy and stability of forecasting
nder short-time step conditions, this study proposes a hybrid
eep learning framework based on the TCN-GRU-attention
TGA) mechanism. This framework capitalizes on the respective
dvantages of convolutional and recurrent structures in time-
eries data modeling, while the attention mechanism enables the
iscrimination of salient temporal features. The overarching goal
s to achieve efficient representation learning from historical data,
0 of 27
with minimal information degradation throughout the network
hierarchy. 

The model architecture encompasses five core components: the
input layer, TCN layer, GRU layer, attention layer and output
layer. Detailed specifications are as follows: 

(1) Input layer 

This layer takes as input multi-source historical time-series data,
including inelastic load demand, WT output and PV output, and
extracts samples for training from the dataset. Let the prediction
horizon be the target day, and the historical observation period
be the n consecutive days prior to the target day. The historical
dataset, denoted as Dataset A , collects three types of time-series
data: WT output, PV output and inelastic load demand, with
a uniform time interval of Δt = 15 min. According to the time
resolution, the number of data points per day is calculated as
60 

Δ𝑡 
× 24 = 96 .Thus, Dataset A has a dimensionality of 96 ×n rows

× 3 columns, where each column corresponds to one type of
physical quantity, and each row corresponds to a 15 min time slot
in the historical period. To eliminate the influence of different
physical dimensions and value ranges among the three variables,
column-wise independent normalization is performed on Dataset
A . A min–max normalization method is adopted here, and the
normalization formula for the k th column, where k = 1,2,3
corresponding to WT, PV, inelastic load respectively, is expressed
as: 

𝑥𝑛𝑜 𝑟 𝑚 ( 𝑖, 𝑘 ) =
𝑥 ( 𝑖, 𝑘 ) −min ( 𝑥 (∶ , 𝑘 )) 

max ( 𝑥 (∶ , 𝑘 )) −min ( 𝑥 (∶ , 𝑘 )) 
(51)

where 𝑥 ( 𝑖, 𝑘 ) represents the i th row data of the k th column in
Dataset A , and 𝑥 (∶ , 𝑘 ) denotes the full set of data in the k -th
column. 

Considering the independent temporal characteristics of WT,
PV and inelastic load, the model adopts a single-variable input
strategy: the normalized data of each column in Dataset A is fed
into the model as an independent input sequence, rather than
fusing the three variables into a multi-channel input. 

(2) TCN layer 

The TCN module is composed of two stacked temporal con-
volution blocks (TCN1 and TCN2), each incorporating causal
padding, dilated convolution, batch normalization, dropout and
residual connection. For the input single-variable normalized
time sequence, causal padding is applied before convolution
operations to ensure that the convolution output at time step t
only depends on the input data at time steps ≤ t. This prevents
information leakage from future time steps, which is consistent
with the forward temporal logic of power system data forecasting.
Dilated convolutions are employed to expand the receptive field
exponentially without increasing computational complexity. For
the input sequence with 15 min time resolution, this mechanism
enables the model to capture long-range temporal dependencies
hidden in the n-day historical data, thus effectively responding
to sudden fluctuations in WT/PV output caused by weather
changes. Residual connections are introduced between the input
and output of each convolution block to alleviate the gradient
IET Generation, Transmission & Distribution, 2026
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rea
anishing problem during deep network training. This ensures
hat the gradient can be propagated efficiently through the
tacked TCN layers, enhancing the stability of model convergence
hen processing long-sequence historical data. 

(3) GRU layer 

he sequential features extracted by the TCN blocks are fed into
he GRU layer for dynamic dependency modeling, which stores
nd filters data information through two gating mechanisms.
iming at the single-variable input sequence, the reset gate
electively discards irrelevant historical information, while the
pdate gate retains critical temporal features. 

he GRU layer is optimized to capture the specific nonlinear
emporal features of each input variable: for WT output, it focuses
n the correlation between wind speed changes and power
eneration; for PV output, it learns the pattern of power variation
ith solar irradiance during the day; for inelastic load, it identifies
he periodicity of load changes caused by user behavior. This
argeted learning generates optimal intermediate output values
hat characterize the temporal dynamics of each variable. 

(4) Attention layer 

o further strengthen the model’s emphasis on influential time
teps, an attention mechanism is introduced into the GRU
utputs., with the implementation process tailored to the single-
ariable forecasting task: 

he intermediate output matrix of the GRU layer is first trans-
osed, and then the dot-product operation is performed between
he transposed matrix and the original matrix to calculate the
imilarity score between different time steps. These scores are
ormalized through the softmax activation function to obtain
ttention weights, where higher weights are assigned to time steps
ith greater impact on the target day’s forecasting result. 

 weighted summation of the GRU intermediate outputs is
erformed based on the attention weights to generate a refined
eature representation. This mechanism enables the model to
ssign greater weight to critical temporal features, thereby
lleviating the attenuation of important information in long
equences. 

(5) Output layer 

he output module comprises a flattening layer, a dropout layer
nd a fully connected output layer with a linear activation
unction, and its core function is to map the refined features to
he target prediction dimension: 

he attention-weighted sequence features are first flattened into a
ne-dimensional vector to match the input dimension of the fully
onnected layer. 

 dropout layer is then added to perform regularization, where a
ertain proportion of neurons are randomly deactivated during
raining to mitigate the overfitting risk caused by the high-
imensional historical data. 
ET Generation, Transmission & Distribution, 2026

t

The flattened and regularized feature vector is fed into the fully
connected layer with a linear activation function, which maps the
feature dimension to the target output dimension corresponding
to the prediction horizon. For the target day with 15 min time
resolution, the output layer generates a prediction result with a
dimensionality of 96 rows × 1 column, which corresponds to the
96 time slots of the target day (one data point per 15 min). 

The above process (from input layer to output layer) is executed
independently for each of the three columns in Dataset A . After
completing the three rounds of single-variable forecasting, the
three 96 ×1 column prediction results are integrated to obtain the
final forecasting dataset of the target day, which covers the WT
output, PV output and inelastic load demand with 15 min time
resolution. 

The proposed TGA model implements an end-to-end learning
paradigm that co-optimizes feature extraction, temporal mod-
elling and context-aware representation. Its modular and exten-
sible design endows it with adaptability to varying load patterns
and renewable energy penetration levels across different regions.
Experimental results demonstrate that the model exhibits robust
forecasting performance in complex power system environments
characterized by high uncertainty and temporal variability. 

4 Case Study 

In this part, a series of comparative scenarios were created using
field data to assess the performance of the proposed model, and
the scheduling models in the experiment were solved using the
Gurobi commercial solver. 

Regarding practical implementation, the proposed improved
MPC-based coordinated scheduling strategy for VPPs integrating
multiple resources is designed with strong engineering applica-
bility. In terms of data support, the required input data, such as
forecasting power and electricity prices, can be acquired through
mature monitoring systems and market information platforms.
For communication needs, the framework is compatible with
industrial communication technologies commonly used in power
grids, enabling real-time transmission of measurement data
and scheduling instructions between the VPP control centre
and distributed devices. Additionally, the bidirectional dynamic
penalty mechanism is calibrated based on actual market penalty
rules, and the closed-loop feedback adjustment of controllable
resources complies with the operational constraints of physical
devices, ensuring the executability of the scheduling strategy in
engineering practice. 

As an MPC-based strategy, the proposed real-time rolling opti-
mization mechanism mandates the VPP control centre to be
equipped with sufficient computing power to solve the model
within the 15-min scheduling window, and even minor com-
munication delays between the control centre and terminal
distributed devices could compromise the timeliness of schedul-
ing execution. To mitigate these issues, the current method has
already incorporated a streamlined model structure, utilizing
GRU instead of complex LSTM variants, to reduce computational
overhead, and future research will further explore lightweight
algorithm design and edge computing deployment strategies to
11 of 27
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TABLE 1 Parameters of TGA. 

