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A B S T R A C T

Adjusting prediction data before bidding is a straightforward and cost-effective method to reduce uncertainty
and imbalance between bidding data and real-time power supply. To avoid profit loss for virtual power plant,
this study proposes an uncertainty optimization model that minimizes the remaining uncertainty after power
generation forecasts. The proposed model specifically addresses different weather conditions—rainy, overcast,
cloudy, partly cloudy, and sunny—by minimizing the distance between actual and forecasted VPP generation.
The model is applied to adjust prediction data of a VPP with an average generation capacity of 1.5 GW in Tokyo,
Japan. Bidding data for winter 2024 are predicted using three deep neural network-based methods. The results
indicate a significant reduction in both uncertainty and energy storage capacity after using the uncertainty
optimization model. Moreover, the findings show that the proposed uncertainty optimization model increases the
profit growth rate for prediction methods characterized by high uncertainty.

Nomenclature
Majority of variables’ format: AB,D

C
A refers to Demand, Generation, Supply, Price, Surplus, State of charge (SOC), Cost, or
Binary/Slack variables,

B specifies the source of power supply (technology), demand sources, market types, or
negative/positive slack variable

C indicates the settlement period, or the minimum or maximum capacity for a
technology, and

D represents additional information such as estimated or actual power supply,
For example, Sgrid,Et : represents estimated grid supply power at settlement period t.
Input Variables Description Unit
PDAt Day-ahead power price at period t $/kW
PIDt Intra-day power price at period t $/kW
PBalt Balance cost at period t $/kW
Rsu
t Random number generated from standard uniform

distribution at period t
–

Rh
t Historical percentage of contract’s number at

period t (per maximum daily contract)
–

SVPP,Et Estimated VPP power supply at period t kW

SVPP,Bidt VPP power supply based on bid data for DA (ID)
market at period t

kW

SVPP,At Actual VPP power supply at period t kW
λ1,2,3,4,t , α1,2,3,4,5,t Trading transition probability at period t %
Intermediate
Variables

Description Unit

SOCBat
t Battery state of charge at period t kW

(continued on next column)

(continued )

Decision variable Description Unit
Continuous
SBat,discht Discharging power from battery at period t kW

SBat,cht Charging power into battery at period t kW

Sgrid,Et
Estimated grid power supply at period t kW

Sgrid,E,IDt
Estimated grid power supply in the ID market at
period t

kW

Sgrid,E,Balt
Estimated grid power supply in the Balance market
at period t

kW

Sgrid,A,IDt
Actual grid power supply in the IDmarket at period
t

kW

Sgrid,A,Balt
Actual grid power supply in the Balance market at
period t

kW

SuVPP,IDt VPP surplus power in the ID market at period t kW

SuVPP,Balt VPP surplus power in the Balance market at period
t

kW

θt,j prediction uncertainty for jth type of days at period
t

–

Binary
BDA Binary variable for day-ahead market ​

BBat,cht Binary variable for battery charging at period t {0,1}

BBat,discht Binary variable for battery discharging at period t {0,1}
Slack variable Description Unit
SlNegativet

Negative slack variable at period t kW

(continued on next page)
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(continued )

SlPositivet
Positive slack variable at period t kW

Model Parameters Description Unit
SBat,dischmax Maximum discharging power from battery at

period t
kW

CVPP Operation cost of VPP $/kW
SOCmax Maximum SOC of battery (80 % of battery

capacity)
kWh

SOCmin Minimum SOC of battery (20 % of battery
capacity)

kWh

ηBatch Battery charging efficiency %
ηBatdisch Battery discharging efficiency %
ΦDA Minimum power requirement (MPR) for DA

market
kW

ΦID MPR for ID market kW
Other symbols Description ​
JEPX Japan Electric Power Exchange –
M1 Big number or Big-M (here M1 = initial battery

capacity)
–

1. Introduction

The system operator continually balances power generation and
consumption due to the existence of uncertainty in the grid network,
while the imbalance is inevitable. Synchronous power generators use
inertia to balance the supply and demand via maintaining a stable1

frequency. However, the high penetration of inverter-based generators2

—such as wind power, solar power, and batteries— reduces the overall
inertia of the generation system, thereby increasing system imbalance
[1].
The balancing market manages system imbalance via independent

system operators, balancing service providers, and balance-responsible
parties [2]. These parties utilize demand response [3], reserve capac-
ity plans [4], and market contributions [5,6] to maintain system bal-
ance. As a power supplier, virtual power plants (VPPs) take different
actions to mitigate unplanned fluctuations in power supply. The actions
taken by VPPs to reduce imbalance consist of rescheduling generation
technologies, utilizing energy storage, and using accurate prediction
methods [7,8].
VPP power supply is predicted through stochastic3 [9,10] and arti-

ficial neural network approaches [11,12]. Long Short-Term Memory
(LSTM) and Bidirectional LSTM (BiLSTM) are two prominent deep
learning methods that have demonstrated superiority over stochastic
methods in multi-step ahead predictions [11]. These methods effectively
predict solar and wind power generation for several hours ahead. The
VPP system requires highly accurate methods to predict its power supply
for longer than 24 h. Appendix A provides details information of the
Decision Support System BiLSTM model (DSS-BiLSTM), which forecasts
the VPP power generation 38 h ahead, outperforming both LSTM and
BiLSTM methods. This study utilizes the three mentioned methods to
forecast the power generation of a VPP with an average generation ca-
pacity of 1.5 GW in Tokyo, Japan.
Assuming fixed power demand, the VPP generation imbalance in-

dicates the gap between actual and planned (bidding data) power gen-
eration. This gap represents the uncertainty faced by the VPP in fulfilling
its commitments in short-term power markets, such as the Day-Ahead
(DA) and Intra-Day (ID) markets. Although prediction models are
designed to minimize this gap, a degree of uncertainty remains, partic-
ularly in DA prediction models that extend over long timeframes. VPP
owners can measure this remaining uncertainty via comparing historical

generation data with prediction data. This residual uncertainty can lead
to a loss of planned profit within the ID and balancing markets. More-
over, t uncertainty magnifies the ID trading transactions, while may
impose additional imbalance burdens on the balancing market. ID
trading occurs when the VPP system updates its prediction data a few
hours before the dispatch time, and the prediction data may change
again until the gate closure.

