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in virtual power plants using bidirectional long short-term
memory networks

Reza Nadimi , Mika Goto

Department of Innovation Science, School of Environment and Society, Institute of Science Tokyo, 3-3-6, Shibaura, Minato-ku, Tokyo 108-0023, Japan

HIGHLIGHTS

e Proposed a novel decision support system (DSS) to generate unknown future inputs.
o Integrated a bidirectional long short-term memory (BiLSTM) with the DSS for long-term prediction.
o Incorporated a variable lookback period within the BiLSTM model.

ARTICLE INFO ABSTRACT
Keywords: Accurate forecasting of power generation is a serious challenge of virtual power plant (VPP) in day ahead (DA)
Virtual power plant market because of the volatility and uncertainty of renewables. The recursive prediction technique used in

Univariate time series forecasting
Long short-term memory network
Day ahead power market
Decision support system

bidirectional long short-term memory (BiLSTM) network often struggles with long-term accuracy. This study
proposes a novel decision support system (DSS) to generate unknown future inputs, called “DSS test data”, in the
recursive prediction technique and tackle the long-term forecasts limitation. The proposed DSS integrates the K-
means clustering algorithm and the least squared optimization method. The K-means clustering algorithm
classifies historical data into five distinct day types—rainy, overcast, partly cloudy, cloudy, and sunny—based on
maximum daily power generation. The DSS employs least squared optimization method to refine the DSS test
data for the BiLSTM model, utilizing the most recent seven days of data. Additionally, this study incorporates a
variable lookback period within the BiLSTM model to enhance the accuracy of the forecasting model. The DSS-
BiLSTM model forecasts VPP power generation 38 h ahead in the Japanese DA power market. Compared to
BiLSTM, LSTM, transformer network, attention-based network, gated recurrent unit, and five statistical time
series models, the proposed model demonstrates superior accuracy and reduced dispersion in long-term fore-
casts. The daily mean absolute error for the DSS-BiLSTM, BiLSTM, LSTM, transformer network, attention-based
network, and gated recurrent unit models, for a 38-h forecast horizon, are 0.26 GW, 0.48 GW, 0.45 GW, 0.69 GW,
0.66 GW, and 0.62 GW, respectively. This pattern is consistent across the three other error metrics and various
forecasting time horizons, indicating that the DSS-BiLSTM model consistently outperforms the other models
evaluated in this study in terms of prediction accuracy. The main advantages of the proposed model include ease
of implementation, low dispersion, and high forecasting accuracy across various settlement periods, as evidenced
by multiple accuracy metrics.

maximization of decarbonized power sources and investment in GX
economy transition bonds. Accurate energy consumption forecasting is

1. Introduction crucial to the GX plan, as it ensures energy security, and enhances
economic efficiency [2]. Effective forecasting enables proactive re-

The Japanese government is actively pursuing “Green Trans- sponses to fluctuations in energy supply and demand [3].
formation” (GX) to achieve decarbonization, secure a stable energy As part of the GX plan, Japan aims to increase its reliance on

supply, and foster economic growth [1]. This initiative emphasizes the
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Nomenclature

ACF Autocorrelation function

Adam  Adaptive moment estimation

AIC Akaike information criterion

ANN Artificial neuron network

AR Autoregressive

ARIMA  Autoregressive integrated moving average

ARMA  Autoregressive moving average

BIC Bayesian information criterion

BiLSTM Bidirectional Long Short-Term Memory

CEEMDAN Complete ensemble empirical mode decomposition with
adaptive noise

CNN Convolutional neural network

CS algorithm Cuckoo search algorithm

DA Day-ahead power market

DERs Distributed energy resources

DSS Decision support system

DSS-BiLSTM DSS-based BiLSTM

EMD Empirical mode decomposition

EMS Energy Management System

ESS Energy storage system

GRU Gated recurrent unit

ID Intraday power market

IELM Incremental extreme learning machine algorithm
IWOA  Improved whale optimization algorithm
JEPX Japan Electric Power Exchange

KF Kalman filter

KHM K-harmonic mean clustering
LMD Local mean decomposition
LSTM Long short-term memory
LTF Load Tracking Feature

MAE Mean absolute error

MIMO  Multi-input and multi-output
ML Machine learning

MLP Multi-layer perceptron

MSE Mean squared error

O&M Operation and maintenance

PACF Partial autocorrelation function

RF Rrelieff algorithm

RLMD  Robust local mean decomposition

RMSE Root mean squared error

RNN Recurrent neural network

SARIMA Seasonal autoregressive integrated Moving average
SARIMAX SARIMA + exogenous variables

SCNs Stochastic configuration networks
SLFN Single-hidden-layer feedforward network
sMAPE Symmetric mean absolute percentage error

SOC Battery state of charge

SVM Support vector machine

TEPCO Tokyo electric power company

VPP Virtual power plant

WRFM  Weather research and forecast mode
WT Weather type

renewable energy sources, necessitating the forecasting of potential
wind and solar power generation [4,5]. Additionally, to improve eco-
nomic efficiency across the energy sector, utilities in Japan are opti-
mizing resource allocation through various demand response programs
[6]. These programs incentivize consumers to adjust their energy usage
based on forecasted demand loads, ensuring that energy generation
aligns with anticipated consumption [7,8]. One well-established method
for predicting power generation and consumption is time series
forecasting.

Observations recorded at regular intervals are called a time series.
Time series forecasting refers to employ techniques to predict future
observation based on previously collected data [9]. This approach is
particularly crucial in the fields of energy generation forecasting, power
demand prediction, and grid management. The accuracy of time series
forecasting significantly influences effective planning, stable operation,
and the integration of renewable energy sources [10]. Traditional sta-
tistical methods (e.g. AR, ARMA, ARIMA), deep learning approaches (e.
g. transformed-based, CNN-based, and MLP-based models), and hybrid
models are widely used in time series forecasting [11].

Time series forecasting techniques can be classified in terms of var-
iable, prediction step, model, and forecasting horizon. Similar to the
regression analysis [12], a multivariate time series forecasting seeks to
identify relationships between multiple variables. In contrast, univariate
forecasting aims to figure out dependencies between a single variable
and its lagged values. Both univariate or multivariate methods can be
applied to predict either single-step or multi-step VPP power generation
using statistical and/or ANN models.

Accurate forecasting of VPP power generation increases VPP profit-
ability [13], improves grid stability [14], and maximizes the share of
renewable energy sources in the power generation portfolio [15].
However, a large portion of VPP resources belongs to solar and wind
power with variability of renewable energy sources, so it is challenging
to accurately forecast VPP power generation for the long term [16],
especially within the power market context. As shown in Table 1, most
studies have predominantly concentrated on short-term prediction

horizons. Additionally, forecasting renewables for DA bidding is infre-
quent due to the challenges associated with requirements on the long-
term horizon.