Parameters lr epoch 𝒉𝒕 filters k d 

Value 0.002 200 32 64 3 2 
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TABLE 3 Parameters on the other resources in the VPP. 

Resources in the VPP Parameters Value 

ESS capicit yESS 1200 kWh 
Pch , ESS max 1000 kW 

Pdis , ESS max 1000 kW 

SoC 

ESS 
max 0.8 

SoC 

ESS 
min 0.2 

So CESS (1) 0.5 
𝑦ESS 0.95 

Inelastic load Capacity 3 MW 

Wind power Capacity 2 MW 

Solar power Capacity 2 MW 

GT 𝑃GT 
max 1500 kW 

𝑅GT 
down 

10 kW/min 
𝑅GT 
up − 10 kW/min 

Transaction power 𝑃
buy 
max 1800 kW 

𝑃sell 
max 1200 kW 

Price coefficient 𝜆ESS 0.2 $/kWh 
𝛼buy 1 
𝛼sell 0.8 
𝛽punish 1.3 
𝛽subsidy 0.8 
𝜆GT 0.4 $/kWh 

Convergence error ε 5% 
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 art
nhance the strategy’s adaptability to low-resource hardware
nvironments. 

.1 Simulation Setup 

he RTP and the inelastic load data used in this paper were
rom field data collected in the 2022 electricity market in New
outh Wales, Australia [ 43 ]. The primary source of data for
enewable energy generation is derived from real-time power
enerating data obtained from a specific area. The unprocessed
ata was prepared and combined, resulting in separate datasets
or the months of January and July. Each dataset contains the
TP, inelastic load and renewable energy production for the
PP during that specific month. The participating loads in the
oad side scheduling consist of private cars and taxis, with a
otal of 5 EVs in each category. It is presumed that the driving
istance for EVs remain unaltered during the day-ahead and
ntra-day stage. During the day-ahead forecasting step, the deep
earning system is trained using actual historical data from the
PP operation over the past four days. The output data consists of
he forecasted load and generation values for the entire duration
f the working day, with a time interval of 15 min. Table 1
ontains the primary parameters of the deep learning algorithm.
oth the day-ahead and intraday scheduling have a time span
f one day and a time interval of 15 min. while Table 2 presents
he performance parameters. The specifications for the VPP are
rovided in Table 3 . 

.2 Day-Ahead Forecasted Data 

o verify the prediction performance of the TCN-GRU-attention
TGA) model proposed in this work for the time series with
ifferent characteristics of resources in the VPP, this work selects
he day-ahead PV generation, WT generation and inelastic load
emand of the VPP as the prediction objects. In the meantime,
o evaluate the robustness of the model, the time series of
he VPP under three typical operating conditions are selected
or prediction experiments, namely January 31 (typical winter
cenario), July 31 (typical summer scenario) and October 31
negative electricity price scenario). To further highlight the
erformance advantages of the proposed prediction model in
he aforementioned VPP prediction scenarios, a comparative
nalysis is conducted with four other neural network models,
ncluding TCN-GRU, GRU, bidirectional gated recurrent unit
ABLE 2 Parameters of EVs. 

Parameters Number 𝑷𝐜𝐡 , 𝐄𝐕 
𝐦𝐚𝐱 𝑷𝐝𝐢𝐬 , 𝐄𝐕 

𝐦𝐚𝐱 𝐒𝐨𝐂 

𝐄𝐕 
𝐦𝐚𝐱 𝐒𝐨𝐂 

𝐄𝐕 

𝐦𝐢𝐧 

Private EV 5 20 kW 20 kW 0.8 0.2 
Taxi 5 30 kW 30 kW 0.8 0.2 

2 of 27
with attention (Bi-GRU-attention, BGA) and bidirectional long
short-term memory with TCN (TCN-Bi-LSTM, TBL). 

In order to analyse the accuracy of each approach in predictions,
this study selected three evaluation metrics to measure the model
ability to fit the data and calculate the errors in its predictions.
The metrics used include the coefficient of determination ( 𝑅2 ),
mean absolute error (MAE) and root mean square error (RMSE).
The 𝑅2 quantifies the degree of agreement between the predicted
values and the original data, where a number closer to 1 sig-
nifies a stronger alignment of the model. RMSE and MAE are
utilized to quantify the extent of the prediction mistakes, where
smaller values indicate superior predictive efficacy of the model.
Equations ( 37–39 ) provide the evaluation formulas for these three
metrics. The evaluation results of these metrics are displayed in
Tables 4–6 . 

As given in Tables 4 and 5 , it is evident that the TGA algorithm
has considerably fewer prediction errors for load demand and
𝐒𝐨 𝐂𝐄𝐕 (𝟏) 𝐜𝐚𝐩𝐢𝐜𝐢𝐭 𝐲𝐄𝐕 𝒚𝐄𝐕 𝑬𝐄𝐕 𝜹𝐄𝐕 

0.6 80kWh 0.95 0.2 kW/km 0.6$/kWh 
0.5 60 kWh 0.95 0.2 kW/km 0.6$/kWh 

IET Generation, Transmission & Distribution, 2026
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TABLE 4 Prediction error of different day-ahead forecasting methods for January 31. 

Method 

Inelastic load WT PV 

𝑹𝟐 MAE (kW) RMSE (kW) 𝑹𝟐 MAE (kW) RMSE (kW) 𝑹𝟐 MAE (kW) RMSE (kW) 

TGA 0.98 33.64 42.21 0.97 42.16 65.36 0.98 57.05 105.23 
TG 0.97 38.79 50.89 0.97 41.63 67.08 0.97 67.10 118.54 
GRU 0.92 77.01 98.22 0.97 52.88 69.09 0.97 60.90 111.94 
BGA 0.97 45.82 60.12 0.97 47.30 65.62 0.97 54.37 105.57 

TABLE 5 Prediction error of different day-ahead forecasting methods for July 31. 

Method 

Inelastic load WT PV 

𝑹𝟐 MAE (kW) RMSE (kW) 𝑹𝟐 MAE (kW) RMSE (kW) 𝑹𝟐 MAE (kW) RMSE (kW) 

TGA 0.98 38.51 44.98 0.95 70.40 96.21 0.92 94.88 164.39 
TG 0.96 48.51 58.15 0.93 88.00 112.63 0.91 105.82 170.05 
GRU 0.93 69.81 81.17 0.92 108.24 126.39 0.90 134.53 182.95 
BGA 0.97 40.61 49.94 0.95 70.72 97.38 0.92 84.05 162.48 

TABLE 6 Prediction error of different day-ahead forecasting methods for October 31. 

Method 

Inelastic load WT PV 

𝑹𝟐 MAE (kW) RMSE (kW) 𝑹𝟐 MAE (kW) RMSE (kW) 𝑹𝟐 MAE (kW) RMSE (kW) 

TGA 0.97 36.43 49.20 0.95 70.40 96.21 0.98 57.61 86.03 
TG 0.94 47.71 65.54 0.93 88.00 112.63 0.96 106.88 124.40 
GRU 0.90 70.94 89.51 0.92 108.24 126.39 0.94 145.21 163.43 
BGA 0.96 43.44 58.07 0.95 70.72 97.38 0.98 35.24 71.21 
TBL 0.87 81.63 80.38 0.96 24.50 31.57 0.98 49.63 87.46 
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rea
enewable energy generation compared to the TG and GRU
lgorithms. The superiority of TGA in load demand prediction
or January 31st is clearly demonstrated by its 57.02% reduction
n RMSE and 56.31% reduction in MAE compared to the original
RU model. While the forecast errors of TGA for renewable
nergy generation are comparable to those of BGA, TGA has a
uch lower prediction error for load demand compared to BGA.
verall, TGA demonstrates superior prediction accuracy in both
atasets. 