Research Contribution: The primary contribution of this study is the
proposal of an Uncertainty Optimization (UO) model aimed at miti-
gating the uncertainty that persists following the initial prediction
model. By addressing a portion of this residual uncertainty, the UO
model enhances profitability for VPPs, reduces the magnitude of VPP
imbalances, and decreases the estimated capacity required for energy
storage. In contrast to numerous studies that focus solely on one or two
short-term markets [35], this research adopts a comprehensive
approach by concurrently considering the DA, ID, and balancing
markets.
The paper’s structure is as follows: Section 2 reviews VPP uncer-

tainty reduction research in electricity market. Section 3 describes and
formulates the uncertainty reduction problem along with the proposed
UOmodel for solving the problem. Section 4 represents the results of the
proposed model. Section 5 discusses the findings of the current research
and unrolls the main results. Section 6 summarizes the main results and
implication of the proposed model.

2. Literature review and research objective

The major sources of imbalance volume in the power market are
renewable power and demand load, with VPP systems relying primarily
on renewable energy resources. Recent studies on VPPs have largely
engaged with allocating resources, optimizing operational strategies,
and mitigating uncertainty [13]. Intermittent renewable energy re-
sources, demand load fluctuations, and power market factors are three
main sources of uncertainty in the VPP system [14].
Uncertainty associated with renewables can be reduced via accurate

forecasting models, multiple renewable generation technologies, and
out-of-market actions. Various methods have been applied to predict
renewable power generation and demand load based on physical, sta-
tistical, and artificial neural network methods. These approaches have
been used either as a single or hybrid method to narrow down the gap
between the forecasted values and actual power generation (uncer-
tainty). Key sources of demand uncertainty include demand load pre-
dictions, seasonal heating and cooling load predictions, and out-of-
market actions. Additionally, market uncertainty can be minimized by
accurate market price forecasting and by considering market design
parameters, such as gate closure and settlement procedures.

Motivation: As given in Table 1, accurate forecasting is one of the key
ways to mitigate uncertainty because inaccurate prediction puts a
burden of imbalance cost on VPP owners. According to Table 1, the
LSTM and BiLSTM models are frequently used in forecasting because of
their superiority over the stochastic methods [15–17]. The advantages
of these models include:

- Enhanced accuracy in forecasts, which contributes to uncertainty
reduction,
- Robust memory capabilities that facilitate the retention of relevant
information over extended sequences,
- Bidirectional processing that allows for the consideration of both
past and future data, and
- Reliable predictions even in the presence of noise and non-linearity.

Despite the improvements these models provide in narrowing the
gap between actual and predicted data, some uncertainty remains un-
addressed. A comparison of actual historical data with historical fore-
casting data unfolds the existence of uncertainty, particularly in less
accurate prediction models. This problem widens the gap between

1 Ability of the grid to respond to a contingency event.
2 Geothermal, biomass, concentrating solar power, and hydropower belong
to the synchronous generators.
3 Such as autoregressive (AR), autoregressive integrated moving average
(ARIMA), seasonal ARIMA (SARIMA), and SARIMA plus exogenous variables
(SARIMAX).
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bidding data and real-time generation, potentially leading to profit loss
for VPP due to balancing cost.

Research objection: The main objective of this study is to reduce un-
certainty that persists following the initial prediction model. To address
this challenge, this study proposes the uncertainty optimization model
designed specifically to mitigate this residual uncertainty. The output of
the UOmodel consists of coefficients used to adjust the initial prediction
data based on varying weather conditions —namely, rainy, overcast,
cloudy, partly cloudy, and sunny days. The UO model minimizes the
distance between actual and predicted data for each of these weather
conditions across 48 settlement periods to generate 48 corresponding
coefficients. These coefficients will reduce the uncertainty remained
after the initial forecasting mZodel.

3. Methodology

Fig. 1 illustrates the timeline of the DA and ID markets in the JEPX
market. The settlement period in the JEPX market is 30 min, comprising
48 daily dispatch products, while the gate closure interval is 1 h before

each dispatch time. As a supplier, the VPP system is allowed to submit its
DA bids from 8:00 to 10:00 a.m. on the current day. In order to decrease
the gap between the bidding data and dispatch power (real-time power),
the VPP may rely on prediction results up until the last moment (before
gate closure). The DA prediction is carried out at least 14 h before the
first dispatch time, with a prediction length of at least 38 h (from 10:00
a.m. on the current day to 4:30 p.m. on the following day). The DA
bidding data, which is submitted only once per day, is constructed based
on the DA prediction data. In contrast, ID market predictions are carried
out for each settlement period in a rolling horizon format.
Generally, the VPP owner can adjust specific DA bidding data up to 7

h before its corresponding dispatch time. This adjustment period can last
for 6 h (12 times), because of the gate closure occurring 1 h before each
dispatch product. Instead of 12 times, this study assesses the effect of DA
bidding adjustment in the ID market for three times (see Fig. 1). The first
bidding data is adjusted at 17:00, 22:00, and 23:00 corresponding to 7 h,
2 h, and 1 h before the first dispatch product (Dispatch {1}). After each
prediction, the bidding data is adjusted, and shortage and surplus power
are traded in the ID market.