Despite the inherent challenges of renewable energy sources, several
approaches exist to improve long-term forecasting of VPP power gen-
eration. These include the application of advanced machine learning
techniques and hybrid models that integrate various statistical and
machine learning methods [17,18,19]. Such approaches enhance pre-
diction accuracy and facilitate more efficient long-term planning,
although achieving perfect accuracy remains elusive. The challenge in
long-term prediction lies in the reliance on multi-step forecasting ap-
proaches, which necessitate the use of a sequence of unknown future
input data over a predetermined horizon. The generation of this un-
known future input data for each forecasting step represents a complex
and intricate problem. The direct and recursive prediction are well-
known techniques to generate unknown future input.

The direct prediction technique trains a separate model for each
forecasting step while utilizing a constant dataset. Although this
approach effectively eliminates cumulative error propagation from
previous time points by forecasting each step independently, it over-
looks the temporal dependencies between successive outputs (unknown
future inputs) [20]. Unlike the direct method, the recursive prediction
technique trains a model for different dataset [21,22]. Previous forecasts
(unknown future inputs) are recursively added into the head of dataset
while same length of added data is dropped down from the tail of
dataset. The model’s errors accumulate over time since each forecast is
based on previous predictions. The error propagation causes the recur-
sive technique becomes sensitive to false forecast data and leads to bias
in parameters’ estimation [23]. As a result, this technique to be less
accurate for long-term forecasts.

To balance error propagation with forecast dependency, the rectify
prediction method [24,25] and the multi-input/multi-output prediction
method [26,27] have been proposed. The rectify method mitigates
recursive forecast bias, reducing mean squared error. In contrast, the
multi-input/multi-output approach provides a multivariate estimation
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load forecasting
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demand load
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(Barcelona, Spain)

Table 1
Summary of time series forecasting studies in the energy field within recent years.
Model type Prediction horizon Variable type  Input/output variables list Purposes Application field Ref.
step
ANN (Attention-based Multi-step Short-term Univariate Solar irradiance Time dependency Generation (China) [29]
transformer) improvement
Attention mechanism and Multi-step Short-term Univariate Global horizontal index Enhancing the prediction  United States and India ~ [35]
quantile regression and Long- model’s performance
term
Transformer networks Multi-step Short-term  Multivariate historical solar power generation, ~ Improving accuracy of Generation (South [36]
weather data (actual and solar power forecasting Korea)
forecast), solar geometry /Hourly
solar power generation
Hybrid model Single-step short-term Multivariate/  1-Wind power generation Robust estimation in the Australia [37]
(bidirectional GRU, forecasting, 2-Demand load presence of outliers
autoregressive, and forecasting
attention mechanism)
BiLSTM, LSTM, and Single-step short-term Univariate Solar power output verifying the Generation (Solar farm  [17]
statistics time series and Multi- effectiveness of different in China)
models step models
Encoder-decoder LSTM and ~ Multi-step Short-term Multivariate solar irradiation, temperature/ Accuracy improvement Generation (Tokyo) [18]
BiLSTM solar irradiation
Hybrid model (conditional Single-step Short-term Multivariate global horizontal radiation, Improving prediction Generation (Desert [38]
generative adversarial temperature, humidity, historical ~ accuracy Knowledge Australia
network and BiLSTM) solar power/solar power Solar Centre)
EMD-GRU-Attention (EMD,  Multi-step Short-term Univariate Wind speed, temperature, solar Improving the heat load management [39]
GRU, KF) radiation, relative humidity, solar ~ forecasting performance (Los Angeles, Tianjin,
zenith angle/ solar radiation (best performance for 3h ~ Harare, Santiago)
ahead)
Hybrid model* Multi-step Short-term Multivariate irradiance, wind direction, wind Improvement of the Market (Three sites in [19]
speed, temperature, and relative forecasting performance the USA)
humidity/PV power
Hybrid model (LTF- RF- Single-step Short-term Univariate electrical load Improving forecasting Demand (ISO New [40]
MLP) performance and England, USA)
accuracy
Functional network Multi-step short-term Univariate wind speed forecasting accuracy Generation (Dodge [41]
City, KS, USA)
AR model combined with Multi-step short-term Univariate wind speed Accurately predicting Generation (Fuzhou, [42]
WRFM steady wind power than China)
the unsteady wind power
Hybrid (CEEMDAN, RLMD,  Multi-step short-term Univariate wind speed Forecasting Generation (two wind [43]
IWOA, LSTM) performance’ farms in China)
improvement
Hybrid (EMD, LMD, SCNs, Multi-step short-term Univariate wind speed Assisting O&M of wind Generation (China) [44]
SVM) farms, and improving
prediction accuracy
Hybrid (EMD, KHM, CS Multi-step Very- Univariate wind speed Improving model Generation (four [45]
algorithm, SLFN) short-term performance weather stations in
China)
LSTM and ensemble EMD Multi-step short-term Univariate leakage flow of Nuclear Power minimizing unexpected Generation (Italian [28]
(MIMO technique) Plants Reactor Coolant Pump shutdowns MAC4PRO- DS2
projects)
LSTM-gate Multi-step Long-term Multivariate voltage, current, brake pedal Improving SOC Demand (annual [46]
recurrent unit (LSTM- depth, weather data, and driving prediction accuracy in operation data of an
GRU) behavior/Battery state-of-charge electric vehicle electric taxi in China)
Encoder-decoder LSTM Multi-step short-term Multivariate PV generation and household Efficient EMS Generation and [47]

" Combination of improved sparrow search algorithm, fuzzy c-means, grey relation algorithm, improved complete ensemble EMD with adaptive noise, sample

entropy, and conditional time-series generative adversarial networks.

of the conditional probability distribution for future values based on
past observations. This method addresses dependencies between fore-
cast values, reduces parameter bias, and minimizes error accumulation
in long-term predictions [28]. However, both methods face significant
challenges in terms of complexity and computational cost [29].

This study proposes a decision support system to generate unknown
future inputs in the recursive prediction technique which is called “DSS
test data”. The paper’s originality relies on the K-Means clustering al-
gorithm and the least squared optimization to construct the DSS test
data. The DSS comprises classification of weather types (e.g. rainy,
overcast, cloudy, partly cloudy, and sunny) based on maximum daily
VPP power generation. To address the dependencies between forecast
values, the proposed model maintains the most recent seven days data

belongs to each weather type. To reduce the parameter bias, the least
squared optimization model is used to minimize the difference between
actual VPP generation and the average value of the stored last seven
days data. The output of the least squared optimization is the adjusting
coefficients through which the bias of the prediction parameters is
adjusted. Furthermore, in the context of long-term forecasting, this
study incorporates a variable lookback period within the LSTM and
BiLSTM models. The length of the lookback period is dynamically
determined based on the prediction horizon, thereby enhancing the
accuracy and adaptability of the forecasting models in electric power
market.

