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Abstract. In this paper, we conduct electric power simulation
by forecasting electricity demand in general households with PV
power generation based on the current electricity supply and
demand system in Japan. Specifically, forecast errors for
electricity demand in general households are taken into account,
and machine learning is used to forecast the output of residential
photovoltaic power generation. The actual electricity demand,
which is the difference between the electricity demand in general
households and the PV output, is then calculated, and the degree
of contribution of the assumed model to the electricity system is
evaluated using an index called imbalance cost from the
perspective of a retail electricity provider.

Key words. residential micro grid, error function, neural
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1. Introduction

In recent years, the penetration of renewable energy has
been promoted from the perspective of preventing global
warming, and the massive introduction of photovoltaic
power generation systems, mainly in residential areas, is
expected in the future. There are many research papers that
forecast the output of renewable energy sources, such as
wind and solar power, a few minutes or hours later [1]-[3].
In these papers, prediction methods using neural network,
which are part of Al, are proposed. In particular, for PV
forecasting, they combine features that include not only past
PV output but also other weather data to improve forecast
accuracy. However, they vary in the time covered by the
forecast and fail to take into account the bidding time of the
electricity market. There are currently four electricity
markets in Japan: the wholesale electricity trading market,
called JEPX which handles kWh; the capacity market,
which handles kW, the supply-demand adjustment market,
which handles AkW , a short-term supply-demand
adjustment; and the non-fossil value trading market, which
adds environmental value to non-fossil power sources. Of
these, Of these markets, the wholesale electricity trading
market is particularly active in the trading of electricity for
30 minutes. Since the value of electricity varies during
various time periods in this market, it will become
increasingly important for generators and retail electricity
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providers who bid and win bids to make forecasts for
which time periods and for how many hours later.

In addition, the deregulation of electric power in Japan
started in 2016, changing the restrictions between power
generators and retail electricity providers. As a result,
when deviating from the balancing rule, an imbalance cost
is paid to the transmission and distribution companies
based on the amount of electricity that is the difference
between the planned and actual values for 30 minutes,
which are submitted in advance by the retail electricity
providers. However, there are few research papers that
quantitatively evaluate the forecast error caused by
demand forecasting using imbalance cost [4]. It is
necessary to examine the impact of forecasting errors on
retail electricity providers.

Therefore, in this paper, we refer to a distribution system
in which energy storage devices are installed in a
massively installed solar power generation system in a
residential area as a residential micro grid (RMG). The
authors examine the contribution of RMG to the reduction
of imbalance cost by controlling the grid connection point
power flow between RMG and the distribution system
when a large amount of PV power is installed in 300
households. In addition, we report that when a retail
electricity provider uses machine learning to forecast PV
output, the forecast accuracy can be improved by varying
the input data according to the time of the forecast target
and by selecting data that takes seasonal correlation into
account.

2. RMG Model and Assumptions for Each
Variable

A.  Assumed RMG Model
The assumed RMG system configuration is shown in Fig.
1 [5]. In this paper, electricity simulations are performed

using this model, in which a large amount of PV power is
installed in 300 households.
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Fig. 1. Residential Micro Grid Model
B. Assumptions for Each Variable

The evaluation time period covers the period from 10:00 to
15:00, when the output of solar power generation is large
and output fluctuates significantly. Each variable used in
RMG is the amount of electricity at the grid connection
point power flow G (t) [kW], PV output P(t) [kKW], storage
battery charge/discharge power B(t) [kW] (B(t) > 0:
discharge), and electricity demand D (t) [kW], forming the
following relationship equation.

G(t) + P(t) + B(t) = D(t)[kW] (1)

1) Demand for Electric Power: D(t)

The electricity demand D (t) of RMG is formed based on
the previously prepared data D'(t) [pu] of electricity
demand for 8 households [6]. The electricity demand of
RMG is then averaged for 8 households, which is
considered to be the electricity demand of one household,
and the maximum capacity of each household is set to be 4
[kW], so that the electricity demand of 300 households
could be expressed as in the following equation.