Table 1
VPP uncertainty sources and their mitigation ways.

Uncertainty
sources

Uncertainty reduction by Explanations and references

Renewable
energy

-Prediction ❖ Reducing solar power uncertainty via deep learning techniques, primarily LSTM and BiLSTM, as well as statistical prediction
models [11,18,20],

❖ Utilizing deep learning methods such as LSTM and BiLSTM to effectively forecast wind power and lessen wind power
uncertainty [15,21,22],

-Multiple generation
technologies

❖ Integrating several renewable energy technologies (such as wind-solar, solar-hydro, or solar-wind-hydro) to reduce generation
uncertainty [23,24],

❖ Utilizing energy storage along with renewable energy resources to balance the mismatch between generation and consumption
[25,26].

-Out-of-market actions ❖ Devoting part of power forecasting for internal balance [27].
Demand load -Load forecasting ❖ Applying artificial neural network models to accurately forecast demand load and reduce uncertainty [19,28],

-Seasonal load prediction ❖ Identifying monthly variability in electricity usage, daily peak load scale, and daily peak load timing to predict, manage, and
save residential electricity usage [29,30].

❖ Optimizing residential energy usage and building design parameters via forecasting of cooling and heating loads [31,32].
-Out-of-market actions ❖ Intentionally augmenting the load forecasting value by the system operator to secure the electricity supply and avoid shortfalls

in generation capacity [33].
Market factors -Market price ❖ DA market price prediction: 1) Assessment of the potential revenue from the DA market in the presence of less-predictable

renewable energy resources, energy storage costs, and power transmission costs, 2) Analyzing market price volatility with an
increase in the penetration rate of renewable energy resources [34].

❖ ID market price prediction: Assessment of potential revenue from the ID market amid low liquidity, high price volatility, less-
predictable renewable energy resources, costs of unplanned outages (short duration), ID price dynamics, and compensation of
the DA market’s imbalance [35,36].

❖ Balance market price prediction: Assessment of potential revenue from the balancing market in the presence of less-predictable
renewable energy resources, costs of unplanned outages (very short duration), and adjustment costs of ID market predictions
[37,38].

-Gate closurea ❖ Shortening the gate closure to reduce demand and supply uncertainty, despite a slight increase in the system’s operational costs
[39].

❖ Shortening the gate closure to decline short-term price variation, despite its insignificant effect on the long-term [40].
-Settlement procedure ❖ Introducing penalty costs (symmetric or asymmetric) based on single (or dual) prices to encourage (or discourage) market

participants to forecast precisely (or engage in arbitrage) and shrink power volume imbalances in real-time due to the
expansion of renewable energy resources [41],

a Germany, Belgium and The Netherlands have set 15-min for their balancing gate closure time (BGCT), while France and Finland have set 60-min for their BGCT.

Fig. 1. Day-ahead and intraday markets time-line in JEPX.
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As shown in Fig. 2, this study creates three sets of bidding data
corresponding to the LSTM, Bi-LSTM, and DSS-BiLSTM prediction
models. These models are applied to estimate DERs power generation
(or VPP power supply, SVPP,Et ) via historical DER data. It is noticeable
that the UO model operates independently of the prediction model.
However, to assess the effectiveness of the UO model in terms of the
prediction model, this study investigates three prediction models with
varying levels of accuracy. The role of the prediction model is to reduce
uncertainty between bidding data and real-time power data. In contrast,
the role of the UO model is to remove additional uncertainty present in
the forecasting data that the prediction model cannot address.
The UO model conducts uncertainty optimization and calculates 48

coefficients corresponding to each settlement period. The coefficient
values vary in terms of weather conditions: rainy, overcast, cloudy,
partly cloudy, and sunny days. These five types of days are determined
using historical DERs data via the K-Means clustering algorithm in the
Weather Types (WTs) module. The bidding value, SVPP,Bidt , is calculated
by multiplying SVPP,Et by the corresponding coefficient. The market se-
lection module utilizes the bidding data within an optimization model to
specify whether the DA or ID market is more profitable for the VPP
system. The stochastic plan provides probabilistic insights to balance
VPP deviations in the ID market. According to this stochastic plan, the
VPP owner may be unable to buy (or sell) its shortage (or surplus) power
in the ID or balancing market. In the balancing market, transmission
system operator takes actions to settle any deviation (shortage or surplus
power) between planned and actual generation. The actual profit
module calculates the actual VPP profit based on bidding data, adjust-
ment data, and real-time data. The framework also includes other
modules, which are explained below.

3.1. WTs module

The WTs module figures out whether a specific day is sunny, partly
cloudy, cloudy, overcast, or rainy through maximum daily VPP power
generation data and clustering method as follows:

Step1) Calculate the maximum daily VPP power generation:

yi =max
(
SVPP,At=1 ,…, SVPP,At=48

)
, i=1, 2,…, number of days (1)

Weather variations ranges from the minimum yi (rainy day) to the
maximum yi (sunny day).

Step2) Cluster the yi data into five weather types: The maximum
daily power generation is clustered into five categories —rainy,
overcast, cloudy, partly cloudy, and sunny—using the K-means
clustering method [42], based on the variance ratio criterion [43].
The boundaries of these clusters are stored in the database, as shown
in Fig.A.1 of Appendix A.