Day-ahead is a profitable short-term power market in JEPX for VPP
owners [13], but the problem is the accurate prediction of the VPP
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power generation. The minimum tradable amount of power in the DA
market of JEPX is 0.1 MW for each settlement period [30], while the last
moment to submit the bidding data is at 10:00 a.m. in the present day.
Generally, a VPP owner should submit a set of 48 bidding data,’ seven
hours earlier than dispatch time. In other words, forecasting model
should predict for the next 38 h starting from 10:00 a.m. in the existing
day, and lasting to the end of next day. In this case, the forecasting model
is a multi-step prediction with 38 h ahead (or 76 settlement periods).
While, the accuracy of forecasting models decreases remarkably by
keeping distance from the last moment of bid submission. The worst
issue is that accurate prediction data mostly occurs in early hours ahead
from 10:00 a.m., while the VPP profit is calculated based on prediction
data from the first dispatch time onward (00:00-24:00). In other words,
the first 14 h of forecasting data do not get involved into profit calcu-
lation, while their values affect the desired prediction data
(00:00-24:00). Therefore, developing a precise long-term forecasting
model is essential for enhancing VPP profitability.

The purpose of this study is to develop a precise long-term fore-
casting model to enhance VPP power generation forecasting. The pro-
posed model integrates using the BiLSTM and DSS, called DSS-BiLSTM.
The DSS is a computer-based system which is designed to aid decision
makers in assessing different scenarios [31]. The system relies on input
data, knowledge base, inference engine, and models to analyze and
provide useful information (output) in cases of uncertainty and the lack
of information [32,33]. The proposed model distinguishes itself from
previous multi-step forecasting models through its ease of imple-
mentation, reduced dispersion, and enhanced accuracy.

The scope of this study is a VPP system with solar and wind power
generation in Tokyo, Japan. The VPP accounted for 9.1 % of whole
demand load in Tokyo Metropolitan area which was 15.8 GW on average
per 30-min settlement period from April 2022 to October 2023 [34].

The paper structures as follows: Section 2 describes the research’s
methodology including statistical and artificial intelligent models along
with the DSS-BiLSTM model. Section 3 presents the results of the
methodology section. Section 4 discusses the findings of the current
research and unrolls the main results. Section 5 summarizes the main
results and future work.

2. Methodology

A critical challenge for participants in the DA power market is to
accurately predict power generation over a long period with acceptable
stability. As shown in Fig. 1, the DA power market in JEPX requires
submitting bid data, which includes forecasting information, at least 14
h prior to the commencement of the first dispatch product and covering
a 24-h period. Thus, the total prediction horizon extends to 38 h. In
contrast, bids can be adjusted in the ID market through 12 scheduled
auctions, which occur between 7 and 1 h before each dispatch product.
The gate closure interval is one hour before each dispatch product.
Therefore, this study represents the prediction results for three key time
horizons: 38 h, 7 h, and 1 h ahead. Additionally, predictions for 30 min
and 2 h ahead are provided. The 30-min prediction data is included to
facilitate comparison with TEPCO’s forecasting data. The 2-h forecast is
applied to assess prediction accuracy just one hour before the gate
closure.

The initial prediction is the first step for VPP owner in the DA power
market. This initial prediction is adjusted by approaching to the gate
closure, which occurs one hour before the power dispatch time. Ideally,
the VPP owner should predict at least 1.5 h earlier (equivalent to 3
settlement periods) to adjust the initial bid data for a given dispatch
period.” The significant disparity between the 38-h forecast horizon (76

! VPP power generation for each 30-min from 00:00 to 24:00.
2 Because it is mostly difficult to buy/sell power in 30-min before gate
closure.

Applied Energy 382 (2025) 125273

settlement periods) and the 1.5-h adjustment window can diminish the
accuracy of the initial predictions. Conversely, frequent adjustments to
the initial submitted bid, which are derived from forecasting models, can
increase the risk of incurring balancing costs and negatively impact the
VPP’s credibility in the DA power market. To address these challenges,
this study proposes an accurate time series forecasting model to reduce
the frequency and magnitude of adjustments to the initial bid, as illus-
trated in Fig. 2.

The upper part of Fig. 2 indicates the forecasting module designed to
predict VPP generation data for power market applications through
training and testing datasets. The main purpose of the training data is to
identify or adjust the model’s parameters and to validate the fitted
model. In contrast, the testing data is applied to evaluate the model’s
performance, as future data is unavailable.

The accuracy of the forecasting model decreases over longer pre-
diction because of the constant model coefficients over time. In the
recursive forecasting model, time series coefficients are estimated
through the walk-forward optimization method applied to a rolling
window of the dataset, which advances incrementally as time pro-
gresses. The walk-forward method facilitates single-step predictions.
However, for multi-step forecasting, the process of updating the rolling
window is hampered by unavailability of future data.

The lower part of Fig. 2 outlines a method for generating future data
to be used as testing data via the DSS module. This module transforms an
initial rough weather estimation (weather types) into a set of test data.
This process is facilitated by the DSS module’s knowledge base and
inference engine, which will be further elaborated upon in subsequent
section.

2.1. Direct prediction techniques: LSTM and BiLSTM

Generally, ANNs are classified into two fundamental neural networks
called CNNs and RNNs. RNNs are particularly effective in dealing with
sequential data, such as time series, due to their internal state feature,
which functions as a form of memory. The LSTM network, a specialized
class of RNNs, is designed to enhance the ability of RNNs to retain in-
formation over long periods. The LSTM and BiLSTM networks belong to
RNN class, aimed to provide a short-term memory for RNN over long
period. The main distinction between LSTM and BiLSTM networks lies in
their information processing approach. Standard LSTMs process infor-
mation in a single direction, utilizing only past data to inform their
predictions. In contrast, BILSTMs process data in both forward and
backward directions, allowing them to incorporate both past and future
information at each time step [48].

Fig. 3 displays an LSTM unit at time t with the hidden state (hy) and
cell state (cy). These states are used to maintain values across time in-
tervals, facilitated by three gates: the forget gate, the input gate, and the
output gate. Both the hidden state and cell state are represented as
vectors of the same size, corresponding to the number of nodes in the
LSTM network. The input and output of the LSTM unit are as follows:

Xi—nt+1  Xe—n+t2 © Xe—nir
{lep} = (Xeontit1s s Xepi) = : : Pl M
X Xt+1 Xer-1
Xir1 Xit2 vt Xeyr
{X?ut} = (Xep14is o os Xemei) = : : - @
Xeym  Xetme1 Xetmir-1

here, n and m indicate the lookback period and the number of prediction
units ahead, respectively. The term r, in conjunction with n and m,
specifies the period or day for which the prediction is being planned. The
term i ranges from zero to (r-1).