𝑅2 = 1 −
∑𝑛 

𝑖= 1 (𝑦̂𝑖 − 𝑦𝑖 )
2 ∑𝑛 

𝑖= 1 (𝑦̄𝑖 − 𝑦𝑖 )2 
(52)

MAE = 1 

𝑛 

𝑛 ∑
𝑖= 1 

|(𝑦̂𝑖 − 𝑦𝑖 ) | (53)

RMSE =

√ √ √ √ 

1 

𝑛 

𝑛 ∑
𝑖= 1 

(𝑦̂𝑖 − 𝑦𝑖 )2 (54)

(1) Day-ahead inelastic load demand prediction 

o predict the day-ahead inelastic load demand of the trading day,
he historical time series of the VPP’s inelastic load demand in
ET Generation, Transmission & Distribution, 2026
the four days prior to the trading day were input. The prediction
results are illustrated in Figures 5–7 , and the prediction index
results are summarized in Tables 4–6 . As observed from the
figures, the inelastic load curve of the VPP is generally smooth
with minimal nonlinear characteristics. As depicted in Figure 5a ,
during the daytime load peak period (10:00–18:00), the prediction
results of all models basically reflect the variation trend of the
actual values; however, in the rapid rise phase (12:00–16:00)
and rapid decline phase (18:00–20:00), the TGA model achieves
the highest consistency with the actual values, while the TG,
GRU and TBL algorithms exhibit relatively larger errors. In the
winter scenario (January 31st), the TBL algorithm has the worst
performance among all models with MAE, RMSE and R2 , and the
errors of the TG and GRU models are also significantly higher
than that of the TGA. During the load valley period (4:00–8:00),
all models maintain stable performance with small errors, but the
TGA model still retains the optimal accuracy, while the prediction
effects of the TG, GRU, BGA and TBL algorithms are slightly
inferior. 

Compared with the typical winter scenario, the inelastic load
demand curve in the typical summer scenario (July 31st) fea-
tures a larger peak-valley difference and more complex dynamic
characteristics. The TGA model can more accurately capture
13 of 27
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FIGURE 5 Forecast results for January 31st (a) Inelastic load; (b) WT; (c) PV. 

FIGURE 6 Forecast results for July 31st (a) Inelastic load; (b) WT; (c) PV. 

FIGURE 7 Forecast results for October 31st (a) Inelastic load; (b) WT; (c) PV. 
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onlinear changes, and its prediction performance is significantly
uperior to all other comparative algorithms (TG, GRU, BGA
nd TBL). In this scenario, the prediction accuracy of the BGA
odel is close to that of the TGA, while the performances of
he TG, GRU and TBL algorithms are relatively poor: the TBL
lgorithm has an R2 of 0.93, and its MAE and RMSE are slightly
etter than those of the GRU but much higher than those of
he TGA and BGA, indicating limited adaptability to complex
oad fluctuations. As shown in Figure 7a , in the negative elec-
ricity price scenario (October 31st), load fluctuations are more
ignificant with increased peak-valley changes and enhanced
4 of 27
nonlinear characteristics. Under this condition, the TGA model
still maintains the highest prediction accuracy during the peak
period (10:00–18:00) and outperforms the TG, GRU, BGA and TBL
algorithms in capturing changes in the dynamic transition phases
(12:00–16:00 and 18:00–20:00). 

As indicated in Tables 4–6 , the TGA model exhibits optimal per-
formance across the three scenarios, with the highest goodness
of fit ( R2 up to 0.98) and the smallest errors. Specifically, in the
inelastic load demand prediction for the typical winter scenario,
compared with the GRU model, the RMSE of the TGA model is
IET Generation, Transmission & Distribution, 2026
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educed by 57.02% and the MAE by 56.31%. In the summer and
egative electricity price scenarios, the MAE and RMSE of the
GA model also remain at the lowest levels, reduced by more
han 20% and 40% compared with those of the TG, GRU and
BL algorithms, respectively. The prediction accuracy of the BGA
odel is close to that of the TGA but slightly inferior overall,
hile the performances of the TG, GRU and TBL algorithms are
elatively poor. 

(2) Day-ahead WT generation prediction simulation com-
parison 

o predict the day-ahead WT generation of the trading day, the
istorical time series of the VPP’s WT generation in the four
ays prior to the trading day were input. The prediction results
re shown in Figures 5–7 , and the prediction index results are
resented in Tables 4–6 . As can be seen from the figures, the
T generation curve of the VPP exhibits obvious nonlinear
haracteristics, and the correlation between WT generation and
ime is not significant under different scenarios. As shown in
igure 5b , all models can generally reflect the variation trend of
he actual values, but during the peak period, the TGA model
chieves the highest fitting degree, while the TG, GRU, BGA and
BL algorithms all have certain deviations. During the off-peak
eriod (e.g. 4:00–8:00), all models predict stably with small errors,
nd the TGA model still maintains a leading position, while the
ccuracy of other comparative algorithms is slightly lower. 

igure 6b shows that in the typical summer scenario (July 31st),
ll models perform well from midnight to morning (0:00–7:00)
nd during the evening peak (20:00–24:00); however, in the
apid change phase (13:00–18:00), the fitting accuracy of the
GA model is significantly superior to other models. Figure 7b
urther indicates that in the negative electricity price scenario
October 31st), WT generation presents more complex multi-
eak characteristics. Under this condition, the TGA model still
xhibits excellent performance during volatile periods (e.g. 12:00–
6:00), stable prediction during the valley period (4:00–8:00) and
ccurate capture of changes during the rapid fluctuation period
16:00–20:00). The TBL algorithm performs prominently in this
cenario with the lowest MAE and RMSE among all models, but
ts overall stability is still inferior to that of the TGA. The BGA
odel ranks second, while the TG and GRU models have obvious
ag and deviation. 

ables 4–6 show that the TGA model exhibits excellent high
ccuracy and stability in WT generation prediction. In the winter
cenario, the MAE of the TGA model is 42.16 kW and the RMSE
s 65.36 kW, which are 20.3% and 5.4% lower than those of
he GRU model, respectively, reflecting its excellent stability in
nvironments with small fluctuations. In the summer scenario,
acing intensified WT generation fluctuations, the MAE and
MSE of the TGA model are reduced by 20.0% and 14.6%
ompared with the TG model, and 34.9% and 23.9% compared
ith the GRU model, respectively, demonstrating its strong
daptability to complex fluctuations. In the negative electricity
rice scenario, although the TBL algorithm shows the optimal
erformance in error indicators, the TGA model still maintains
igh accuracy, further proving its core advantage in accurately
apturing dynamic changes and nonlinear characteristics. The
erformances of the TG, GRU and TBL algorithms are scenario-
ET Generation, Transmission & Distribution, 2026
dependent, approaching advanced levels in some scenarios, but
lacking sufficient consistency and stability compared with the
TGA. 

(3) Day-ahead PV generation prediction simulation com-
parison 

To predict the day-ahead PV generation of the trading day, the
historical time series of the VPP’s PV generation in the four
days prior to the trading day were input. The prediction results
are shown in Figures 5–7 , and the prediction index results are
presented in Tables 4–6 . The daily variation of PV generation
presents a typical “bell-shaped” curve: the power gradually rises
in the morning, reaches a peak at noon (12:00–14:00), then
decreases, and is close to zero at night. As shown in Figure 5c , all
prediction models can well capture the rising trend of power, but
the prediction accuracy in the peak region is slightly insufficient.
During the periods of low power (0:00–8:00 and 18:00–24:00),
the prediction results of all models are relatively close to the
actual values, showing stable performance. In the winter scenario
(January 31st), the R2 of the TGA model reaches 0.98, with MAE
and RMSE being the optimal; the R2 of the TBL algorithm is also
0.98, but its MAE and RMSE are slightly higher than those of
the TGA, and the performances of the TG and GRU models are
relatively poor. 