3.2. Bidding module

The bidding module calculates the bidding data with the lowest
uncertainty in VPP power generation. This power generation uncer-
tainty minimizes the distance between the predicted and actual histor-
ical data for each settlement period in terms of WTs. As shown in Fig. 3,
the minimization problem figures out θt,j, which indicates the extent to
which the total prediction uncertainty can be reduced for the settlement
period of t and jth type of WTs. According to the historical data, the
following least squared model is used to minimize the prediction un-
certainty for the jth type of WTs:

Fig. 2. Schematic framework of the proposed VPP profit calculation model (Note: DA forecasting_14 indicates that the VPP power supply is forecasted 14 h before
the first dispatch and lasts for 38 h. ID forecasting_h indicates that the VPP power supply is forecasted h hours before each dispatch.).
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min
∑

j

(
SVPP,At,j − θt,jSVPP,Et,j

)2

s.t.

0 < θt,j ≤ 1, t = {1,2,…,48}

(2)

The bidding data is calculated as follow for the settlement period of t
and jth type of weather:

SVPP,Bidt,j = θt,jSVPP,Et,j (3)

where SVPP,Et,j = 0 if SVPP,Et,j ≤ ΦDA or SVPP,Et,j ≤ ΦID. It is noticeable that the
subscript j is just for the separation of the day type. Thus, once the
weather type is determined and data is filtered based on day type, the
subscript j is dropped out from the equations above.

3.3. Market selection module

The market selection module runs a mixed-integer optimization
problem to choose between the DA or ID market based on the expected
profit of the VPP system during the planning phase. Equation (4) rep-
resents the expected objective function of this optimization problem.

where∅ represents the reserve capacity percentage, which is considered
only for the DA market. The reserve capacity indicates the available
capacity to deal any contingency, with the associated cost borne solely
consumers in Japan. However, the reserve capacity cost is proportion-
ally shared between suppliers and consumers [44]. The area served by
TEPCOmust maintain at least 5 % reserve capacity to avoid the blackout
risk [45]. The amount of SVPP,Bidt is adjusted for the DA and ID markets
based on Equations (5) and (6), respectively, to meet the minimum
market requirements.

SVPP,Bidt =

{
SVPP,Et if SVPP,Et ≥ ΦDA

0 o.w.
(5)

SVPP,Bidt =

{
SVPP,Et if SVPP,Et ≥ ΦID
0 o.w.

(6)

The variable SVPP,Et represents the estimated VPP power supply at
settlement t based on the DA forecasting data (14 h ahead). The binary
variable BDA will equal one if the DA market is more profitable than the
ID market. A key issue in the planning phase is that there is no deviation
from the planning data; thus, surplus power due to forecasting error does
not exist. According to Equations (5) and (6), only shortage power oc-
curs in the planning phase if SVPP,Et is less than either ΦDA or ΦID. The
shortage power can be supplied from either battery storage or the grid.
Furthermore, the amount of feed-in-premium (FIP) in the planning
phase is the same for both markets because the amount of VPP power
supply is identical in both cases. Thus, Equation (4) is simplified in the
planning phase by ignoring the effect of the FIP.
The constraints of the optimization problem are provided in Ap-

pendix B. Similar to Ref. [46], this study focuses on the operational cost
(running cost) of technologies to calculate VPP profit. It is notable that
the operation and maintenance costs of the storage power was insig-
nificant compared to the wind and solar costs (CVPP). The variable
operation and maintenance cost of battery is estimated at 0.3 cen-

ts/kWh/year, while its fixed cost ranges from $6 to $20/kW/year [47].
To this end, this research skipped considering the battery costs into the
calculations.

3.4. Stochastic trading in the ID market

In actual cases, a VPP system may unable to sell/buy its surplus/
shortage power in the sequential electricity markets, such as the ID or
real-time market [48]. The VPP system has a chance to adjust its bidding
data in the ID market before power dispatching; Otherwise, the system
operator will penalize the VPP system for any deviations from bidding
data. According to Fig. 4, the probability of selling (buying) surplus
(shortage) power at settlement t in the ID market is represented by α1, t
(λ1, t). A positive sign indicates income for the VPP system, while a
negative sign indicates a cost. In the lack of adjustment in the ID market,

Max
∑48

t=1

[
SVPP,Bidt

(
BDA[PDAt (1 − ∅ ) − Sgrid,E,IDt PIDt λ1,t − Sgrid,E,Balt PBalt λ2,t

]
+
(
1 − BDA)[PIDt − Sgrid,E,IDt PIDt λ3,t − Sgrid,E,Balt PBalt λ4,t

])
− SVPP,Et CVPP] (4)

Fig. 3. Power prediction uncertainty versus power bidding uncertainty.
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then the VPP system will incur penalties for any remaining deviations,
calculated with the following probability values (indicated as negative
values in Fig. 4):

α2,t = 1 − α1,t
λ2,t = 1 − λ1,t

(7)

In the case of the ID market, the VPP system may adjust its bidding
with probabilities α3,t and λ3,t. The VPP system will be penalized by the
ISO system for any deviations with probabilities α4,t (=1- α3,t), and λ4,t
(=1- λ3,t).
According to Fig. 4, α5,t represents the probability of selling surplus

power in the balancemarket. As per JEPX rules, the probability of selling
surplus power in the balance market is zero, i.e., α5,t = 0. However, this
study assumes that small-scale VPPs can sell their surplus power in the
balance market with varying probabilities, given by α5,t = {0,0.05,0.1,

