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Abstract

through the analysis of actual data.

In this paper, we formulate a method for minimising the expectation value of the procurement cost of electricity in
two popular spot markets: day-ahead and intra-day, under the assumption that expectation value of unit prices and
the distributions of prediction errors for the electricity demand traded in two markets are known. The expectation
value of the total electricity cost is minimised over two parameters that change the amounts of electricity. Two
parameters depend only on the expected unit prices of electricity and the distributions of prediction errors for the
electricity demand traded in two markets. That is, even if we do not know the predictions for the electricity demand,
we can determine the values of two parameters that minimise the expectation value of the procurement cost of
electricity in two popular spot markets. We demonstrate numerically that the estimate of two parameters often results
in a small variance of the total electricity cost, and illustrate the usefulness of the proposed procurement method
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1 Introduction

In recent years, many power exchanges, such as the
Japan Electric Power eXchange (JEPX), Amsterdam Power
Exchange, European Power EXchange Spot and PJM
Interconnection L.L.C., have been involved in the transfer
of energy. These power exchanges offer platforms for trad-
ing several electricity markets. We focus our attention to
two popular spot markets: day-ahead and intra-day. The
day-ahead market trades electricity one day before deliv-
ery, whereas the intra-day market trades electricity on the
day of delivery.

In practice, it is important for bidders to make a prof-
its as frequently as possible. An accurate forecast of the
unit price of electricity may be helpful to increase profits.
Many researchers use statistical models or machine learning
to forecast the unit price of electricity (e.g., [3, 5, 10, 12, 14]).
Another method to increase profits is strategic bidding,
that is, a simulation of the decision-making process of
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participants in a market. For example, [8] studied a
methodology to obtain the optimal bidding strategy for
generation companies that participate in electric power
markets. Additionally, [13] considered a coevolutionary
approach to estimate individual and cooperative strategies
of buyers in a power market.

The total electricity cost also depends on the prediction
accuracy of energy consumption because the amount of
electricity traded in markets is determined by the result
of a prediction. As described above, electricity is mainly
traded in the day-ahead and intra-day markets. Trading in
these two markets should occur in a particular order: bid-
ders trade the estimated total amount of electricity in the
day-ahead market and then trade in the intra-day market
if the estimated amount of electricity traded in the day-
ahead market is not expected to supply the total demand.
The unit price of the day-ahead market is usually less
than that of the intra-day market. Thus, high prediction
accuracy in the day-ahead market may increase profits.

In practice, however, the prediction in the day-ahead
market can often be unstable because of the uncertainty
of energy consumption. As a result, the procurement cost
of electricity highly depends on the prediction error of
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energy consumption. Therefore, the amount of electricity
traded in the two markets must be determined accord-
ing to the distribution of the prediction error. A few
researchers have discussed bidding strategies based on
the prediction error from a wind power producer’s point
of view [2, 9]. These authors minimised the expectation
value of the total cost of electricity demand.

However, the methods proposed by [2, 9] have three
critical problems. First, the authors estimated the expecta-
tion value of the total electricity cost not according to the
distribution of the prediction error but according to sum-
mary statistics of historical aggregate energy output data,
which implies that their methods can lead to an inappro-
priate expectation value of the total electricity cost. The
second problem is that the variance of the total electricity
cost, which is calculated by a distribution of the predic-
tion error, cannot be obtained using the authors’ methods.
Third, the authors’ methods cannot be applied to multi-
ple electricity markets that are traded in a particular order
because their methodologies were developed based on a
single market.

To overcome the aforementioned problems, we formu-
late a method for minimising the expectation value of the
procurement cost of electricity. Our proposed method can
be used when the unit prices (or the expectation values of
the unit prices) of electricity purchased in the two mar-
kets and those of supplemental electricity purchased at
the time of delivery are provided beforehand (for research
on the prediction of the spot price, see the references in
[3, 10]). The distributions of the prediction error of the
electricity demand traded in both day-ahead and intra-day
markets are taken into account. A numerical integra-
tion or Monte Carlo simulation can be used to obtain
the expectation value of the total electricity cost. For the
Monte Carlo simulation, the variance of the cost can also
be computed. The expectation value of the total electric-
ity cost (i.e., the procurement cost) is minimised over two
parameters, which modify the amounts of electricity to be
purchased in the two markets. To show the effectiveness
of our proposed procedure, we compute the expectation
value and variance of the total electricity cost for various
values of tuning parameters when the prediction error fol-
lows a normal distribution. We demonstrate numerically
that our proposed method results in a smaller variance of
total electricity cost than a procurement method that does
not take the prediction errors into account. The useful-
ness of the proposed procedure is illustrated through the
analysis of actual data.