D(t) = 4 X D'(t) x 300[kW] @)

2) Total Photovoltaic Output: P(t)

The total output P(t) of RMG's photovoltaic power
generation is assumed using one-minute interval solar
radiation data from Nara Meteorological Observatory
observed in Nara City, Nara Prefecture, Japan on May 1,
2020, with a tilt angle of 30° and expressed by the
following equation.

P() = G2 X Peay X 1) X 300 X Ry, [kW] 3)

Note that I(t): solar radiation on sloping surface[kW/m?],
L reference solar radiation(= 1.0[kW/m?], P.,,: rated
capacity of PV power generation per household (=
3.8kWp), n: overall efficiency considering inverter and
MPPT (Maximum Power Point Tracking) mismatch, etc (=

80%), R,,: PV installation rate among 300 households (=
50%).

3) Amount of Stored Electricity in Battery Storage C(t)
The amount of stored electricity C(t) in the battery storage

is assumed by the following equation, where the maximum
capacity is 5 [KWh].
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C(t) = C(t—1) — B(t)/60[kWh] (4)

C. Demand and PV Forecasts

Under the current Japanese electricity supply-demand
system, electricity trading is conducted based on the total
amount of electricity for 30 minutes. Therefore, in order to
forecast actual electricity demand in the assumed RMG, it
is necessary to forecast 30 minutes of electricity demand
in residential areas and 30 minutes of PV output at the
same time. However, due to security reasons, the actual
data on electricity demand in residential areas is not
available to the public, so the number of data is small and
high forecasting accuracy cannot be expected. Therefore,
in this paper, the forecasted value of electricity demand,
Dyrea(t), is assumed to be predictable by adding up the
error x(t) within £10% of electricity demand, D¢ (%),
using the following equation.

Dyrea(t) = D(t)/60 + x(t)[kWh] ®)
Note that t: elapsed time within the evaluation time period
[minutes], and x(t): forecast error for 30 minutes.

On the other hand, for the PV forecast Py, (t), machine
learning is used to make the forecast. The following
describes how the error function x(t) and Pp,..q(t) are
created.

1) How to Create the Error Function x(t)

First, 300 uniform random numbers are created within
+10% of electricity demand, and their cumulative
distribution function is shown in Fig. 2. Then, 300 random
numbers between 0 and 1 are created, and the horizontal
axis D(t) corresponding to the probability on the vertical
axis of the cumulative distribution function in Fig. 2 is
created as a normal random number.

Next, numerical integration is performed from the
following stochastic differential equation (Langevin
equation) using the normal random numbers as white noise
[7].[8]. This sequence is then repeated 3000 times, and the
ensemble average is used as the error function. The
backward Euler method, trapezoidal method (Crank
Nicolson method), and Runge-Kutta method are used as
the integration methods.

mZ—f = —ax(t) + w(t) (6)

Note that t: time, x: prediction error, m: inertia term (=
0.04), a: drift term (= 0.5), w(t): white noise (irregular
error).

Each error function is created from data for 10 time
periods divided into 30-minute intervals from 10:00 to
15:00, the evaluation time period. This error function is
shown in Fig. 3.
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2) PV Forecasting Method: P,,..4(t)

The PV forecasting method use neural network, a form of
machine learning. Among them, RNN (Recurrent Neural
Network) has the advantage of treating data as a time series,
and has been confirmed to be a very useful method for
weather forecasting. Therefore, in this paper, solar radiation
forecasting is performed using a conventional RNN and
LSTM (Long-Short Term Memory) [9], which enables
long-term memory, and the predicted PV output is
calculated from equation (3). LSTM is a method developed
to deal with the gradient loss and gradient explosion
problems that occur when training with conventional RNN,
and consists mainly of an input gate, an forget gate, and an
output gate, as shown in Fig. 4. The three gates control the
flow of information into and out of the cell. Each parameter
in Fig. 4 can be expressed by the following equation.
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Table 1. Learning Parameters for Each of the Neural Network