0.2, …, 0.9, 1}. The challenging issue is to find the trade transition
probability values. One way to figure out the transition probabilities is
to calculate the historical percentage of contracts in each settlement, Rh

t ,
relative to the maximum number of daily contracts in the ID market, as
shown in Fig. 5. For each day, this study generates 48 random numbers,

Rsu
t , from the standard uniform distribution and defines the following
relationships:
⎧
⎨

⎩

α1,t = α3,t = λ1,t = λ3,t = 1 if Rsu
t ≤ Rh

t

α2,t = α4,t = λ2,t = λ4,t = 0 if Rsu
t ≤ Rh

t

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

α1,t = α3,t = λ1,t = λ3,t =
Rh
t

Rsu
t

if Rsu
t > Rh

t

α4,t = λ2,t = λ4,t =
(

1 −
Rh
t

Rsu
t

)

if Rsu
t > Rh

t

α2,t =
(
1 − α5,t

)
α4,t if Rsu

t > Rh
t

(8)

It is worth mentioning that α5,t is included in the actual profit
calculation. In contrast, the planning phase assumes that the bidding
data is the same as the VPP’s supplied power (Equations (5) and (6)).
The terms α1,t and α2,t are applicable when the bidding data is less than
the VPP’s supplied power and are not zero. This condition is not appli-
cable in this study, but to maintain the generality of the trading tran-
sition model, they are included.

3.5. VPP actual profit module

This module combines the results of previous modules with the
imbalance cost to calculate the actual profit of the VPP system. The
following pseudocode describes the algorithm’s steps used in this study
to calculate the VPP actual profit for the DA market selection. It is worth
mentioning that although lines 2–13 explain the battery charging and
discharging processes, the actual charge and discharge occur in line 15.
In other words, the forecasting data adjustments shown in Fig. 2 (for 7 h,
2 h, and 1 h) are employed to calculate the VPP’s purchase (sale) of
shortage (surplus) power in the ID market.

3.6. Data acquisition

Table 2 provides details about data type, data resolution, collected
period, and their usage.

4. Results

This section presents the results of VPP profit with and without the
UO model in which the uncertainty is measured as following:

Uncertainty=
∑

i=1
|Actuali − Predictioni| (9)

The results are presented in terms of production and cost, with the
VPP’s cost influenced by battery capacity. The following equation is
used to calculate the battery capacity for three prediction models: LSTM,
BiLSTM, and DSS-BiLSTM.

Where the daily power load is calculated as follows:

Average power loadt [Wh] =

∑579

d=1

⃒
⃒
⃒SVPP,At,d − SVPP,Bidt,d

⃒
⃒
⃒

579
t=1,…,48 (11)

Fig. 4. Stochastic trading transition.

Fig. 5. Number of contract’s percentage in each settlement.

Battery capacity [Ah] =
Daily power load [Wh] × autonomoy day× temperature correction factor

Battery voltage× Load subsystem efficiency× DoD
(10)
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Table 3 represents further details on the battery parameters and
specifications used in this research.

4.1. Uncertainty reduction in bid data: VPP production

Fig. 6 illustrates the effect of the proposed UO model on reducing
uncertainty in predictions. The reduction in uncertainty is significant for
the LSTM and BiLSTMmodels, as their prediction accuracy is lower than

that of the DSS-BiLSTMmodel. In contrast, the effect of the UOmodel on
uncertainty reduction in the DSS-BiLSTM model is minimal, given that
this model exhibits higher predictive accuracy compared to the LSTM
and BiLSTM models4.

Daily power load [Wh] =Max
(
Average power loadt=1 [Wh],…,Average power loadt=48 [Wh]

)
(12)

4 The symmetric mean absolute percentage error (Mean absolute error)
metric values for LSTM, BiLSTM, and DSS-BiLSTM in 38 h prediction are 64 %
(445,962 kW), 62 % (478,239 kW), and 50 % (261,118 kW), respectively.
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The primary advantage of the proposed UO model lies in its capacity
to adjust prediction data for models characterized by high uncertainty.
VPP owners employing models with lower accuracy or greater uncer-
tainty, such as LSTM and BiLSTM, can effectively utilize the UOmodel to
refine their prediction data. This adjustment is achieved without
necessitating the use of a more accurate predictive model, thereby

offering a valuable tool for enhancing the reliability of forecasts in
scenarios where high-accuracy models may be impractical due to
various limitations.
The UO optimization coefficients and the forecasted data are used to

build the bidding data. Thus, total uncertainty reduction here implies
the effectiveness of the UO model in narrowing the gap between bidding
data and actual VPP power generation. The DSS-BiLSTM prediction
model closely aligns with the actual VPP power generation. Thus, the
effect of the UO model is almost negligible from a production insight
perspective, while the total uncertainty reduction values for the LSTM
and BiLSTM models are 23 % and 17 %, respectively.
Although this study considers only the operation and maintenance

costs of the VPP system, Fig. 7 displays the effectiveness of the proposed
UO model in reducing battery capital costs. Adjusting the initial pre-
diction data based on the UO model’s output decreases the battery ca-
pacity from 2.0 to 1.3 GWh in the LSTM model, while there is a capacity
reduction of up to 0.1 GWh for the BiLSTM model. In contrast, the
battery capacity remains nearly unchanged in the case of the DSS-
BiLSTM model after incorporating the UO model’s output into the
initial DSS-BiLSTM prediction data.
Fig. 8 depicts total uncertainty reduction in terms of shortage and

surplus power. It is evident that the shortage power has decreased due to
the UOmodel in all three predictionmodels. Unlike the DSS-BiLSTM, the
surplus power has decreased in the LSTM and BiLSTMmodels. If the VPP
owner is able to sell the surplus power in the ID or balancing market,
applying the UO model will guarantee a higher profit than the initial
bidding.