The remainder of this paper is organised as follows: in
Section 2, we explain the day-ahead and intra-day mar-
kets and the penalty paid for the purchase of supplemental
electricity at the time of delivery. In Section 3, we present
our procurement method that prescribes the amounts of
electricity purchased from the two markets, derive the
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expected total cost of electricity and express the expecta-
tion value of this cost in terms of probability distribution
functions of the prediction error. In Section 4, we report
the results of a numerical calculation in which we min-
imise this expectation value over the two parameters,
assuming that the distributions of prediction errors fol-
low normal distributions with mean zero. In Section 5,
we apply our method to actual data and demonstrate that
the procurement cost can be improved by employing our
procurement method.

2 Electricity markets and the penalty paid for
supplemental purchase

In this section, we explain the day-ahead market, intra-day

market and the penalty for supplemental purchase.

JEPX is one of the most popular electric power
exchanges in Japan. It operates several electricity exchange
markets. We consider participation in two of these mar-
kets: day-ahead and intra-day. In the day-ahead market,
electricity to be delivered on the following day is pur-
chased, and in the intra-day market, electricity to be
delivered on that day is purchased. The delivery sched-
ule of electricity for a given day is divided into 48 periods
that consist of 30 minutes each. The first period is from
midnight to 0:30 a.m. and the final period is from 11:30
p.m. to midnight. For example, if some amount of elec-
tricity is procured for the 25th period in the day-ahead
market, then that amount is designated for delivery on the
next day between noon to 0:30 p.m, whereas if it is pro-
cured for the 25th period in the intra-day market, then it
is designated for delivery on that day between noon and
0:30 p.m.

Suppose we are purchasing electricity for delivery on a
given day. We refer to this day as the “day of delivery”
Then, if for delivery in the ¢-th period, amount e; is pro-
cured in the day-ahead market on the previous day and
amount ey is procured in the intra-day market on the
delivery day, then we have e; +-e3 of electricity available for
delivery in the ¢-th period on the delivery day. The actual
amount of demand for electricity during this period may
be more or less than this amount. We denote this demand
by f ().

Next, we discuss the procedures followed to manage
a mismatch between the amount procured and amount
demanded in the cases of f(t) > e; +e2 and f(¢) < e; +en.
When f(t) > e; + ey, the surplus amount of electricity,
e1+e2—f(2), is acquired by an electric company (a general
electricity transmission and distribution company). In the
case of f(t) < e1 + ey, this company provides the (neces-
sary) supplemental amount f(£) — e; + ey and charges a
penalty for this service.

In this paper, considering electricity procured for a
given period of delivery, we assume the following relations
among unit prices:
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day-ahead unit price < intra-day unit price )

< penalty unit price .

However, there are cases in which the penalty unit price
is less than one or both market unit prices, and the above
inequality does not hold: The intra-day unit price is less
than the day-ahead unit price. Assuming that the penalty
unit price is the highest price is equivalent to assuming
that the market is functioning properly in accordance with
the “planned-value power balancing system” (see e.g., [1]).
Indeed, if the penalty unit price was lower than the mar-
ket unit prices, then foregoing participation in the markets
and simply procuring all electricity as supplemental pur-
chases and paying the resulting penalties would result in
the lowest procurement cost. However, this would place
a large burden on power generation facilities; that is,
it would not be in accordance with the planned-value
power balancing system. Additionally, relying mainly on
the intra-day market for procurement would place a sim-
ilarly large burden on power generation facilities. For
these reasons, we assume the relations (1). However, it
should be noted that this assumption does not have a
significant effect on the results obtained in this work.
We only use this assumption as a condition in the sim-
ulations reported below. With this assumption, following
the method proposed, most electricity is procured in the
day-ahead market.