As shown in Figure 6c , PV generation volatility is stronger in the
typical summer scenario (July 31st), especially at the output peak
(12:00–14:00) and rapid fluctuation period (14:00–16:00). Under
this condition, the TGA and GRU models show high prediction
accuracy, while the TG, BGA and TBL algorithms have obvious
deviations in capturing nonlinear changes: the TBL algorithm
has an R2 of 0.91, and its MAE and RMSE are only slightly better
than those of the GRU but significantly higher than those of the
TGA and BGA, indicating limited adaptability to large PV output
fluctuations in summer. Figure 7c shows that the PV generation
curve in the negative electricity price scenario (October 31st) is
more symmetrical and less volatile than that in winter. During
the daytime power peak period (8:00–16:00), all models can
generally reflect the actual variation trend, but the TGA model
has the highest prediction accuracy in the peak region, which
is significantly better than the TG, BGA and TBL algorithms. In
the transition phases (e.g. 10:00–12:00 and 14:00–16:00), the TGA
model can still accurately capture power changes, demonstrating
excellent adaptability and stability, while the TG, GRU and TBL
algorithms have certain lag and deviation. 

Tables 4–6 show that the TGA model consistently maintains
excellent stability and high accuracy in PV generation prediction.
In the typical winter scenario, all indicators of the TGA model
are superior to other models, reflecting its excellent performance
in a stable PV generation environment. In the typical summer
scenario, despite large fluctuations in PV generation, the MAE
and RMSE of the TGA model still maintain high accuracy,
showing good adaptability to large fluctuations. In the negative
electricity price scenario, the MAE of the TGA model decreases
to 57.61 kW and the RMSE to 86.03 kW, which are significantly
lower than those of the TG and GRU models, and the overall
performance is better than the BGA and TBL algorithms, further
proving its accuracy and stability in complex PV generation
fluctuations. 
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ive C
om

m
ons L

icense



FIGURE 8 Day-ahead scheduling for January 31 (a) load side; (b) source-storage side. 

FIGURE 9 Day-ahead scheduling for July 31st (a) load side; (b) source-storage side. 

FIGURE 10 Day-ahead scheduling for October 31st (a) load side; (b) source-storage side. 
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(4) Experimental results and conclusions 

he experimental results demonstrate that the TGA model
xhibits the optimal performance in the prediction of inelas-
ic load, WT generation and PV generation. Its R2 value can
each 0.98, and the MAE and RMSE in some scenarios are
educed by more than 20% compared with the traditional GRU
odel. Especially in the dynamic fluctuation phases of rapid
nelastic load changes and multi-peak WT generation scenar-
os, the TGA model demonstrates excellent adaptability and
tability. 

he TGA model can effectively reduce the impact of uncer-
ainties in renewable energy source (RES) output and inelas-
ic load demand, providing a high-precision prediction tool
or the day-ahead optimal dispatch of VPPs and improv-
ng the economy and reliability of VPPs in the electricity
arket. 
6 of 27

t

4.3 Day-Ahead Scheduling Plans 

In order to assess the influence of various day-ahead forecast-
ing techniques on the optimal bidding strategy of the VPP in
the deregulated market, this study compares the scheduling
outcomes by utilizing four forecasting methods outlined in
Section 4.2 . The forecast datasets and the actual dataset are
inputted into the day-ahead scheduling model for analysis. The
scheduling outcomes derived from the TGA method are depicted
in Figures 8–10 . 

(1) Day-ahead optimal dispatch results under the typical
winter scenario 

The day-ahead dispatch results of the typical winter scenario are
shown in Figure 8 . On the load side, the charging and discharging
behaviours of EVs are dynamically adjusted based on real-time
electricity prices, EV travel schedules and load demands. EV
IET Generation, Transmission & Distribution, 2026
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TABLE 7 Day-ahead revenue. 

Parameters Profit 
Profit from 

inelastic load 
Profit from 

EVs Cost 
Costs from 

transactions 
Costs from 

GT and ESS 

January 31 Real 9618.79 21204.99 199.74 11785.94 5445.49 6340.45 
TGA 9420 21224.49 199.74 12264.23 5536.83 6527.4 
TG 9313.76 20973.35 199.74 11859.33 5388.38 6470.95 
GRU 9161.11 20493.25 199.74 11531.88 5143.27 6388.61 
BGA 9392.15 21088.93 199.74 11936.52 5481.66 6454.86 
TBL 9119.04 20739.14 199.74 11819.84 5367.67 6452.17 

July 31 Real 9821.46 22403.79 131.2 12713.53 1645.07 11068.46 
TGA 9890.29 22455.47 131.2 12696.38 1699.35 10997.03 
TG 9400.83 22646.29 131.2 13296.66 1988.93 11307.73 
GRU 10521.73 22213.92 131.2 11823.39 791.29 11032.1 
BGA 9794.38 22387.57 131.2 12564.39 1602.47 11061.92 
TBL 9570 22248.16 131.2 12809.36 1749.64 11059.72 

October 31 Real 4388.28 20417.92 130.78 16160.42 6128.59 10031.83 
TGA 4496.63 20312.01 130.78 15946.16 6038.59 9907.57 
TG 4828.61 19961.78 130.78 15263.95 5428.09 9835.86 
GRU 5048.32 19775.86 130.78 14858.32 5109.18 9749.14 
BGA 4672.94 20147.4 130.78 15605.24 5766.48 9838.76 
TBL 5008.35 19918.42 130.78 15040.85 5529.22 9511.63 

Note: All monetary units in this table are US dollars. 
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harging and discharging activities are relatively frequent during
he period from 14:00 to 20:00. When the subsidized electricity
rice is lower than the real-time selling price, EV discharging is
cheduled to reduce load demand; when the subsidized electricity
rice is higher than the real-time selling price, EV charging is
rranged to obtain more profits. On the source-storage side, the
eal-time electricity purchasing price from 0:00 to 8:00 is lower
han the generation cost of GT, so electricity is purchased from
he power grid to meet the load demand during this period. From
2:00 to 18:00, due to the large output of RES, the load demand
an be almost fully satisfied; meanwhile, since the real-time
elling price is higher than the GT generation cost, GTs maintain
ower generation and sell electricity to the grid. From 18:00 to
4:00, as the real-time electricity purchasing price exceeds the GT
eneration cost, GT power generation is prioritized to meet the
oad demand. 

he data in Table 7 indicate that the day-ahead inelastic load
evenue under TGA prediction is the closest to the real data. In
erms of operating cost calculation, the day-ahead operating costs
f the source-storage side under other prediction algorithms are
ll lower than that under TGA. Particularly under GRU predic-
ion, the electricity purchasing and selling cost is significantly
ower than the real data. This is mainly because the prediction
rror index adopts relative values rather than absolute values. The
verall prediction error of the GRU model is relatively large, and
t overestimates RES output in most time periods, leading to the
nderestimation of the operating cost of the source-storage side
nd thus falsely inflating the day-ahead profit estimation of the
PP. 
ET Generation, Transmission & Distribution, 2026

t

(2) Day-ahead optimal dispatch results under the typical
summer scenario 

As shown in Figure 9 , compared with the typical winter scenario,
the peak electricity price period of the typical summer scenario is
concentrated from 16:00 to 20:00, during which EV charging and
discharging activities are more frequent. In the typical summer
scenario, the electricity purchasing and selling power of the
VPP’s source-storage side participating in the electricity market
is relatively small, mainly due to the following reasons: Firstly,
from 0:00 to 10:00, due to the high electricity price, the VPP
prefers to rely on GT power generation to meet internal demand;
secondly, the time distribution of RES generation in the typical
summer scenario is more uniform, and after coordination with
GT, it can basically satisfy the power demand on the VPP’s load
side. In addition, the generation capacity of RES equipment in
the typical summer scenario is limited, making it impossible
to produce sufficient surplus electricity to participate in power
selling activities in the electricity market. 