4.2. Uncertainty reduction in bid data: VPP cost

The VPP profit varies with different values of α5, which indicates the
extent to which the VPP surplus power will be sold in the balancing
market.
According to Fig. 9, income derived from bidding and surplus sales in

the balancing market increases the VPP income in the absence of the UO
model’s output. In contrast, the VPP system incurs a loss in income
because of reserve capacity cost; however, its surplus sales in the ID
market are higher than those without UO data. The outcome of these two
issues leads to a slight growth in the total profit of the DSS-BiLSTM
prediction model when UO data is present.
Fig. 10 and Fig. 11 illustrate the cost and income breakdown for the

BiLSTM and LSTM prediction models. The VPP income (or cost) varies
remarkably for both prediction models without UO coefficients.
Although the revenue obtained from VPP bidding in the lack of UO
coefficients is high, the VPP cost is also significant. In other words, the
imbalance penalty mechanism in JEPX is not efficient enough to effec-
tively mitigate uncertainty. The VPP allocates a significant portion of its
income to purchase power in the ID market due to the high uncertainty
of the prediction data. Meanwhile, the share of the VPP owners from the

Table 2
Data types and their sources.

Module Explanations

Prediction module - VPP power generation data was collected from April 1,
2022 to March 21, 2024, at a resolution of 30 min from
TEPCO website [49]. The average generation capacity of
the VPP was 1.5 GW in Tokyo, Japan. Clustering was
conducted on 21 months of data (April 1, 2022, to
December 31, 2023).

Bidding module - Uncertainty optimization was employed for 7-h ahead
forecasting data

- Bidding data was generated for 81 days (January 1, 2024,
to March 21, 2024).

Market selection
module

- The DA and ID market prices, as well as FIP data, were
obtained from the JEPX website from January 1, 2024, to
March 21, 2024, at a resolution of 30 min [50].

Forecasting data
adjustment

- LSTM, BiLSTM, and DSS-BiLSTM models were applied to
forecast VPP power generation for the last 173 days (from
October 1, 2023, to March 21, 2024), with fall season data
considered as the initial data for uncertainty
optimization.

- VPP forecasting was implemented four times: 14 h before
the first dispatch power, and 7 h, 2 h and 1 h ahead of
each dispatch product)

- The number of power trading contracts was extracted
from the JEPX website [50] from January 1, 2024, to
March 21, 2024, at a resolution of 30 min to conduct a
stochastic trading plan.

Dispatch module - Based on the selected market and bidding data
adjustments, actual VPP analysis was carried out for 81
days,

- Tokyo electric imbalance cost was gathered over January
1, 2024, to March 21, 2024, at a resolution of 30 min from
the “Imbalance Cost Calculation Service” website [51].

Table 3
Battery capacity calculation data.

Initial state of charge [%] 100 Day of autonomy [day] 1

Max state of charge [%] 80 Voltage [V] 24
Min state of charge [%] 20 Load subsystem efficiency

[%]
85

Charging/Discharging efficiency
[%]

90 Depth of discharge, DoD [%] 95

Temperature compensation factor 1.19 ​ ​

Fig. 6. Total uncertainty reduction over 81 days.

Fig. 7. Battery capacity with/out UO.
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balancing market is insignificant because of the minimum power ca-
pacity requirement [52].
According to Figs. 10 and 11, the VPP’s financial transactions in the

ID market directly depend on the accuracy of the initial prediction
models. Compared to the DSS-BiLSTM model, the LSTM and BiLSTM
models exhibit higher sMAPE and MAE values. Thus, the VPP system
using the LSTM and BiLSTM models engages with the ID market on a
larger scale to balance its surplus and shortage power. In contrast, the

incorporation of UO coefficients significantly decreases the scale of
financial interactions in both the ID and balancing markets.
Fig. 12 displays the total actual VPP profit with and without UO

coefficients. A positive value for the profit growth rate (PGR) represents
that the actual profit of the VPP system under the three prediction
models increases when UO coefficients are considered (Equation (13)).

Fig. 8. Uncertainty reduction over 81 days in terms of surplus and shortage power.

Fig. 9. Income and cost sources over 81 days [DSS-BiLSTM].
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However, as α5 approaches 100 %, the gap between actual profit
with and without UO coefficients narrows. It is clear that the largest gap
occurs when the probability of selling surplus power in the balancing
market is at its lowest (α5= 0). When α5 is set to this minimum value, the
majority of surplus power is treated as uncertainty that is mitigated
through the UO model. In contrast, as prediction accuracy increases
from the LSTM model to the DSS-BiLSTM model, the effect of the UO
model decreases. The slope of the black line in Fig. 12 emphasizes that
the adjustment made by the UO model result in significant profit gains
for the LSTM and BiLSTM models compared to the DSS_BiLSTM model.
Moreover, Fig. 12 illustrates that all three models can achieve additional
profit even without selling surplus power in the balancing market.

5. Discussion

To provide a more detailed overview of the findings of this study, the
following items are discussed:

1 Generation imbalance: Inaccurate predictions and fluctuations in
renewable energy resources increase generation imbalance. The
proposed UO model can be used along with prediction models with
lower accuracy and adjusts their uncertainty and reduces the gen-
eration imbalance. Reducing the generation imbalance decreases the
size of energy storage significantly which saved the upstream cost of
energy storage.