Assuming that we do not have access to a large storage
cell, we are not able to store electricity, and for this rea-
son, we wish to avoid the scenario in which we procure
an amount of electricity that exceeds demand. However,
given the aforementioned relation among unit prices, we
also wish to avoid paying penalties. It is necessary that
we attempt to optimally balance these two undesirable
scenarios because there is always uncertainty in our pre-
diction of demand. For this reason, devising a procure-
ment method for minimising the procurement cost that
accounts for this uncertainty is very important for the
proper functioning of electricity markets.

3 Proposed method

In this section, we explain the proposed procurement
method and derive the procurement cost for the total
quantity of electricity procured using this method for
delivery during the ¢-th period of the delivery day. Then,
we express the expectation value of this cost in terms of
probability distributions that represent the errors in the
demand predictions.

3.1 Procurement method

The proposed procurement method takes as its input pre-
dictions for demand, f(¢), in the ¢-th period on the day
of delivery. These predictions are made at two times:
once during the day-ahead market and once during the
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intra-day market. With these predictions, using two
parameters A and B that account for the effect of the error
in these predictions and the differences among the unit
prices, our method yields optimal procurement amounts
in the day-ahead and intra-day markets.

Let g(t) denote the prediction for f(¢) made at the
time of procurement in the day-ahead market; hereafter,
the “previous-day prediction” Then, to hedge against the
uncertainty in this prediction, we add some amount A(Z)
and procure the amount g(¢) + A(¢) in the day-ahead mar-
ket. The quantity A(¢) is to be chosen in such a manner
that optimally accounts for the uncertainty in g(¢) and the
differences among the unit prices for the three approaches
of procuring electricity.

Next, let h(t) denote the prediction for f(¢) made at the
time of procurement in the intra-day market; hereafter,
the “same-day prediction” Then, in the intra-day market,
electricity is procured such that the sum of the amounts
procured in the two markets is /(t) 4+ B(¢), where B(¢) is a
quantity that plays the same role here as A(¢) plays in the
day-ahead market. However, in the case that 4(¢) + B(¢)
is less than the amount of electricity procured in the day-
ahead market, this is obviously not possible. In this case,
no electricity is procured in the intra-day market.

3.2 Procurement cost

In this subsection, we derive the total cost of the amount
of electricity procured using the method described in
Section 3.

Let a denote the unit price for the ¢-th period in the
day-ahead market. Because we always consider the ¢-th
period in the following discussion, from this point, we will
generally omit the argument ¢ for the various quantities
considered. Then, because the amount procured in the
day-ahead market is g + A, the cost of this procurement is

Ci=(g+Aa. (2)

Next, let b denote the unit price for the ¢-th period in the
intra-day market. Then, because the sum of the amounts
procured in the two markets is # + B, ifg+ A < h + B,
then the amount procured in the intra-day market is # +
B — (g + A), whereas if g + A > h + B, then the amount
procured in the intra-day market is zero. Thus, the cost of
procuring electricity in this market is

Co=8(g+A<h+B)(h+B—g—A)b, 3

where §(x) = 1 if condition * is satisfied; otherwise,
8(x) =0.

C1 + C; is the combined cost of electricity procured in
the two markets. To obtain the total procurement cost,
we must also calculate the penalty paid for supplemental
electricity, which we denote by Cs. There are two separate
scenarios in which we must purchase supplemental elec-

tricity: that in which the conditiong+A <h+ B < fis
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satisfied and that in which the condition #1+B < g+A < f
is satisfied. Then, with ¢ denoting the unit price for the
penalty, the total amount we pay for the penalty is

C3=68(g+A<h+B=<f)(f—h—-B)
+8(h+B<g+A<f)(f—g—Ac. (4)

Collecting the above results, the total procurement cost
for electricity delivered in the ¢-th period on the day of
delivery is C = C; + C2 + Cs.