The mathematical relationships between the input data, hidden
state, cell state, and output data in the LSTM are as follows:



R. Nadimi and M. Goto

Applied Energy 382 (2025) 125273

Today Tomorrow
RIS e »
. .. Dispatch  pjspatch Dispatch ~ Dispatch
DA Bid submission I {g} “n {48}
> E
| + I L1 || -
! I | I 1 T T 1 1 Time
00:00 08:00 10:00  17:00  22:00  23:00  00:00  01:00 23:00  24:00
D i -
Prediction Period (38 hours)
Bl Prediction is repeated for each dispatch product g Prediction is implemented one time per day
Fig. 1. Bid prediction and dispatch time for DA market in JEPX.
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Fig. 2. Conventional time series forecasting model (a) vs the proposed DSS-BiLSTM model (b).

fi= G<th By + Mﬂnxinp) 3) Three activation functions are defined based on the following equations:
, , olinp) =1/(1 4 ¢-iw) (10)
i = O'(Vv;,ht—l + VV;(MX{"’U) “4)
tanh(inp) = 1 — e 3" —2i 1)
0 = o(Wyhe1 + WiX;™) ) ) /(1 +e2m)
¢, = tanh(Wih,_1 + W, X™) (6)  softmax(inp,) = e™: / i o) 12)
j=1
a=0 (ﬂ Ocer +i OC‘) @ If an estimation model obtains a negative VPP power generation for a
specific settlement period, the negative value will be replaced with the
he = tanh(c,)Oo; 8 average value of the last seven days® for the corresponding settlement
period. The BiLSTM module applies a single-step forecasting approach
X2 = softmax(Wy™"h,) (©) using a recursive technique to predict VPP power generation data. This

technique utilizes the last 308 settlement period, encompassing the most

where W’;an represents the weight matrix of the current input data for
the forget gate. The rest of the weights are interpreted in the same way.

3 Mostly it occurs in [00:00-7:00] and [18:00-24:00]
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Fig. 3. Single LSTM unit at time t.
recent 6 days plus the current day up to 10:00 AM (the deadline for day- first order ( { X _ i } or d = 1) or second order
1 1—

ahead bidding).

2.2. Recursive prediction technique: statistical models and proposed
model

The study applies a sliding time window for time series analysis,
focusing on the most recent 308 settlement periods, which approxi-
mately corresponds to a seven-day period. This approach is utilized for
both the statistical models and the proposed model to ensure a consis-
tent and relevant dataset for analysis.

2.2.1. Statistical models

This study employs the following statistical time series models [49]
to forecast VPP power generation data: AR (p), ARMA (p, q), ARIMA (p,
d, q), SARIMA (p, d, q) (P, D, Q)m, and SARIMAX (p, d, q) (P, D, Q). The
parameters (p, d, q¢) and (P, D, Q),, represent non-seasonal and seasonal
parts of the statistical model, respectively. The terms p and q imply the
number of lags, and the size of the moving average window, respec-
tively. The term d indicates the differencing step to eliminate the non-
stationary in the observed data. The term m specifies the periods’
number in each season, while the uppercase P, D, and Q have the same
meaning as p, d, q just for the seasonal case.

The optimal model is selected based on the parameters q and p,
which are determined through visual inspection of the ACF and PACF.
However, extracting the statistical parameters based on ACF and PACF is
a time intensive procedure. Akaike and Bayesian information criteria
(AIC and BIC) are two popular methods to obtain the best model among
a set of candidate models for a given data [50]. Both methods rely on
prediction error’s estimator and model’s information lost in choosing
the best model.

AIC: = 2K —2In(Z (6|X/™) ) (13)

BIC; = Klog(n) — 2In('(9]X™) ) 14

where Z(*) term indicates the likelihood function over the parameter
6= (61, ...,6,) in the &* model for given data Xf"p. The best model has
the lowest AIC (BIC) value. This study chooses a model with minimum
AIC and BIC values.

If time series data, {anp} shows non-stationary behavior then the

({Xf”"’ -X" }{X{’j"l - Xf'j‘;} or d = 2) differencing is carried to estab-
lish stationary data. The average and variance of a stationary time series
do not vary over time. Augmented Dickey-Fuller test [51] is applied to
test if a time series process is stationary. The VPP power generation
series in this study is a stationary process, thus its differencing step is

zero. Eq. (15) represents the SARIMAX (p, 0, q) (P, 0, Q)s model for time

series X%, by which the rest of statistical models mentioned in this

research are drawn out.

p q P
Xe=ct+ Y oXeit Y O+ Y B,
=1 =1 o—1
Q
+ Z Y
=1

p
Xt—os + Z PiXt—(os+i) :|
i=1

.
+ > GuBxy, + e
u=1

(15)

q
&5+ Z 01— (1s+j)
st

where ¢, is an independent normal random variable with mean zero and
variance 2. The red term in Eq. (15) models the exogenous factors, and
the term c indicates a constant value.

2.2.2. DSS-BiLSTM model

The DSS-BiLSTM model combines the BiLSTM model with the pro-
posed decision support system. The key aspect of the DSS-BiLSTM model
is its use of the BiLSTM model within a recursive technique as detailed
by the training data specified in Eq. (1). The DSS module is constructed
based on extensive time series data, ensuring that its knowledge base
consists of five WTs: sunny, partly cloudy, cloudy, overcast, and rainy
days. The following steps are carried out to establish the proposed DSS
module:

Step1l) Calculating of maximum VPP power generation:

Yi =max(xy, ..., Xs),i=1,2,...,m, (16)
where y; represents the maximum power generation for each day,
derived from the settlement period data, x1,...,X4g. This maximum daily
power generation is used as a feature for subsequent clustering.
Step2) Clustering of maximum daily power generation data: The y;
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data is clustered into the five WTs by the K-means clustering* method
[52]. The boundaries of these clusters are determined and stored. The
variance ratio criterion was used to choose the number of clusters [53].
Notably, the flexibility of the proposed model is enhanced through
frequent updates to the DSS knowledge base. In Step 1, the DSS
knowledge base updates its cluster data at the end of each day. However,
by reducing this update interval to hourly or every 30 min, while
computational time may increase, the model’s flexibility is significantly
improved.

Step3) Adjusting of coefficients for each WT type: The clustering
results from “Step2” are used to find the adjustment coefficients, a; wr,
based on the following least squares method:

WT P
; wr ! P, . :
minerror,”" = E (xt:WT — Qwr X xt_WT> ; WT = {Rainy, ..., Sunny}
=1

a7

-1 x]t(WT

(18)

where x! ;. indicates the actual VPP power generation at settlement
period ¢ on the I day corresponding to the WT type. The adjustment
coefficients are represented as a matrix with dimension corresponding to
the number of WT types as rows and 48 columns, reflecting the 48 set-
tlement periods within a day.

Step4) Creating of DSS test data: The DSS test data are generated
based on the results from previous steps through the following phases:

Phasel) Creation of average WT curve for the next day: for each WT,
the knowledge base stores data from the last seven days. The average
value for each settlement period is calculated as follows:

Xr= >, X7t=[12,..,48:k={78, .} (19)
jelast 7 WT day

For example, the knowledge base will store data from the last 336 (7
x 48) settlement periods for sunny day. The average over the last seven
sunny days provides a curve with 48 settlement period values for sunny
days.