2 Financial transaction in the ID and balancing markets: the volatility of
renewables always causes a gap between bidding power and actual
power supply, leading to increased financial transactions in the ID
and balancing markets. The proposed UO model effectively reduces
this financial transaction by minimizing market uncertainty,
although this uncertainty provides an arbitrage opportunity for
market participants in JEPX [41].

This study primarily focused on applying the proposed UO model to
VPP generation in Japan, evaluating its effectiveness in reducing un-
certainty within the JEPX market. However, the UO model is broadly
applicable to any VPP forecasting data, regardless of specific market
conditions.

6. Conclusion

Even accurate prediction models are unable to remove all gaps
(uncertainty) between the bidding power and actual virtual power
plants (VPPs) generation. This study proposed an Uncertainty Optimi-
zation (UO) model to reduce the uncertainty associated with VPP pre-
dictions. The proposed UO model was constructed based on different
weather conditions—rainy, overcast, cloudy, partly cloudy, and sunny
days— across 48 market settlement periods (30 min each). The initial
bidding data was generated based on three prediction models: Long
Short-Term Memory (LSTM), Bidirectional LSTM (BiLSTM), and

Fig. 10. Income and cost sources over 81 days [BiLSTM].

PGR=
[(
Actual Profitwith UO − Actual Profitwithout UO

) /
Actual Profitwithout UO

]
× 100 (13)
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Decision Support System BiLSTM (DSS-BiLSTM). The UO model was
applied to the prediction data to minimize the uncertainty of the bidding
data compared to the actual VPP power supply. The effectiveness of the
proposed model was evaluated in terms of additional VPP profit gained
after incorporating the UO model.
The research results showed that the UO model significantly reduced

uncertainty for predictionmodels with relatively low accuracy. Based on
mean absolute error (MAE) metric, the initial prediction accuracies of
the LSTM, BiLSTM, and DSS-BiLSTMmodels were 445,962 kW, 478,239
kW, and 261,118 kW, respectively. The total reductions in uncertainty

for the LSTM, BiLSTM, and DSS-BiLSTM models were 23 %, 17 %, and
0.08%, respectively. Notably, the uncertainty reduction was observed in
the context of VPP shortage power. Specifically, the amount of shortage
power decreased from 978 GWh to 322 GWh in the LSTM model, and
from 694 GWh to 196 GWh in the BiLSTM model. The research findings
also indicated that the implementation of the proposed UO model
reduced the VPP battery capacity by up to 0.7 and 0.1 GWh in the LSTM
and BiLSTM models, respectively.
The study findings indicated that actual VPP profits for the VPP

increased when bidding data constructed were constructed using the UO

Fig. 11. Income and cost sources over 81 days [LSTM].

Fig. 12. Actual VPP profit over 81 days.

R. Nadimi and M. Goto Renewable Energy 238 (2025) 121875 

11 



coefficients. This increase in the VPP profit was particularly evident in
scenarios involving the sale of surplus power in the balancing market
(α5). Although, current JEPX rules do not allow selling surplus power in
the balance market, this study analyzed various scenarios for surplus
power sales as α5,t = {0,0.05,0.1,0.2,…,0.9,1}. The results showed that
the average profit growth rate for the LSTM model using UO model was
20 % higher than that of the LSTM model without the UO model. The
corresponding growth rates for the BiLSTM and DSS-BiLSTM models
were 11 % and 0.5 %, respectively. Furthermore, the gap between actual
VPP profits with and without UO coefficients decreased as the MAE
value was reduced.
The main implication of the proposed model is to reduce bidding

uncertainty and increase profits for VPP owners. Unlike methods that
rely on hardware investment to generate profit, the proposed UO model
leverages software (amathematical model) to enhance VPP profitability.
The effectiveness of the UO model in adjusting prediction data is sig-
nificant, even for models with low prediction accuracy.
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Appendix A. Decision Support System BiLSTM (DSS-BiLSTM) Model:

The DSS-BiLSTM model integrates the BiLSTM model with a decision support system that contains data from five weather types (WTs): rainy,
overcast, cloudy, partly cloudy, and sunny days (Fig.A.2). The BiLSTM model consists of input and output matrices with (n × r) and (m × r),
respectively as shown in Eq. (A.1) and Eq. (A.2).

Input data=

⎡

⎢
⎢
⎣

xt− n+1 xt− n+2 ⋯ xt− n+r
⋮ ⋮ ⋮ ⋮

xt xt+1 ⋯ xt+r− 1

⎤

⎥
⎥
⎦⟹

{
XInp
i
}
=(xt− n+i+1, .., xt+i) (A.1)

Output data=

⎡

⎢
⎢
⎣

xt+1 xt+2 ⋯ xt+r
⋮ ⋮ ⋮ ⋮

xt+m xt+m+1 ⋯ xt+m+r− 1

⎤

⎥
⎥
⎦⟹

{
XOut
i

}
=(xt+1+i, .., xt+m+i) (A.2)

where r andm indicate the number of prediction times, and the number of units for ahead prediction, respectively. This study setsm= 76 and n= 308,
with i = 0, 1 …, (r-1).

Fig. A.2. DSS-BiLSTM model.

DSS system: The DSS system is built based on the following steps:

Step1) Excute both steps outlined in the “3.1 WTs Module”.

R. Nadimi and M. Goto Renewable Energy 238 (2025) 121875 

12 



Step2) Calculate the adjusting coefficients, αt,WT, as follows:

min errorWT
t =

∑WT

l=1

(
xlt,WT − αt,WT × xlt,WT

)2
;WT={Rainy,…, Sunny} (A.3)

xlt,WT =
∑l− 1

k=l− 7

xkt,WT

7
(A.4)

where xlt,WT indicates the actual VPP power generation at settlement period t of the lth day with WT type.