As shown in Table 7 , in the TG and TBL models, the estimated
optimal bidding cost is higher than the real data, leading to the
underestimation of the total profit on the load side. In contrast,
the estimated optimal bidding cost in the GRU model is lower
than the real data, resulting in the overestimation of the total load-
side prof it. By comparison, the TGA and BGA models are closer
to the real data in the estimation of day-ahead bidding costs;
therefore, their day-ahead dispatch results can more accurately
reflect the actual situation and exhibit higher stability. 
17 of 27
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TABLE 8 Other Main Parameters. 

Parameters lr epoch dr filters 

Value 0.001 100 0.1 64 
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(3) Day-ahead optimal dispatch results under the negative
electricity price scenario 

s shown in Figure 10 , in this scenario, negative electricity
rices occur at 7:00, 9:00 and 11:00 respectively. At 5:00, 13:00
nd 18:00, since the electricity selling price is higher than the
ischarging subsidized electricity price, the load side chooses
o schedule EV charging to reduce power consumption costs.
eanwhile, due to insufficient WT output on the day, the source-
torage side needs to purchase electricity on a large scale from the
ublic power grid to maintain supply-demand balance. During
he negative electricity price periods, the source-storage side
chieves profitability by purchasing and storing electricity at
 low price. However, this strategy also makes the electricity
urchasing and selling cost of this scenario higher than that of
he two previously mentioned scenarios. In addition, from 12:00
o 18:00, the real-time electricity price is higher than the GT
eneration cost only in a few time periods, resulting in limited
ower selling opportunities. Thus, the power selling volume of
his scenario is lower than that of the typical winter scenario,
hich further affects the overall revenue. 

s shown in Table 7 , under the five types of prediction data, the
ay-ahead bidding model’s estimation of the load-side profit is
igher than the real data, but the estimation result based on TGA
rediction data is the closest to the real data. By contrast, the
eviations in profit and cost estimation based on GRU and TBL
rediction data are the largest, indicating that these two models
ave relatively weak prediction performance under the negative
lectricity price scenario. Overall, the proposed model is not
ignificantly affected by negative electricity prices under different
rediction conditions and can well maintain basic control over
he load-side revenue and costs. Nevertheless, the accuracy of the
odel still varies with different prediction methods. 

ased on the optimal dispatch results of three typical scenarios
resented in Figures 8–10 , the environmental benefits of the
roposed dispatch strategy are realized through the collaborative
ptimization of all adjustable resources in the VPP, which con-
tructs a full-scenario operation mode characterized by priority
ccommodation of zero-emission renewable energy WT and PV,
ossil energy GT as backup support, and energy storage coupled
ith EV load response for fluctuation suppression and adaptation
o extreme electricity prices. 

n winter and summer scenarios, WT and PV respectively
orm periodic output peaks that are precisely matched with
he total load. During the corresponding periods, GT output
emains consistently at a low level, only providing short-term
upplementation during RES output troughs; moreover, there is
o sustained peak of positive power procurement for large-scale
xternal purchase of high-emission grid electricity. 

n negative electricity price scenarios, the dispatch strategy effi-
iently accommodates surplus grid electricity, avoiding wasteful
missions from fossil energy caused by curtailment of surplus
lectricity, by guiding the off-peak response of adjustable EV
harging loads and increasing energy storage charging capacity.
eanwhile, it further reduces the startup frequency and output
cale of GT, this not only cuts economic costs by leveraging
egative electricity prices but also enhances emission reduc-
8 of 27
tion effects by additionally accommodating clean electricity or
replacing fossil energy-based power generation. 

Overall, the peak-shaving and valley-filling of energy storage and
the flexible adjustment of EV loads jointly ensure the full accom-
modation of renewable energy across all scenarios, significantly
increasing the proportion of zero-emission energy in the VPP’s
power supply structure. This fundamentally reduces pollutant
emissions arising from fossil energy consumption, exhibiting
stable and prominent environmentally friendly characteristics
under both normal operating conditions and extreme negative
electricity price conditions. 

As can be seen from the data in Table 7 , the day-ahead optimal
scheduling model and dispatch strategy proposed in this paper
have improved the resource aggregation efficiency and market
revenue of the VPP. However, in the unregulated electricity
market, RES output fluctuations, load demand uncertainty and
dynamic changes in real-time electricity prices inevitably lead to
deviations between the day-ahead plan and the intraday actual
operation. This not only causes the VPP to face substantial fines
in the intraday market but also impairs its overall economic
efficiency and operational reliability. Therefore, it is necessary to
implement a more equitable penalty mechanism in the intraday
calculation stage. 

4.4 Intraday Scheduling Plans 

This section conducts intraday dispatch based on the day-
ahead dispatch scheme proposed in the previous section and
adopts the three scenarios described in Section 4.3 . To evaluate
the economic benefits of the VPP in the intraday phase of
the unregulated market under the background of source-load
interaction, a comparative scheme is designed in this section:
On the load side, the inelastic load maintains rolling update
and prediction during the intraday phase, while the source-
storage side only provides one-way response to the load-side
demand without transmitting feedback signals to the load side.
Under this condition, the EVs on the load side execute charging
and discharging operations in accordance with the day-ahead
plan during the intraday phase without further rescheduling.
The parameter settings of each aggregation unit in the VPP are
consistent with those in Section 4.1 . In addition, the intraday
imbalance penalty coefficient is set to 1.3, and the price subsidy
coefficient is set to 0.8; for the specific parameter settings of the
ultra-short-term prediction algorithm, refer to Table 8 . 

Figures 11–13 depict the scheduling results of the VPP with
multiple adjustable resources and day-ahead forecasting using
the TGA algorithm. On the other hand, Tables 9–11 give the
income outcomes for different scenarios during the whole day. 
IET Generation, Transmission & Distribution, 2026
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FIGURE 11 Intraday scheduling for January 31st (a) private EVs; (b) electricity taxis; (c) total load; (d) purchase and sale power; (e) GT; (f) ESS. 

FIGURE 12 Intraday scheduling for July 31st (a) private EVs; (b) electricity taxis; (c) total load; (d) purchase and sale power; (e) GT; (f) ESS. 
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(1) Intraday optimal dispatch results under the typical
winter scenario 

n the intraday revenue comparison of this scenario, the proposed
cheme in this paper increases the intraday profit by 10.19%
ET Generation, Transmission & Distribution, 2026
compared with the scheme using GRU day-ahead prediction
without considering intraday source-load interaction. 

Combined with Figure 11a,b and Table 9 , it can be seen that in the
intraday dispatch of the typical winter scenario, the charging and
19 of 27
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FIGURE 13 Intraday scheduling for October 31st (a) private EVs; (b) electricity taxis; (c) total load; (d) purchase and sale power; (e) GT; (f) ESS. 

TABLE 9 Intraday revenue on January 31. 

Parameters 

TGA TG GRU BGA 

Case 1 Case 2 Case 1 Case 2 Case 1 Case 2 Case 1 Case 2 

Profit 15,255.18 14,926.82 14,994.81 14,662.04 14,641.87 14,324.49 15,064.47 14,742.43 
Profit from EVs 112.16 199.74 112.16 199.74 112.16 199.74 112.16 199.74 
Cost 6061.97 6477.91 6322.34 6742.69 6675.28 7080.25 6252.68 6662.3 

TABLE 10 Intraday revenue on July 31. 