Phase2) Creation of average WT curve for the current day: The
squared Euclidean distance for each WT, denoted as d*?, is applied to
find minimum distance between the current day’s data (all data before
10:00 a.m. or 19 data) and corresponding data from the last seven days
as follows:

20 2
d'm = Z (xt - icltWT) ; WT = {Rainy, ..., Sunny} (20)
t=1
For example, if d""indicates the minimum distance, the current day
is categorized as sunny:
Xt

t.Sunny =

x7,t=[21,22,...,48] (21)

Jjé€last 7 Sunny day

Phase3) Creation of DSS test data: The unadjusted DSS test data
consist of a vector with 76 elements, obtained from the previous phases,
which may correspond to different or the same WTs. The following
formula is used create the DSS test data for the k™ and (k + 1)th days for a
given WT:

DS = {7 x awrit = 21,22, .., 48}, {=

t,

X awrit = 1,2, ...,48}]
(22)

* This study explored Bisecting K-Means, Gaussian Mixture Models, and Hi-
erarchical clustering using three linkage criteria: Ward, Complete, and Average.
However, none of these methods yielded better results than the K-Means clus-
tering method.
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It is clear that the adjusting coefficients depend on the WT.

Phase4) Prediction of VPP power generation via the BILSTM model:
The DSS test data, consists of a 76-element vector adjusted by the co-
efficients, are used for prediction. The BiLSTM model, trained with 308-
element training data using a single-step time series forecasting
approach (walk-forward approach), is applied to predict VPP power
generation for the DSS test data.

Step5) Updating the last seven data after receiving the actual data:
At the end of next day, the actual data of the next day as well as 14 h data
of the previous day is available. Both days data are categorized by their
daily maximum values and cluster boundaries.

Steps 1, 4, and 5 are implemented daily to update the WT types and
to adjust coefficients. Updating the clustering data and adjusting co-
efficients depend on a noticeable shook in climate change which
changes the VPP power generation. This study utilized data from the
past two years for clustering and maintained the boundary data for 81
days.

2.3. Measuring of prediction accuracy

Various properties are compared to choose a proper prediction
method such as scale invariance of data, accuracy, sensitivity, consis-
tency, symmetry, robustness, and interpretability [54]. This study ap-
plies several well-known measures to quantify the forecasting accuracy
such as sMAPE, MAE, MSE, and RMSE which their equations are given in
the below.

100 ¥
SIWAPE:TX e;e = |VPP;4 7VPP1'F|/(|VPP‘?| T ‘VPPﬂ)/Z (23)

i=1

N
>ei
MAE =%
N

;e; = |VPP} — VPPY| (24)

>ei
MSE =" e, = (VPP{ — VPPF)? (25)

oyie = (VPP — VPPF)? (26)

where VPP# and VPP indicate actual and forecasted VPP power gen-
eration at it" settlement period, respectively.

The Diebold-Mariano test [55] is conducted to statistically compare
the forecasting accuracy of two prediction models. The test evaluates if
Model 1 (M1) provides a significantly better forecast than Model 2 (M2)

by testing the following hypothesis:
. ) Nullhypothesis:E(e" —e}?) >0  i=1,...,N
Diebold —Mariano test . . .
Alternative hypothesis:E(e!" —e!®) <0 i=1,....N

@7

This study calculates the p-value based on the statistical normal
distribution and compares it against a significance level of 5 %. To
implement the DM test, the DM test statistic is computed as:

d

DM:\/?;HW

(28)

where d measures the average value of the difference between the error
values of the two models, defined as d; = (e}! — eM?). Additionally, 55 is
the estimated variance of the loss differentials which is defined as:
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j-1 N

- 1 - -

Ga=r0+2) Ttk =N > (di—d)(dik—d) (29)
k=1 i=k+1

where y, denotes the autocovariance at lag k. The dispersion of pre-
diction errors for a specific model across various forecasting horizons is
quantified using the coefficient of variation, which is calculated as
follows:

__ Standard deviation of error data

V= Mean of error data * 100 (30)

here, the error data are evaluated across five distinct forecasting hori-
zons for both the prediction method and the accuracy measure. For
instance, in the case of the sMAPE indicator applied to the AR prediction
model, the error data include measurements at 30 min, 1 h, 2h, 7 h, and
38 h.

2.4. Data acquisition and models’ parameters

All publicly available VPP power generation data were downloaded
from the TEPCO website [34], encompassing both forecasted and actual
VPP generation data, as illustrated in Fig. 4. TEPCO provides single-step
forecast data for 30-min intervals. This study is used the actual data for
prediction. In addition to multi-step prediction, this study conducts a
single-step prediction to compare the results of the proposed model with
TEPCO single-step forecasts. This study downloaded TEPCO data from
04/01/2022 to 03/21/2024 with a resolution of 30 min. The VPP power
generation sources include wind and solar power. The average daily
power generation over the two-year period is 1.5 GW, with minimum
and maximum values of 0.037 GW and 4.92 GW per settlement period,
respectively. Data from 04/01/2022 to 12/31/2023 were used for
clustering, while the period from 01,/01/2023 to 12/31/2024 was uti-
lized for model training in the BiLSTM and LSTM models. The period
from 01/01/2024 to 03/21/2024 was applied for model prediction.

Table 2 summarizes the parameters and configurations for the LSTM,
BiLSTM and statistical models. Additionally, this study evaluates the
prediction results for the transformer network,” attention-based
network,® and GRU.” It is noteworthy that the number of units in the
attention-based network was initially set according to Table 2; however,
the results were unsatisfactory. As a result, the study increased the
number of LSTM units in the attention-based model to 100 in order to
achieve more accurate prediction results. Additionally, the number of
epochs for all three models was set to 500, consistent with the LSTM and
BiLSTM models.

For all prediction horizons, identical parameters were utilized, with
the only variation being the number of lags. Various trials and error
analyses were conducted to determine an appropriate number of lags for
each horizon, based on the sMAPE measure. Ultimately, the number of
lags was set to 2 x m to balance the trade-off between computational
time and model accuracy. This setting is consistent with the principle
that the extent of interaction coverage® is directly proportional to the
size of the look-back window [56]. A larger look-back window allows for
the incorporation of a broader range of historical data, which enables

5 This study specifies the following hyperparameters for the transformer
network in the PyTorch package (version 2.5.1): Input dimension = Output
dimension = 1, Sequence length = 48, Number of layers = 2, Number of heads
= 2, and Feedforward dimension = 10.

6 This study sets the following values for the hyperparameters of the
attention-based network in Python: LSTM layer with 100 units, dimension of
the input data 48 x 1, and activation layer = ‘Softmax’.