Step3) Build the DSS test data based on the following phases:
Phase1) Calculate the average WT curve for the next day through the last seven day’s data stored in the knowledge base:

xk+1t,WT =
∑

j∈last 7 WT day

xjt

/7, t = [1, 2,…,48]; k = {7,8,…} (A.5)

Phase2) Figure out the average WT curve for the current day via the following least squares method:

dWT
t =

∑20

t=1

(
xt − xlt,WT

)2
;WT={Rainy,…, Sunny} (A.6)

Phase3) Build the DSS test data for kth and (k+1)th days with WT type:

DSS=
[{

xkt,WT ×αt,WT; t=21, 22,…,48
}
,
{
xk+1t,WT × αt,WT; t=1,2,…,48

}]
(A.7)

Step4) Update the last seven days of data after receiving the actual data.

Steps 1, 3, and 4 are carried out daily to update the WT types.
BiLSTM model: The role of the BiLSTM model is to predict VPP power generation. The DSS creates a set of test data for the BiLSTM model and

retains all historical data as a training data set. The DSS test data consists of a vector with 76 elements obtained after considering the adjustment
coefficients, while the training data contains a vector with 308 elements. The BiLSTM model is applied to the training data for single-step time series
forecasting to calculate the model’s coefficients. Then, the VPP prediction is implemented for the DSS test data via the calculated coefficients. The
BiLSTM structure is similar to the LSTM model; however, the BiLSTM utilizes both forward and backward directions to calculate the weight matrix of
the model. In contrast, the LSTM model uses only the forward direction. The LSTM model includes three gates (forget, input, and output gates) to
remember values over time t, with the hidden state (ht) and cell state (ct). The mathematical relationships between input data, hidden state, cell state,
and output data in the LSTM are as follows:

ft = σ
(
Wf

hht− 1 +Wf
XInXInp

t

)
(A.8)

it = σ
(
Wi

hht− 1+Wi
XInX

Inp
t
)

(A.9)

ot = σ
(
Wo

hht− 1+Wo
XX

Inp
t

)
(A.10)

c̃t = tanh
(
Wc̃

hht− 1 +Wc̃
XInX

Inp
t
)

(A.11)

ct = σ(ft⨀ct− 1 + it⨀c̃t) (A.12)

ht = tanh(ct)⨀ot (A.13)

XOut
t = softmax

(
WXout

h ht
)

(A.14)

where Wf
XInp represents the weight matrix of the current input data for the forget gate. The remaining weights are interpreted similarly. Three acti-

vation functions are defined based on the following equations:

σ(inp)= 1/( 1+ e− inp
) (A.15)

tanh(inp)=1 − e− 2inp/( 1+ e− 2inp
) (A.16)

softmax(inpi)= einpi
/

∑n

j=1
einpj (A.17)
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If the estimation model predicts a negative VPP power generation for a specific settlement period, the negative value will be replaced with the
average value of the corresponding settlement period data from the last seven days.
Appendix B. Constraints of the mixed integer optimization problem:

A. Supply-Demand balancing constraint:

SVPP,Bidt − SlNegativet + SlPositivet = SVPP,Bidt (B.1)

SlNegativet × SlPositivet ≤ 0 (B.2)

SBat,cht

ηBatch
+ SuVPPt ≤ SlNegativet (B.3)

ηBatdisch × SBat,discht +
(
Sgrid,+,ID
t + Sgrid,+,Bal

t
)
≤ SlPositivet (B.4)

The balance between demand and supply is guaranteed via Eq. (B.1) to Eq. (B.4). Slack variables are used to adjust the amount of grid power supply
and battery charging/discharging.

B. Technological constraints of DERs:

The study considers the total estimated and actual power supply of DERs (without access to details of each DER generation). Therefore, the
technological constraints of DERs technologies are omitted.

C. Energy storage constraints:

ηBatch × SBat,cht ≤ Battery capacity (B.5)

SBat,discht

ηBatdisch
≤ SBat,dischmax (B.6)

SBat,discht

ηBatdisch
≤ SOCBat

t− 1 (B.7)

SBat,discht

ηBatdisch
≤ SlPositivet (B.8)

SBat,discht

ηBatdisch
≥ SOCBat

t− 1 − M1 ×
(
1 − BBat,disch

t
)

(B.9)

SBat,discht

ηBatdisch
≥ SlPositivet − M1 × BBat,disch

t (B.10)

ηBatch × SBat,cht ≤Battery capacity − SOCBat
t− 1 (B.11)

ηBatch × SBat,cht ≤ SlNegativet (B.12)

ηBatch × SBat,cht ≥
(
Battery capacity − SOCBat

t− 1
)
− M1 ×

(
1 − BBat,ch

t
)

(B.13)

ηBatch × SBat,cht ≥ SlNegativet − M1 × BBat,ch
t (B.14)

SOCBat
t = SOCBat

t− 1 −
SBat,discht

ηBatdisch
+ ηBatch × SBat,cht (B.15)

SOCmin ≤ SOCBat
t ≤ SOCmax (B.16)

SOCBat
t=0= Initial SOC (B.17)

Eq. (B.5) and Eq. (B.6) set the upper bounds for the charging and discharging power of the battery in each period. Eq. (B.7) to Eq. (B.14) confine the
amount of discharging and charging power into and out of the battery. Eq. (B.15) to Eq. (B.16) represent the energy balance of the battery and its
boundaries. Equation (B.17) assigns the initial value for the battery’s state of charge.
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