3.3 Expectation value of the procurement cost
In this subsection, we obtain an expression for expec-
tation value E[C] of procurement cost C calculated in
Subsection 3.2 in terms of probability distributions that
represent the errors in the demand predictions.

G =f—gand H = f —h are assumed to be random vari-
ables, and we denote the distribution functions of these
variables by Pg(x) and Py (), respectively. We assume that
f and (a, b, ¢) are independent. If the demand f is much
smaller than the total trading volume of the electricity
market, then this assumption would be valid.

The expectation value of procuring electricity in the
day-ahead market is

E[C1] = E[(g + A)d]
= E[a] (E[g] +A) . (5)

Next, we obtain the expectation value of procuring elec-
tricity in the intra-day market, C,. For this purpose, we
first rewrite Cy in terms of G and H:

C=8g+A<h+B(h+B—-g—A)
=8(A—-B<G-—H)(G-—H—-A+B)b. (6)

From this, we obtain

o0

E[C,] =E[b]/ 0(A—B<x)(x—A+B)

—00

/ Pg(x + )Py (y)dydx

— Elb) / (x— A+ B) / Po(x + )P (y)dydx
A—B —00

= E[b] /00 (x — A+ B)Pg_pg(x)dx .
A—B

7)

Finally, we obtain the expectation value of the penalty,
Cs, similarly to that of Cy. First, we rewrite C3 in terms of
G and H:
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C3=08(g+A<h+B=<f)(f—h—B)
+8(h+B<g+A<f)(f—g—Ax
=8(g—f+A—B<h—f<-B)(H-B)
+8h—f—A+B<g—f<-A)NG—A)
=8B<H<G—-A+B)(H—-B)
+8(A<G<H+A—-B)(G—A)x. (8)

We then immediately obtain

E[Cs] :E[c]/ / 8(B < x <y — A+ B)(x — B)Py (x)Pg(y)dxdy
+E[c]/ / 8(A <x <y+A—B)(x—A)Pcx)Py(y)dxdy
oo py—A+B
= Elc] /A /B (x — B)Pr (x)Pg (y)dxdy

oo ry+A-B
+ E[c] /B L (x — A)Pg(x)PH (y)dxdy .
&)

We have thus obtained the following expression for
the expectation value of total cost C for electricity to be
delivered in the ¢-th period on the day of delivery:

E[C] = E[C1] +E[ Co] +E[ Cs]
= Ela] (E[g] +4)

+ E[b] (x — A+ B)Pg_p(x)dx
A—B

00 y—A+B
L] / / (x — B)Py (x)Pg(y)dxdy
A B

oo py+A—-B
+ E|c] / / (x — A)Pg(x)Py (y)dxdy .
B JA
(10)

Then, we know that the values of A and B that minimise
E[C] depend on E[a], E[b], E[c], Pg(x) and Py(y); that is,
even if we do not know the predictions g and %, we can
determine the values of A and B that minimise E[C] if we
know the prediction error distributions Pg(x) and Py (y).

3.4 E[C]inthe case that G and H are normally distributed
In this subsection, we seek the expectation value of the
procurement cost E[C] in the case that the errors in the
demand predictions, G and H, are normally distributed
random variables with mean zero.

We assume that the difference between the previous-
day demand prediction and actual demand G is normally
distributed, with mean zero and variance o1 (£)? = 012,
and that the difference between the same-day demand
prediction and actual demand H is normally distributed,
with mean zero and variance oy ()% = 022. Then, 0% =
o (t)? = o1(t)? + 02(t)?%, the expectation value of C; is
expressed as
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E[C] =E[b] | (x— A+ B)PG_p(x)dx
_ E[b] [ (x+A — B)>

(11)

and the expectation value of C3 is expressed as

oo py—A+B
E[C3] = Elc] A ./z; (x — B)Pr (x)Pg (y)dxdy

0o ry+A-B
+ Elc] / / (x — A)Pg(x)Py (y)dxdy

B E[C] y—A+B
s —— / / (x — B) exp (——) exp < o )dxdy
E y+A—B
2:1(5?]02 [ / - dexp <_7> P ( Zy >dxdy

(12)

We thus have the following result for the expectation
value of the procurement cost:

E[C] = Ela] (f + A) +

Eb) [ ( GtA-B?)
Nz X exp T) x

y—A+B X2 2
+ / [ (x—B)exp | ——— | exp | == |dxdy
2710102 0'2 o1
y+A—B 2 y2
—A — = |dxdy .
+ 2710102 f / G ) exp 012 P 2022 e

Because determining an analytical solution to E[C] is
difficult, we use numerical calculation, such as numerical
integration and Monte Carlo simulation.