7 This study defines the following hyperparameters for the GRU in the Ten-
sorFlow library (version 2.17.0) of Python: Input dimension = Output dimen-
sion = 1, Sequence length = 48, Number of layers = 2, Number of heads = 2,
and dimension feedforward = 10.

8 Between two look-back datasets
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the capture of more relevant interactions and dependencies within the
time series. Conversely, maintaining a fixed value for the look-back
window while increasing the prediction horizon restricts the modeling
of variations across prediction horizons to a limited and static set of
historical data points.

The configuration of the DSS-BiLSTM model mirrors that of the LSTM
and BiLSTM models given in Table 2. These configurations were deter-
mined through extensive trials and error analysis, as shown in Fig. 5,
which examines the hidden nodes extracted from [17]. The DSS-BiLSTM
model employs data from the last seven days for training and utilizes a
recursive prediction technique for forecasting.

3. Results

This section presents the forecasting results for eight models across
various prediction horizons, including 30 min, 1 h, 2 h, 7 h, and 38 h
ahead. The performance of these models is evaluated using four speci-
fied prediction metrics All models were implemented using Python
(version 3.12), and computations were executed on a computer equip-
ped with a 12-core central processing unit and 128 gigabyte of random
access memory (Table 4 summarizes the computational time for each
model).

3.1. Time series forecasting performance for 30-min horizon

Table 3 presents the forecasting performance for 30-min intervals,
evaluated using four prediction metrics. The prediction period spans
from January 1, 2024, to March 21, 2024. The row immediately
following the table heading shows the accuracy of TEPCO forecasts
compared to the actual VPP power generation data. The subsequent
rows in Table 3 compare the forecasting results of various models
against the actual VPP power generation data.

According to Table 3, the DSS-BiLSTM model generally outperforms
all other models across the four metrics of prediction, including the
TEPCO forecast data. Although the SMAPE value for the proposed model
is slightly higher than that of the TEPCO predictions, the other predic-
tion metrics for the DSS-BIiLSTM model are significantly lower. It is
important to evaluate model performance using multiple metrics, as the
SMAPE may remain low for statistical models with longer time horizons,
while other metrics, particularly MSE), may increase substantially.

3.2. Time series forecasting performance for all horizons

Fig. 6 depicts the performance of all eight models in terms of SsMAPE,
MAE, MSE, and RMSE indicators, calculated for 81 days (1st January
2024 to 21st March 2024). The selection of an appropriate metric de-
pends on the characteristics of the data and the priorities of decision-
makers. In this study, SMAPE, as a relative metric, exhibited superior
performance for VPP power generation data, which spans a wide range
of values, with minimum and maximum values of 5000 kWh and
8,229,000 kWh, respectively.

According to the SMAPE indicator, the DSS-BiLSTM model achieved
the best results for all time steps. Furthermore, the proposed DSS-
BiLSTM model overcomes the limitations associated with long-term
predictions (for a prediction horizon of 38 h), where traditional LSTM
and BiLSTM models failed to generate prediction for unknown future
input data at each forecasting horizon. For the 38-h prediction horizon,
the DSS-BILSTM model exhibited the lowest error values across all
assessed metrics.

However, the DSS-BiLSTM model demonstrated slightly higher error
values for 1-h and 2-h forecasts when evaluated using MAE, MSE, and
RMSE metrics. This discrepancy can be attributed to two primary
factors:

1- The DSS test data is generated once daily, based on the maximum
daily VPP power generation. Consequently, the DSS-BiLSTM model
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Fig. 4. Total monthly VPP power generation.
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Table 2

Hyperparameters setting and configuration for statistical and ANN models.

horizons. To enhance prediction accuracy, it would be beneficial to
update the DSS test data multiple times throughout the day.
2- The LSTM and BiLSTM models tend to outperform the DSS-BiLSTM

LSTM & BiLSTM

Statistic models

model in short-term forecasts (e.g., 1-h and 2-h intervals) because

1) Number of neurons (hidden nodes): 5,
2) Number of epochs: 500,
3) Batch size: 48 (The value of 48 corresponds to a

total of 48 settlement periods),
4) Optimizer: Adam with learning rate of 0.001

1) Model selection based on
AIC and BIC values.

2) Recursive multi-step
prediction

3) Training data: last seven
days

they jointly model both systematic (biased) and unsystematic errors.
This integrated approach, while advantageous for short-term

Table 3
30-min ahead forecasting accuracy measures for 81 days.

(default value),

5) Direct prediction technique Prediction sMAPE MAE MSE [Unitless x RMSE
> 12
6) Training data: all data in 2023 with 30-min Model [%] [Gw] 1071 [Gw]
resolution, TEPCO 21 0.12 0.05 0.23
7) Number of layers: 3 (LSTM), and 2 (BiLSTM) AR 40 0.06 0.01 0.11
ARMA 35 0.07 0.03 0.16
ARIMA 36 0.06 0.01 0.11
uses this static test data to predict VPP power generation across all 48 SARIMA 21 0.06 0.03 0.16
settlement periods. As a result, the only source of variability in the SARIMAX 22 0.06 0.03 0.16
forecasts is the unsystematic (random) error [57], which is the dif- ]éfgsltqrM 28 3'2 g‘ig g'zg
ference between the actual historical data and the DSS test data. This DSS-BILSTM 22 0.01 0.00 0.02
leads to small variation in forecast data across different time
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Fig. 5. Hyper parameters configuration of DSS-BiLSTM model for 38-h ahead prediction.
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Fig. 6. Model performance based on four prediction measures.

Table 4
Correlation coefficient and computational time.

Algorithm correlation coefficient [%] average computational time
[second]

1-h 2h 7h 38h 1-h 2h 7h 38h
94 93 18 —44

AR % % % % 0.75 0.37 0.11 0.08
94 93 13 -35

ARMA % % % % 0.75 0.37 0.11 0.08
94 93 13 -35

ARIMA % % % % 5.88 2.97 0.72 0.13
94 93 -38

SARIMA % % 3% % 4.81 2.42 0.64 0.12
94 93 -39

SARIMAX % % 3% % 4.81 2.42 0.64 0.12
99 98 94

LSTM % % % 91 % 11.24  9.17 12.68  16.99
99 98 93

BiLSTM % % % 90 % 1254 1286 127 16.36

DSS- 98 97 98

BiLSTM % % % 98 % 8.71 8.78 8.64 8.84

predictions, can result in higher error values for longer time horizons
(7 h and 38 h) when using the LSTM and BiLSTM models.

Table 4 presents the results of the correlation analysis between actual
VPP data and forecasted data. The analysis reveals that the forecast data

10

generated by the DSS-BILSTM model exhibits a consistently high cor-
relation with the actual data across various prediction horizons. In
contrast, the correlation magnitude for the other ANN models decreases
notably from approximately 99 % in the 1-h ahead prediction to around
90 % in the 38-h ahead prediction. The correlation magnitude reaches to
negative values in the case of statistical prediction data. This trend un-
derscores the limitations of statistical models in achieving accurate long-
term predictions, despite their relatively low computational times.