Parameters 

TGA TG GRU BGA 

Case 1 Case 2 Case 1 Case 2 Case 1 Case 2 Case 1 Case 2 

Profit 11,425.18 11,328.97 11,765.35 11,641.55 10,513.24 10,367.8 11,354.21 11,254.06 
Profit from EVs 103.06 131.2 103.06 131.2 103.06 131.2 103.06 131.2 
Cost 11,081.67 11,206.02 10,741.5 10,893.44 11,993.61 12,167.19 11,152.64 11,280.93 

TABLE 11 Intraday revenue on October 31. 

Parameters 

TGA TG GRU BGA TBL 

Case 1 Case 2 Case 1 Case 2 Case 1 Case 2 Case 1 Case 2 Case 1 Case 2 

Profit 10,389.85 10,282.5 9737.46 9723.67 9395.1 8448.7 10,105.59 10,059.04 9821.39 9575.86 
Profit from EVs 114.39 118.12 114.39 118.12 114.39 118.12 114.39 118.12 114.39 118.12 
Cost 10,146.19 10,249.81 10,794.85 10,812.36 11,140.93 12,083.62 10,430.44 10,473.27 10,714.64 11,089.65 

20 of 27 IET Generation, Transmission & Distribution, 2026
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ischarging power of EVs on the VPP’s load side is significantly
ower than the day-ahead plan. This effectively reduces the total
oad fluctuations on the load side, thereby lowering the intraday
perating cost of the source-storage side. Although the revenue
rom EVs on the load side decreases, the magnitude of the
eduction in operating costs is greater than that of the decrease in
V revenue, thus improving the total intraday profit of the VPP. 

n addition, the intraday electricity purchasing and selling plan
f the source-storage side basically achieves tracking of the day-
head plan. From 13:00 to 20:00, the penalty electricity prices in
he unregulated market fluctuate significantly. When the penalty
lectricity price is higher than the GT generation cost, GT output
s used to compensate for intraday power fluctuations caused
y day-ahead prediction errors; otherwise, the source-storage
ide directly bears the fines and adjusts the intraday electricity
urchasing and selling plan to address deviations. 

pecifically, under the GRU prediction model, the total load-
ide prof it of the proposed scheme reaches 14,641.87 USD, an
ncrease of 2.21% compared with 14,324.49 USD of the compara-
ive scheme. Meanwhile, the operating cost of the source-storage
ide is reduced to 6675.28 USD, a decrease of 5.72% compared
ith 7080.25 USD of the comparative scheme. This cost-saving
dvantage has been verified under different prediction models
uch as TGA, TG and BGA. It is worth noting that the EV charging
nd discharging revenue of all schemes stably remains at 112.16
SD, which verifies the effectiveness of the strategy of sacrificing
ocal interests to improve the overall operational efficiency of
he system by actively suppressing EV charging and discharging
ower fluctuations. 

(2) Intraday optimal dispatch results under the typical
summer scenario 

n the intraday dispatch of the typical summer scenario, the
tilization rate of ESS is higher than the day-ahead plan. This
s because from 10:00 to 19:00, the intraday penalty electricity
rices in the unregulated market fluctuate significantly, leading to
djustments to the electricity purchasing and selling plan. How-
ver, GT is limited by the upper limit of its regulation capacity
nd cannot fully respond to power fluctuations. Therefore, ESS
s required to coordinate and compensate for intraday power
luctuations through charging and discharging. 

s shown in Tables 10 and 11 , the total load-side profit is the
owest in the intraday dispatch under the GRU model. This is
ue to its large day-ahead prediction deviation, which results in
ignificant intraday imbalanced power fluctuations and further
ncreases the intraday penalty cost. Taking the GRU model as
n example, although the total load-side profit of the proposed
cheme is the lowest in summer, it is still 1.4% higher than that
f the comparative scheme, which stems from a 1.43% reduction
n the operating cost of the source-storage side compared with
he comparative scheme. This cost reduction and efficiency
mprovement characteristic is more significant in the TGA model:
he proposed scheme increases the load-side profit by 0.85% while
educing the operating cost of the source-storage side by 1.11%. 

n addition, it is worth noting that the gap in operating costs of
he proposed scheme under the BGA model narrows to 1.12%,
ET Generation, Transmission & Distribution, 2026
indicating that the improvement of prediction accuracy can
reduce the reliance on ESS regulation, confirming the negative
correlation between the accuracy of the prediction model and the
input of regulatory resources. 

(3) Intraday optimal dispatch results under the negative
electricity price scenario 

Under the negative electricity price scenario, according to the
analysis of power fluctuation conditions, the total load-side power
fluctuates less than that in the day-ahead phase. However, the
intraday charging and discharging behaviours of the two types
of EVs are more frequent than those in the day-ahead phase,
indicating that negative electricity prices have no significant
impact on the charging and discharging behaviours of EVs. On
the other hand, the GT on the source-storage side experiences
large fluctuations at 12:00 in the intraday phase compared with
the day-ahead phase. This is because the penalty electricity price
is too high at this time, and arranging GT power generation can
more effectively reduce intraday costs. In addition, at several
negative electricity price time points, the intraday tie-line power
fluctuations are smaller than those in the day-ahead phase,
which is mainly due to the coordinated effect of ESS and GT on
the source-storage side, effectively offsetting power deviations.
From the perspective of total load-side profit, the performance
of each model in the proposed scheme is better than that in the
comparative scheme, with the GRU model achieving the largest
improvement. In terms of the operating cost of the source-storage
side, the cost of each model in the proposed scheme is reduced
and the overall economy has achieved positive feedback. 

4.5 Economic Performance 

Based on the calculation results in the above table, the optimiza-
tion scheme proposed in this paper enables the VPP to obtain the
maximum profit in the unregulated market and maintains a low
profit volatility across different scenarios, which is superior to the
comparative scheme, thus verifying the robustness of the strategy.

To more intuitively compare the revenue performance of the
proposed scheme and other schemes in the day-ahead and
intraday two-stage markets, this paper sets the two-stage revenue
benchmark values for the typical winter scenario, typical summer
scenario and negative electricity price scenario. The relative
value is calculated as the actual value minus the benchmark
value. The comparison of the VPP’s revenue performance under
different schemes in the typical winter and summer scenarios
is shown in Figure 14 . The results indicate that after the two-
stage settlement, the advantages of the proposed scheme are
mainly reflected in the following two aspects: Firstly, the TGA
algorithm exhibits small prediction errors for load and RES
output, resulting in a higher consistency between the day-ahead
electricity purchasing and selling plan and the intraday actual
situation, thereby significantly reducing the VPP’s penalty cost
in the intraday phase. Secondly, under the intraday source-load
interaction framework, the VPP achieves a balance between EV
charging and discharging revenue and operating costs, obtaining
higher profits compared with the scheme that does not consider
intraday source-load interaction. 
21 of 27
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FIGURE 14 (a) Comparison of earnings for January 31; (b) comparison of earnings for July 31; (c) comparison of earnings for October 31. 

TABLE 12 Revenue benchmark. 