4 Numerical calculation of the expectation value
of the procurement cost

In this section, we assume that the errors in the demand
predictions are normally distributed random variables
with mean zero. First, in Subsection 4.1, we report
the results of numerical computations in which, under
fixed procurement conditions, we determine the values
of parameters A and B that minimise E[C]. Next, in
Subsection 4.2, we report the results of Monte Carlo
simulations in which we determine the variance of
C, V[C]. We determine that the values of A and B
that minimise E[C] also yield a relatively small value
for V[C]. Thus, we observe that by carefully choosing
the procurement amounts, we can both minimise the
expectation value of the procurement cost and increase
its stability.

4.1 Numerical calculation of E[C]
With the procurement conditions fixed as

f =100, o1 = \/§: 0y = \/E,
Ela)=1, E[b]=2 El=3,
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we conducted numerical computations in which we deter-
mined the expectation value of C = C; + Cy + Cs.

First, we explain why we chose the above conditions.

We chose the value /3 for the standard deviation
o1 because, among electric companies, the target level
of precision for the previous-day demand prediction
is within +3% ([6], p. 53). Then, because the preci-
sion of the same-day prediction is generally higher, we
chose the value oy = +/2. Next, for the expectation value
of the unit price of the penalty, we chose E[c]= 3
because this unit price is often three times or more
greater than the day-ahead unit price ([11], p. 425)!.
Finally, for E[b], we simply used the average of E[a] and
E[c]. In the “Appendix’, we consider variations of these
conditions.

Varying A over the range [—1.9,3] and B over the
range [—4.9,0], we obtained the plot of (A,B, E[C])
shown in Fig. 1. In this plot, the A axis points along
the 10 oclock direction and the B axis points along
the 1 o'clock direction. Data points were calculated at
intervals of 0.1 along each axis. For each graph pre-
sented in this paper, the orientation of the A and B
axes are the same. Additionally, each graph is plotted
using data obtained for each (A4,B) on a grid of mesh
size 0.1 x 0.1.

Considering the nature of the procurement method, it
is clear that sufficiently far from (4,B) = (0,0), the
expectation value of the procurement cost E[C] is large
and increases as we move further away. Thus, we con-
clude that we can determine the values of A and B that
minimise E[C] by considering only the neighbourhood of
(A,B) = (0,0).

Performing the numerical calculation to minimise E[C],
in accordance with the conditions stated above, we found

104.0 &2 ’
103.5}
103. OE
102.5
102,0,\\

Fig. 1 Expectation value of the procurement cost £[C]. This figure is a
3D plot of the expectation value of the procurement cost £[C]
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that it was minimised at (4,B) = (0.6, —2), with a mini-
mum value of E[C] & 101.835. It is interesting to compare
this with the value of E[C] obtained if the amounts
procured in the two markets are simply those given by the
predictions, g and % (i.e., the case in which A = B =0.) In
this case, E[C] ~ 102.329.

From the above results, we observe that with the pro-
curement conditions given above, we can reduce E[C] by
procuring slightly more than the amount of the previous-
day demand prediction and slightly less than the amount
of the same-day demand prediction.

4.2 Stability of E[C]

Generally, even if we have a method to minimise the
expectation value of the procurement cost, this method is
not practically useful when the convergence to the expec-
tation value is slow due to the variance of the cost is too
large. This is because it entails a large financial risk for
companies to use this procurement method when pro-
curement costs continue to be greater than their expected
values even if it is a short term. In the previous sub-
section, we reported the values of A and B for which
the minimum value of E[C] is achieved. In this subsec-
tion, we investigate the unbiased variance of C, V[C],
achieved using these values of A and B. Through this
investigation, we determine that not only do these values
minimise E[C], but they also result in a relatively small
value of V[C].