It is generally anticipated that the computational time of the DSS-
BiLSTM model would be greater than or equal to that of the standard
BiLSTM model. However, the DSS-BiLSTM model demonstrates a lower
computational cost. This reduction in computational expense can be
attributed to its implementation of a recursive approach, which utilizes
single-step predictions based on test data generated by the DSS system.
In contrast, LSTM and BiLSTM models perform multi-step predictions,
resulting in increased computational time as the prediction horizon
lengthens. This highlights a key advantage of the DSS-BiLSTM model in
managing computational resources effectively while providing robust
long-term forecasts.

A comparative analysis of various ANN models was conducted in
[17], which concluded that the LSTM and BiLSTM models achieved
optimal forecasting performance for a 20 MW grid-connected photo-
voltaic station in China. The primary distinctions between the models
discussed in [17] and those evaluated in this study are the number of
neurons, layers, and the lookback period. Specifically, the LSTM and
BiLSTM models in [17] were configured with 11 and 7&8 neurons,
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respectively, and utilized 1 and 2 layers. The lookback periods employed
in [17] were 4 and 8 time steps, whereas this research adopts a lookback
period of assumes 2 x m where the amount of m is determined in Eq. (2).
In this study, the LSTM and BiLSTM models proposed in [17], referred to
as LSTM_TX and BiLSTM_TX, were implemented for VPP data with
lookback period of 8 steps.

Fig. 7 shows the performance of ANN models in terms of four error
metrics. The results indicate that a fixed lookback period (e.g. 8) cor-
relates with an increase in prediction error as the forecast horizon ex-
tends. In contrast, the lookback period varies in this study and avoids of
error increment. Furthermore, the proposed DSS-BiLSTM model dem-
onstrates superior prediction accuracy relative to both the BiLSTM_TX
and LSTM_TX models. This suggests that the DSS-BiLSTM model is more
effective at mitigating error across varying prediction horizons.
Furthermore, Fig. 7 shows that for short-term forecasts (e.g., one hour),
the predictions from all models are relatively similar. According to the
sMAPE metric, the attention-based model outperforms the LSTM model
for one-hour predictions, while the other error metrics do not exhibit a
consistent trend. However, as the prediction horizon increases (from one
hour to 38 h), the DSS-BiLSTM model consistently outperforms the other
models.

Table 5 presents the dispersion of accuracy error metrics for each
prediction model, illustrating how the error metrics vary with an

mLSTM
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o Attention-based Netwrok
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Table 5

Percentage of dispersion for prediction models.
Prediction Model sMAPE MAE MSE RMSE
AR 50 % 90 % 108 % 74 %
ARMA 51 % 89 % 108 % 73 %
ARIMA 51 % 90 % 108 % 75 %
SARIMA 65 % 98 % 116 % 79 %
SARIMAX 64 % 98 % 116 % 79 %
LSTM 25% 33% 77 % 41 %
BiLSTM 24 % 36 % 79 % 42 %
DSS-BiLSTM 25 % 10 % 51 % 13 %

increasing prediction time horizon. The DSS-BIiLSTM model is distin-
guished by a significantly lower rate of escalation in prediction error
compared to the other models evaluated. This observation suggests that
the DSS-BILSTM model demonstrates superior stability and consistency
in forecasting performance over extended time horizons.

To ensure clarity in the visual representation of results, the study
selects a subset of models characterized by lower sMAPE values. For
these models, forecasting values are plotted against actual values for the
first week of January 2024, with predictions made at 38-h forecast ho-
rizon as shown in Fig. 8.

The study chooses the SARIMA model deliberately because its

mDSS-BIiLSTM
#GRU

oo
*
*
ssssssssssssssms

200000094

20020000 00¢
weasassansnanasns

38 hours

Fig. 7. ANN model performance based on four prediction measures.
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38 hours ahead prediction [Jan. 1st-Jan.7th, 2024]

s _ _

1 21 41 61 81 101 121 141
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Fig. 8. Comparison of actual VPP generation and 38 h ahead prediction for a few techniques.

SMAPE value is close to the SMAPE value of the LSTM model. While,
Fig. 8 illustrates that in all hours, the SARIMA results were almost flat
curve. In other words, the forecasting values of the SARMIA model were
much lower than the actual data that caused a lower sMAPE value.
Moreover, Fig. 8 indicates a lower dispersion for the DSS-BiLSTM model
compared to the LSTM and Bi-LSTM models for 38 h ahead prediction.
The results emphasize that the DSS-BiLSTM model can be used for bid-
ding purpose in the JEPX market with a slight adjusting before gate
closure. While, the rest of the model are either unreliable or require a
significant adjustment before gate closure.

Table 5 and Fig. 6 indicate that the LSTM, BiLSTM, and DSS-BiLSTM
models exhibit superior prediction performance relative to the other
models evaluated. Consequently, the Diebold-Mariano test was con-
ducted to compare the forecasting accuracy of these three models. As
shown in Table 6, the null hypothesis is rejected for the DSS-BiLSTM
model across all time horizons, signifying that its forecasts are statisti-
cally significantly better than those of the LSTM and BiLSTM models.
Additionally, Table 6 reveals that for the 30-min and 7-h time horizons,
no significant difference is observed between the LSTM and BiLSTM
models when assessed using the SMAPE indicator. Furthermore, based
on the MAE and MSE indicators, the Diebold-Mariano test also indicates
no significant difference between the LSTM and BiLSTM models at the 2-
h and 7-h time horizons.

3.3. Weather types impact on DSS-BILSTM results

To assess the impact of weather types on prediction error, the MSE
indicator is utilized due to its alignment with the unit of electric power,
while other error indicators showed a similar pattern. Fig. 9 illustrates
both the frequency of weather types based on clustering (right side) and

the distribution of weather types according to the MSE metric for the
DSS-BiLSTM model (left side). The frequency histogram suggests that
the highest MSE error is expected for partly cloudy conditions. However,
the MSE-based distribution indicates that sunny days contribute the
most to the prediction error. The correlation coefficient between the two
datasets is 60 %, indicating a need for potential improvements in the
clustering methodology.

4. Discussion

As outlined in the Introduction section and detailed in Table 1,
numerous sophisticated hybrid models have demonstrated high accu-
racy in forecasting power generation across multiple time steps. Most of
these models are designed for short-term power generation or demand
forecasting. In contrast, the DSS-BiLSTM model proposed in this paper is
tailored for forecasting bidding data in the power market. The DSS-
BiLSTM model is particularly noteworthy for the following reasons:

o Simplicity: The DSS-BILSTM model offers a significant advantage in
terms of ease of implementation and computational efficiency
compared to the complex hybrid models listed in Table 1. This model
integrates the BiLSTM framework with a DSS comprising clustering
of data and maintaining the most recent seven data points based on
five distinct day types (rainy, overcast, cloudy, partly cloudy, and
sunny). Generating test data for BILSTM model was the main idea of
this paper which was carried out by the DSS system based on clus-
tering data and adjustment coefficients. The adjustment coefficients
were calculated through the least squared optimization method.
After generating DSS test data, the DSS-BiLSTM model employs a
single-step forecasting approach to prepare multi-step forecasts.