Profit and cost January 31st July 31st October 31st 

Day-ahead profit 9000 9000 4000 
Intraday profit 14,000 10,000 8000 
Day-ahead cost 11,000 11,000 14,000 
Intraday cost 6000 10,000 10,000 
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owever, in the typical summer scenario and negative electricity
rice scenario, the comparative results are less significant than
hose in the typical winter scenario. This is mainly because in
he typical winter scenario, the electricity purchasing and selling
ower between the VPP and the public power grid is relatively
ow, leading to a small proportion of penalty costs in the VPP’s
otal operating costs. Therefore, the impact of uncertain factors
n the VPP’s profit is relatively limited. Research shows that the
oupling effect between the market environment and dispatch
echanism is a key factor determining the VPP’s economy.
he two-stage collaborative optimization model proposed in
his paper provides a universal framework for multi-scenario
ispatch, which can effectively improve the economic benefits of
he VPP in complex market environments (Table 12 ). 

.6 Comparison Results 

he comparison between our proposed method and Q-learning
ased scheduling method of the VPP is conducted in this section
o validate the effectiveness of our method [ 44 ]. 

he Q-learning based scheduling results of the VPP are shown
n Figure 15 . And the detailed comparison results are given in
able 13 . Results indicate that during a typical winter day, our pro-
osed method reduces equipment start-up and shutdown losses
ompared to the Q-learning method by concentrating output from
as turbines. It lowers high-cost electricity procurement expenses
y adjusting power purchase and sales strategies during peak
eriods. Additionally, it generates extra revenue through precise
rbitrage using energy storage. During a typical summer day,
ur approach minimized fuel waste by curtailing gas turbine
utput during peak PV generation, achieved arbitrage through
ubsequent discharge of stored surplus PV energy, and generated
igher profits from combined consumption methods than from
ingle electricity sales. In negative electricity price scenarios,
2 of 27
our approach avoided revenue losses from selling power at low
prices by storing renewable energy output, reduced fuel costs
by curtailing gas turbine output and further controlled costs by
decreasing peak electricity purchases. 

4.7 Comparison Results 

This section conducts a sensitivity analysis for each typical
intraday scenario under the TGA prediction scheme adopted by
the aforementioned model, aiming to reveal the sensitivity of the
economic benefits of VPPs to a core market parameter: the real-
time electricity selling price. By adjusting the coefficient between
electricity selling price and the real-time purchasing price (rang-
ing from 0.7 to 1.0) in the bi-level optimization model, this
study systematically explores and dissects the dynamic evolution
laws of VPPs’ Intraday profit, Profit from EVs, and the Intraday
cost of the lower-level microgrid under three typical scenarios:
January 31st, July 31st and October 31st. This analysis not only
clarifies the optimal operational strategies of VPP under different
market environments and seasonal conditions but also validates
the inherent economic logic and game-theoretic properties of the
constructed bi-level optimization model (Table 14 ). 

(1) Sensitivity analysis under the typical winter scenario 

The winter scenario fully reflects the game-theoretic attributes
embedded in the proposed bi-level optimization model. As the
electricity selling price coefficient increases from 0.7 to 1, the
intraday profit of the virtual power plant (VPP) rises from 12159.27
to 19375.98, a cumulative growth of 59.4%, while the intraday
cost decreases by 19.4% from 6401.16 to 5160.49. The results
reveal a non-monotonic and intricate correlation between the
profit from electric vehicles (EVs) and the electricity selling price
coefficient, with the EV profit fluctuating drastically from 6.05
to a peak of 150.92 and even dropping to -6.81 at the coefficient
of 0.9, exhibiting counterintuitive characteristics under specific
conditions. When market conditions with high electricity selling
prices exacerbate the interest conflicts between the upper-level
source-storage side and lower-level adjustable resources on the
load side, the upper-level source-storage side implements a
rational decision-making strategy that sacrifices local EV-related
gains to achieve global optimal operation. Specifically, negative
profit values from EVs are deliberately generated at the coefficient
of 0.9 to maximize the overall profit of the VPP system, which
verifies the model’s ability to balance local and global interests. 
IET Generation, Transmission & Distribution, 2026
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FIGURE 15 Q-learning based scheduling results of the VPP. 

TABLE 13 Comparison results between our proposed method and Q-learning based method of the VPP. 

Typical 
scenarios 

Economic indicators of the VPP ($) 

Advantages of our 
approach 

Our proposed 
method 

Q-learning based 
method 

Winter 
January 31 

Total benefit 15,255.18 8242.92 Increased by 7012.26 
Total cost 6061.97 15,708.23 Reduced by 9646.26 

Summer 
July 31 

Total benefit 11,425.18 9236.88 Increased by 2188.3 
Total cost 11,081.67 13,924.58 Reduced by 2842.91 

Negative electricity 
price 
October 31 

Total benefit 10,389.85 3535.96 Increased by 6853.89 
Total cost 10,146.19 18,043.52 Reduced by 9646.26 

IET Generation, Transmission & Distribution, 2026 23 of 27
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TABLE 14 Sensitivity analysis of electricity selling price coefficient. 

Coefficient 0.7 0.8 0.85 0.9 1 

January 31 Intraday profit 12,159.27 15,255.18 16,230.92 17554.29 19,375.98 
Profit from EVs 6.053 112.16 150.92 − 6.81 30.23 
Intraday cost 6401.16 6061.97 5950 5294.5137 5160.49 

July 31 Intraday profit 8426.64 11,425.18 12,818.69 14066.06 17,266.99 
Profit from EVs 89.08 103.06 155.13 9.0 147.21 
Intraday cost 11,265.76 11,081.67 11,140.47 11147.33 10,884.97 

October 31 Intraday profit 7803.87 10,389.85 11,493.04 12895.23 15,800.16 
Profit from EVs 184.07 114.39 − 57.87 − 47.13 158.42 
Intraday cost 10,245.87 10,146.19 10,143 10,026.99 9880.65 
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(2) Sensitivity analysis under the typical summer sce-
nario 

he summer scenario is featured by abundant solar energy
esources and high penetration of renewable energy output. As
he electricity selling price coefficient increases from 0.7 to 1, the
PP intraday profit surges from 8426.64 to 17,266.99, a remarkable
rowth of 104.9%. In this context, the intraday operation cost
f the VPP maintains a relatively high level with good stability,
anging from 10,884.97 to 11,265.76, with a maximum fluctuation
f only 3.4%, and displaying a steady downward trend as the coef-
icient increases. Notably, the profit from EVs remains positive
hroughout the variation range of the coefficient, with values
anging from 9.00 to 155.13, and its fluctuation amplitude (146.13)
s substantially smaller than that observed in the winter scenario
157.73). This phenomenon indicates that with sufficient renew-
ble energy supply, the lower-level adjustable resources on the
oad side can not only satisfy the internal load demands of the VPP
ut also realize power export to the main grid. Consequently, the
nterest conflicts between the upper-level source-storage side and
ower-level adjustable resources on the load side are significantly
itigated, and the entire system operates in a synergistic and win-
in mode, rendering extreme strategic loss-making strategies
nnecessary for the source-storage side. 

(3) Sensitivity analysis under the typical negative electric-
ity price scenario 

his scenario integrates the game-theoretic characteristics of the
inter scenario and the arbitrage opportunities derived from
he volatile renewable energy market. As the electricity selling
rice coefficient increases from 0.7 to 1, the VPP intraday profit
rows from 7803.87 to 15,800.16, a growth rate of 102.5%, while
he intraday cost decreases slightly by 3.6% from 10,245.87 to
880.65. The profit from EVs in this scenario presents the largest
luctuation amplitude among the three cases, with values ranging
rom a negative trough of − 57.87 to a positive peak of 184.07, a
otal variation span of 241.94, far exceeding the fluctuation ranges
f 157.73 in winter and 146.13 in summer. This variation pattern
emonstrates that in a market environment with complex elec-
ricity price signals, the VPP exhibits highly flexible operational
haracteristics and opportunistic decision-making tendencies.
pecifically, when the electricity price falls to a negative or
xtremely low level, the VPP acts as a beneficial load of the
4 of 27
power grid to absorb surplus electricity and avoid renewable
energy curtailment; when the electricity price rises and the
game between the upper-level source-storage side and lower-
level adjustable resources on the load side intensifies, the VPP
transforms into a strategic load to balance the interest conflicts
between different stakeholders; when the spread between the
purchase and selling prices of electricity reaches the profitability
threshold, the VPP functions as an efficient arbitrage tool to tap
into the price spread benefits. 