Number of input layer units 7
Number of middle layer units 22
Number of output layer units 1

Loss function MSE
Optimization algorithm ADAM
Learning rate 0.001
Time step 180
Batch size 1024
Output layer activation function linear

Forget gate: fo = o(Wp X [he_q, x¢] + by) (7
Input gate: ir = o(W; X [he—y, ] + b)) (8)
ge = oW, X [he—y, x¢] + be) )
Output gate: o, = o(W, X [h,_y,x ] +b,)  (10)
h; = o X tanh(C;) (11)
Cell stage: Co=fiXCoq + i X ge (12)

Currently, the supply and demand of electricity in Japan is
traded on JEPX (Japan Electric Power Exchange) for 48
frames of electricity divided into 30-minute units over a
24-hour period. This JEPX has two main markets, called
the spot market and the intraday market, as shown in Fig.
5. The spot market is open from 8:00 to 17:00 and trades
are conducted for the next day. On the other hand, the
intraday market is open 24 hours a day from 17:00 on the
previous day and trades are conducted until one hour
before the electricity delivery time.
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Fig. 7. Comparison of PV Forecast Correlations

Table 2. RMSE by Correlations

With Without
correlation correlation
RMSE [kWh] 0.6936 0.9997

when retail electricity providers bid in the intraday market,
they must decide on the amount to bid at least one and a half
hours before the delivery time of electricity. For this reason,
this paper assumes the trading hours of retail electricity
providers in the intraday market and uses PV output two
hours later as the forecast target, taking into account
calculation time. The seven characteristic quantities are
time, solar radiation, temperature, atmospheric pressure,
humidity, wind speed, and weather. When using these
features as input data, time steps are simulated for the past
1 hour, 2 hours, and 3 hours, respectively. As a result, the
accuracy is best for the past 3 hours, and therefore, the 3-
hour time step is used. The input data is then used for the
years 2018-2020 observed at Nara Meteorological
Observatory. In this case, since it has been confirmed that
solar radiation has seasonal correlation, input data should be
chosen carefully to improve the accuracy of the forecast
[10]. Therefore, in this paper, we check the results of two
types of forecasts, one that takes seasonal correlation into
account and the other that does not take seasonal correlation
into account. Then, we compare the forecasting methods
using RNN and LSTM from the data of the one with better
forecasting accuracy. In the forecasting that takes seasonal
correlation into account, input data for the three months
before and after the forecast target is used, and the neural
network is used to learn and strengthen the correlation. On
the other hand, for forecasts that do not take seasonal
correlation into account, data going back 8 months from the
forecast target are used as input data. For example, a
forecast that takes into account seasonal correlations would
learn two months from March to April 2020 and three

months each from April to June 2018 and April to June 2019.

On the other hand, for forecasts that do not take seasonal
correlations into account, eight months are learned from
September 2019 to April 2020. In addition, the number of
units that resulted in the smallest forecast error when the
number of units in the middle layer is increased to some
extent is used [11]. Fig. 6 shows this result. In addition,
MSE (Mean Squared Error) is used as the loss function and
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Fig. 8. Comparison of PV Forecasting Methods

Table 3. RMSE for Each Forecasting Method
(With correlation)

RNN

0.8259

LSTM
0.6936

RMSE [kWh]

the optimization algorithm is ADAM (Adaptive Moment
Estimation). The equation for updating the weight by
ADAM is shown below.

m() = UO = 0
0E
my=pime +(1— ﬁl)%

Ve = BV + (1= B2) (Z_fv>

. T

m; =

2

1-53
~ __ UT
TR
w=w-—a ;18 (13)

Note that 8; = 0.9, 8, = 0.999, @ = 0.001, £ = 1078,
m: first moment estimate, v: second raw moment estmate
7. number of parameter updates, w: weight.

Each parameter in this ADAM uses the recommended
parameters [12].