Table 6
Diebold-Mariano test results.
Horizon sMAPE MAE MSE
(M1 = LSTM, (M1 = LSTM, (M1 = BiLSTM, (M1 = LSTM, (M1 = LSTM, (M1 = BiLSTM, (M1 = LSTM, (M1 = LSTM, (M1 = BiLSTM,
M2 = M2 = DSS- M2 = DSS- M2 = M2 = DSS- M2 = DSS- M2 = M2 = DSS- M2 = DSS-
BiLSTM) BiLSTM) BiLSTM) BiLSTM) BiLSTM) BiLSTM) BiLSTM) BiLSTM) BiLSTM)
. -1.71 —12.66 —-13.13
30 min (0.087)" 22.15 (0.000) 21.42 (0.000) (0.000) 39.91 (0.000) 40.11 (0.000) (0.000) 31.91 (0.000) 31.77 (0.000)
1h 4.60 (0.000)+ —5.31 (0.000) —9.25 (0.000) 8.18 (0.000) —9.94 (0.000) —10.91 (0.000) ~11.58 —10.90 —11.65 (0.000)
X . X . . . X . . . . . (0.000) (0.000) . .
2h —2.98 (0.003) 6.94 (0.000) 8.64 (0.000) —0.63(0.53)* —7.57 (0.000) —7.24 (0.000) —1.48 (0.14)* (_013090'; —11.55 (0.000)
7h 1.14 (0.25)* 14.92 (0.000) 13.90 (0.000) ~0.87 13.91 (0.000) 14.04 (0.000) ~1.82 12.79 (0.000) 12.68 (0.000)
A e St (0.382)* A R (0.068)* St SR
—4.79 —-2.97
h 1. X 15. 5 14. . 15. . 18. . 15.2 (0. 17. 5
38 974 (0.048) 5.74 (0.000) 4.57 (0.000) (0.000) 5.49 (0.000) 8.93 (0.000) (0.003) 5.2 (0.000) 7.33 (0.000)

" : Null hypothesis is not rejected; + A (B): A represents normal test statistic, and B indicates the p-value
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Fig. 9. Distribution of weather types based on MSE indicator for DSS-BiLSTM model (left), Frequency of weather types (right).

e Model Performance: The performance of the DSS-BiLSTM model was
assessed using SMAPE, MAE, MSE, and RMSE metrics, alongside
several other ANN models with varying parameters. Comparison
with the ANN models detailed in [17] revealed that maintaining a
fixed lookback period for LSTM and BiLSTM models led to increased
prediction errors as the forecast horizon lengthened. In contrast, the
DSS-BiLSTM model demonstrated more accurate results by varying
prediction horizons compared to other ANN models. The DSS-
BiLSTM model also exhibited lower error dispersion for long-term
forecasts, as depicted in Fig. 6. Moreover, the DSS-BiLSTM model
represented a consistently high correlation with the actual VPP data
and a stable computational efficiency across various prediction ho-
rizons as given in Table 4.

Power Market Application: Unlike many studies focused on power
generation or demand load forecasting, this study addressed multi-
step forecasting specifically within the power market domain. Ac-
curate bidding data requires a robust and precise model for long-
term prediction. The DSS-BiLSTM model enables VPP owners to
submit bids with minimal adjustments before gate closure.

5. Conclusion

This study combined bidirectional long short-term memory
(BiLSTM) network with decision support system (DSS) to forecast power
generation of a virtual power plant (VPP) with 1.5 [GW] generation
capacity in Tokyo Metropolitan area, Japan. Instead of using prediction
data in the training dataset, the proposed model generated the sequence
of data, called DSS test data, by maintaining dependency between
forecast values and reducing the bias of the estimated model’s param-
eters. To generate the sequence of data, the K-means clustering algo-
rithm and the least squared optimization model were used in the DSS.
The DSS test data was applied as a testing data into the BILSTM model to
forecast VPP power generation for 38- h ahead as a bidding data to use in
Japan electric power exchange (JEPX) market. The DSS-BiLSTM model’s
performance was evaluated and compared with BiLSTM, LSTM, Trans-
former, Attention-based network, GRU, and five statistical models (AR,
ARMA, ARIMA, SARIMA, and SARIMAX).

The results of forecasting models showed that the DSS-BiLSTM model
more accurately forecasted the VPP power generation than TEPCO
prediction in 30-min ahead in terms of all four prediction measures
(Table 3). For the rest of steps ahead forecasting (1, 2, 7, and 38 h
ahead), the DSS-BiLSTM model had consistently outperformed the rest
of models in terms of SMAPE, MAE, MSE, and RMSE metrics (Fig. 6 and
Table 6). For a 38-h forecasting horizon, the sMAPE metric for the DSS-
BiLSTM, BiLSTM, LSTM, transformer network, attention-based network,
and GRU models were 50 %, 62 %, 64 %, 91 %, 90 %, and 80 %,
respectively. This pattern is consistently observed across the three
additional error metrics—MAE, MSE, and RMSE— and across various
forecasting time horizons. These results demonstrate that the DSS-
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BiLSTM model consistently outperforms both the BiLSTM and LSTM
models in terms of prediction accuracy.

Unlike other studies which typically utilize a fixed lookback period
for time series forecasting for the LSTM and BiLSTM models, this study
explored the impact of employing a variable lookback period to enhance
long-term prediction accuracy. The results, as shown in Fig. 7, indicate
that LSTM and BiLSTM models incorporating a variable lookback period
achieved lower errors across the MAE, MSE, and RMSE metrics
compared to models with a fixed lookback period, particularly as the
forecasting horizon extended. The main advantages of the DSS-BiLSTM
model was its simplicity, low dispersion, and prediction accuracy. In
contrast to various hybrid models proposed for multi-step prediction,
the DSS-BiLSTM model generated test data and utilized single-step
technique to forecast VPP power generation. The results of forecasting
did diverge for long-term prediction (38 h ahead). In other words, the
growth rate of the prediction error was very low over long-term pre-
diction and was more reliable than the rest of models mentioned in this
research.

Future research will involve a comparative analysis of the DSS-
BiLSTM model against Transformers, attention-based networks, and
graph neural networks to identify the most suitable model for VPP
power generation data by evaluating their performance across various
forecasting metrics. Moreover, we will explore the impact of more
frequent updates to the DSS test data (more than once per day) on
enhancing the accuracy of the DSS-BiLSTM model, particularly for short-
term predictions, such as 1-h and 2-h forecasts. Ultimately, the results
from this study will be utilized to identify an optimal confidence level
for bid data by accounting for market power price variations as the gate
closure approaches.
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