First, we conducted 10° iterations of a Monte Carlo
simulation of the procurement process for each value of
(A, B) on a grid of mesh size 0.1 x 0.1. From these sim-
ulations, we obtained the variance that corresponded to
each such value of (A4,B). We note that these simula-
tions use Egs. (2), (6) and (8). Here, we do not use the
Eq. (13).

Fig. 2 Variance of the procurement cost V[C]. This figure is a 3D plot
of the variance of the procurement cost £[C]

Page 6 of 16

Density
0.15 0.20 0.25 0.30 0.35
I I I I ]

0.10
I

0.05
|

0.00
L

[ T T T T T 1
100 102 104 106 108 110 112

Cost

Fig. 3 Histogram for C(0, 0). This figure is a histogram for the
procurement cost C(0,0)

The conditions of the simulations were set as follows:

f=100, o1=+3, o03=+2, b=2 c¢=3.

(15)

a=1,

For the previous-day and same-day demand predictions,
we used normal distributions with mean 0:

G~N(0,08), H~N(0,07) . (16)

The results of the simulations, (4, B, V[C]), are plotted
in Fig. 2, with values of A in the range [ —1.9, 3] and values
of B in the range [ —4.9,0].

Density
0.20 0.25 0.30
1 1 1
T

0.15
1

0.10
1

[ T T T T T 1
100 102 104 106 108 110 112

Cost
Fig. 4 Histogram for C(0.6, —2). This figure is a histogram for the
procurement cost C(0.6, —2)
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Table 1 Data for actual demand

t\d 1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19
20 28 31 31 33 35 35 35 35 36 34 34 37 36 37 35 35 37 35 33
21 28 30 31 34 34 35 36 35 39 33 33 38 34 36 33 36 37 36 33

22 29 31 33 35 35 35 34 36 38
23 30 31 33 34 34 34 34 35 38
24 29 30 32 35 32 35 33 35 38
25 27 26 28 31 30 32 31 32 34
26 28 27 27 33 32 32 33 34 34

35 34 38 34 38 34 36 37 35 34
33 35 37 34 36 35 35 38 34 32
33 33 36 33 36 35 35 36 35 33
30 31 33 32 32 33 35 35 31 31
30 33 38 32 32 32 34 37 30 32

We study the dependence of C on A and B, and for this
reason, we express this dependence explicitly by writing C
as C(A4,B).

In the range of values of (A4, B) considered in our simu-
lations, the variance was minimised at (4, B) = (1, —1.4),
and the value was V[C(1, —1.4)] = 1.693098. This value
should be compared with the values of the variance at
(0,0) and (0.6, —2), where E[C] is minimised: V[C(0,0)] =
2.879739; V[C(0.6,—2)] = 1.821432. Thus, the variance
achieved when electricity was procured by simply follow-
ing the demand prediction was 1.7 times larger than the
minimum value, whereas that achieved for the values of A
and B that minimised E[C] was only 1.07 times larger than
the minimum value.

Figures 3 and 4 show histograms of the simulation
results for C(A, B) obtained in the cases (4,B) = (0,0)
and (0.6, —2).

From the above results, we determine that with the
proposed method, and under the procurement conditions
stated above, we were able to purchase electricity with
a more stable price than in the case that procurement
was made simply in accordance with demand predictions.
This effect can be understood as resulting from a sup-
pression of the penalty paid because of an increase in the
amount of electricity procured in the day-ahead market.
Additionally, as can be observed in Fig. 2, when A was

Table 2 Previous-day predictions of demand

large, the value of B had almost no effect on the vari-
ance of C. This can be understood as resulting from the
fact that because there is little difference between the
variances of the previous-day and same-day predictions, it
is usually possible to procure the necessary electricity in
the day-ahead market.

5 Simulations using actual data

In this section, we report the results of simulations of
the proposed procurement method using actual data.
From these simulations, we determine that this method
minimises the procurement cost. We use kilowatt-hours
(kWh) as the unit of electricity and Japanese yen as the
unit of cost.