Using these numbers of units, a three-layer neural network
is constructed and forecasts are made. The values of these
learning parameters are shown in Table 1.

Fig. 7 shows the results of PV forecasts with and without
seasonal correlation at May 1, 2020, and the RMSE (Root
Mean Squared Error) is shown in Table 2. From this, it can
be confirmed that the PV output forecast accuracy
improves when the seasonal correlation is taken into
account. Table 3 shows the RMSE for the forecast results
of RNN and LSTM for the forecast with seasonal
correlation. Fig. 8 confirms that LSTM is more accurate
than RNN, but it is not able to follow the rapid PV
fluctuation from 10:00 to 11:30, respectively. The cause of
this is thought to be influenced by the parameters of the
neural network, such as activation function, number of
training cycles, and batch size, but the main reason is that
training data close to the actual values were not prepared.
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(LSTM)
Table 4. Comparison of Imbalance Cost
RNN LSTM
Surplus imbalance cost[yen] 713.04 268.69
Insufficient imbalance cost[yen] | 0 36.75
Total imbalance cost[yen] 713.04 231.94

Therefore, it is possible that better forecasting results can be
obtained by including past data in which sudden
fluctuations occurred as training data. In addition, since it
is necessary to optimize the parameters, improvement of the
training data and the forecasting method is an issue to be
addressed in the future.

3. Simulation Result

Fig. 9 shows the relationship among the grid connection
point power flow G(t), battery recharge/discharge power
B(t), and imbalance power flow during the evaluation time
period using the Crank Nicolson method and LSTM.

Fig. 9 shows that at the retail electricity providers, the
insufficient imbalance is not completely resolved at 11:00
to 11:30, 12:00 to 12:30, and 13:30 to 14:00, and the surplus
imbalance is not completely resolved at 10:00 to 11:00,
11:30 to 12:00, 12:30 to 13:00, and 14:30 to 15:00 even
when the battery storage is charged and discharged. Based
on these results, the imbalance costs for each time period
according to the unit cost of imbalance costs on May 1, 2020
are shown in Fig. 10, and a comparison of costs in RNN and
LSTM is shown in Table 4 [13]. At present, there is no clear
standard to indicate the degree of contribution to
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maintaining the supply-demand balance of the grid, since
there is no obligation to implement the same amount as the
planned value in the microgrid. Therefore, we assume the
imbalance cost paid by conventional retail electricity
providers as a penalty for RMG. The result is that RMG
receives 713.04 yen when forecasted by RNN and 231.94
yen when forecasted by LSTM. Fig. 10 shows that the
imbalance costs are significantly larger from 10:00 to
10:30 and from 12:30 to 13:00 during the evaluation time
period. We consider that these time periods are due to the
creation of stochastic errors and particularly inaccurate PV
power generation forecasts. To reduce imbalance costs
during these time periods, we consider that, as mentioned
earlier, there is a need to be devised in training data and
forecasting methods, and to plan bids more strategically
based on market bidding time.

4. Conclusion

This paper limits the bidding time of retail electricity
providers to a few hours before the electricity market
closes, but shows how RMG reduced imbalance costs by
recharging and discharging storage batteries, while at the
same time reducing imbalance power by the same amount.
Electric power simulation using an error function and
neural network confirm the need to consider seasonal
correlation in PV output forecasting and that LSTM has
higher forecasting accuracy than RNN. In that case, the
prediction was made from the standpoint of a retail
electricity provider by considering the bidding time and
seasonal correlation in the electricity market, but it is
necessary to further improve the prediction accuracy by
successively changing each parameter of the neural
network and the input data. Although a three-layer neural
network is used in this paper, it may be possible to further
improve the forecasting accuracy by increasing the
number of middle layers and using deep learning.

Therefore, in the future, the authors are going to apply the
deep learning and to consider various input data patterns
and make predictions. The authors also intend to consider
bidding times from several days in advance to reduce
imbalance costs, which are important for retail electricity
providers.
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