This sensitivity analysis fully validates the effectiveness of the
constructed bi-level optimization model in capturing the realistic
economic behaviours and intricate decision-making mechanisms
of VPPs in complex market environments. It is worth noting that
the charging and discharging strategy of VPPs is not dominated
by the simple arbitrage logic of “buying low and selling high”, but
is rather the optimized outcome of dynamic game interactions
between the upper-level source-storage side and lower-level
adjustable resources on the load side, considering the latter’s
operation costs. There exists a prominent non-monotonic and
scenario-dependent sensitivity relationship between the profit
from EVs and the market electricity selling price coefficient:
the fluctuation amplitude of EV profit in the negative electric-
ity price scenario is 1.54 times that in winter and 1.65 times
that in summer, which directly reflects the impact of scenario
characteristics on the decision-making mechanism of the VPP
system. 

The operational strategy and profit model of VPPs are highly
dependent on the characteristics of the application scenarios: in
summer scenarios with abundant energy supply, the operational
behaviours of VPPs show high stability and synergy, with the EV
profit maintaining positivity and the intraday cost fluctuating by
less than 5%; in scenarios with energy resource scarcity (winter)
or complex electricity price signals (negative price scenario), the
VPP operation is dominated by game-theoretic and opportunistic
features and the system may even adopt strategic loss-making
measures to ensure the global optimization of overall benefits. 

In conclusion, this analysis provides robust empirical support
for the core hypothesis of this paper, and offers solid theoret-
ical and data-driven evidence for verifying the rationality and
effectiveness of the proposed bi-level optimization model from an
economic perspective. 
IET Generation, Transmission & Distribution, 2026
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 Conclusion 

his paper proposes an energy-economic optimization dispatch
or the VPP participating in day-ahead and intraday stages in
lectricity spot market. In the proposed two-stage MPC-based
nergy optimization scheduling, multiple adjustable resources
re taken into the optimization strategies, including flexible load
ike adjustable EV charging load, gas turbine generation and
nergy storage system. 

o enhance the operational efficiency of the VPP in the spot mar-
et, an MPC-based strategy and a bi-level optimization algorithm
re integrated into the intraday energy management. This allows
ontrollable resources to rapidly respond to real-time fluctuations
n uncontrollable resources, while enabling EV fleets to dynam-
cally adjust their charging and discharging schedules based on
eal-time feedback from resource generation. The integration of a
GA-based forecasting algorithm mitigates the adverse effects of
npredictable load demand and renewable energy output on the
PP’s economic efficiency in the spot market. 

he profits of the VPP in the two-stage spot market were
alculated based on real-time electricity prices. Compared to
ther energy management schemes using different day-ahead
orecasting methods and intraday optimization strategies, the
roposed approach effectively manages the diverse source-load
esources of the VPP, maximizing profits in the two-stage spot
arket. Specifically, compared to a scheme using GRU for
ay-ahead forecasting and single-layer MPC for intraday opti-
ization, intraday profits increased by 10.19% and two-stage
ettlement profits increased by 5.06% 

uture research would be focused on the evaluation of the impact
f market price uncertainties. This can be addressed by enhancing
he proposed scenario generation method to account for the
orrelation between market prices and renewable energy sources
roduction. Additionally, for the practical implementation of the
roposed architecture in real-world applications, it would be
aluable to incorporate new technologies and assets into the VPP,
uch as hydropower plants, electric chillers, absorption chillers,
ce storage systems and thermal energy storage systems. 

omenclature 

cronyms 

PP virtual power plant 

MS energy management system 

PC model predictive control 

V electric vehicle 

T wind turbine 

SS energy storage system 

V photovoltaic station 

T gas turbine generation 

TP real-time electricity price 

oC state of charge 
ET Generation, Transmission & Distribution, 2026
Functions 

max prof it the profit function of VPP 

min cost the operating cost function of VPP 

List of Variables 

𝑈EV 
𝑖 

the status of the EV i driving and
connecting to the grid 

SOC 

EV 
day− ahead , 𝑖 SOC of the EV i in the day-ahead stage

𝑈
ch , EV 
𝑖 

∕𝑈
dis , EV 
𝑖 

charging and discharging status of the
EV i 

𝐿im 

forcast 
∕𝐿im forecasted and actual values for non-

adjustable loads 

𝑃
dis , EV 
day− ahead , 𝑖 ∕𝑃

ch , EV 
day− ahead , 𝑖 charging and discharging power of the

EV i in the day-ahead stage 

𝐿day− ahead ∕𝐿intra − day total load of VPP in the day-ahead and
intra-day stages 

𝑃
buy 

day− ahead ∕𝑃
sell 
day− ahead purchase and sale power between VPP

and the public grid in the day-ahead
stage 

𝑃GT 
day− ahead ∕𝑃

GT 
intra − day the power of GT in the day-ahead and

intraday stages 

𝑃
ch , ESS 
day− ahead ∕𝑃

dis , ESS 
day− ahead the power of ESS in the day-ahead and

intra-day stages 

𝑃WT 
forcast 

∕𝑃WT forecast and actual output of WT 

𝑃PV 
forcast 

∕𝑃PV forecasted and actual output of PV 

SoC 

ESS 
day− ahead SOC in the pre-existing phase of ESS 

𝑃
grid 

day− ahead ∕𝑃
grid 

intra − day day-ahead and intraday interconnec-
tion power between VPP and the public
grid. 

𝑃
dis , EV 
intra − day, i ∕𝑃

ch , EV 
intra − day, i charging and discharging power of the

EV i in the intra-day stage 

𝑃
ch , ESS 
intra − day ∕𝑃

dis , ESS 
intra − day charging and discharging power of ESS

in the day-ahead and intra-day stages 

List of Parameters 

lr learning rate of the neural network 

k the size of the convolutional kernel of a
convolutional neural network 

d expansion coefficient of the convolutional
kernel 

ℎ𝑡 neural network hidden layer state 

𝑦EV 
𝑖 

charging efficiency of the EV i 

𝐸EV 
𝑖 

the power consumption of the EV i per
kilometre 

𝛿EV the subsidy price coefficient for EV dis-
charging 

SoC 

EV 
𝑖 (1) initial SoC for the EV i 

capicity 
ev 
𝑖 the capacity of the EV i 

𝑃
ch , EV 
max ,𝑖 

∕𝑃
dis , EV 
max ,𝑖 

maximum charging and discharging power
of the EV i 
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OC 

EV 
max ,𝑖 ∕SOC 

EV 
min ,𝑖 maximum and minimum SOC of the EV i 

ch , ESS 
max ∕𝑃

dis , ESS 
max maximum charging and discharging power

of ESS 

OC 

ESS 
max ∕SOC 

ESS 

min maximum and minimum SOC of ESS 

apicit yESS the capacity of ESS 
ESS charging efficiency of ESS 
GT 
max maximum power of the GT 
GT 
up ∕𝑅

GT 
down 

grade-up and downhill rates of GT 

buy 
max ∕𝑃

sell 
max maximum purchase and sale power of VPP

to/from the public grid 

GT ∕𝜆ESS price factors for GT and ESS 

buy ∕𝑎sell price coefficient of VPP purchasing and
selling electricity to/from the public grid 

punish ∕𝛽subsidy penalty and subsidy price coefficients in the
intraday imbalance market 

error range of the bilevel optimization 
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