The data presented in Table 1 are the actual values
of demand f(¢,d) experienced by a particular facility in
Kasuga City, Fukuoka Prefecture, on 19 weekdays corre-
sponding to the values d = 1 to 19, in January 2017 (days
1-3 correspond to January 4 to January 6, days 4—7 corre-
spond to January 10 to January 13, days 8—12 correspond
to January 16 to January 20, days 13—17 correspond to
January 23 to January 27 and days 18—-19 correspond to
January 30 to January 31) for the periods t = 20 to ¢ = 26
(from 9:30 a.m. to 1:00 p.m.) We limit the time zone from
t = 20 to t = 26 because the prediction errors of this time
zones are large.

t\d 1 2 3 4 5 6 7 8 9

20 33 32 32 32 32 32 33 33 33
21 32 32 31 32 32 32 33 33 33
22 31 31 31 32 32 33 33 33 33
23 32 31 31 32 32 33 33 33 33
24 31 31 31 31 31 32 32 32 33
25 29 29 28 28 29 29 30 30 30
26 29 30 29 29 30 30 30 31 31

33 34 34 34 34 35 35 36 36 36
34 34 34 34 34 35 35 36 36 36
34 34 34 35 35 35 36 36 36 36
34 34 34 34 34 35 35 36 36 36
33 33 33 34 34 34 35 35 36 36
31 31 31 31 32 32 33 33 34 34
31 32 32 33 33 33 33 34 34 34
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Table 3 Same-day predictions of demand
t\d 1 2 3 4 5 6 7 8 9 10 M 12 13 14 15 16 17 18 19

20 33 29 31 34 34 34 32 36 34
21 32 30 30 34 33 33 33 35 34
22 31 30 32 33 34 33 34 36 35
23 32 32 31 33 34 33 33 34 35
24 31 31 31 33 33 32 34 32 36
25 29 29 28 29 30 30 30 31 32
26 29 29 29 29 31 31 31 32 34

35 33 32 37 36 35 36 34 37 34
36 33 34 36 34 35 34 35 37 36
34 35 35 36 35 36 35 36 37 34
35 33 36 35 35 34 35 36 36 34
32 33 36 33 34 33 36 36 35 34
31 30 33 30 34 30 34 35 34 32
30 32 33 34 33 32 33 35 34 31

In actual electricity markets, in the day-ahead market,
the unit of traded electricity is 500 kWh ([7], p. 7), whereas
in the intra-day market, it is 50 kWh ([7], p. 12). How-
ever, these units of traded electricity are larger than the
demand of the facility. Therefore, in this paper, we assume
the scenario in which the amount of electricity traded in
the markets can be freely adjusted and smaller amounts
can be traded.

Previous-day predictions g(¢,d) and same-day predic-
tions (made 90 minutes before each time period in ques-
tion) h(t,d) for the actual demands are presented in
Tables 2 and 3. Figure 5 is a line chart of the actual
demand, the previous-day prediction of demand, and the
same-day prediction of demand when d = 10.

In Tables 4, 5 and 6, we present day-ahead market
unit prices a(¢, d), intra-day market unit prices b(¢, d) and

penalty unit prices c(t, d) for the same days and time peri-
ods as in the previous tables. The prices listed are the area
prices for the Kyushu region. Additionally, for each intra-
day unit price b(t, d), we use the average price during the
intra-day market for this time period. These data were
obtained from the JEPX website on January 31, 2018.

To derive the optimal values of A and B, we need pre-
dictions of the unit prices and error distributions for the
demand predictions. However, we do not presently have
a systematic method for generating predictions of unit
prices. For example, there is research on price predic-
tion [12]; however, the trading method of JEPX changes
frequently, which causes fluctuations in prices, so price
prediction does not apply to recent data.

Instead, we use the following simple prescription for the
predictions of the day-ahead unit price a(¢, d), intra-day

demand[kWh]
30 31 32 33 34 35 36 37 38 39 40
1 1 1

29
|

28

— Actual demand.
- Previous-day prediction of demand.
Same-day prediction of demand.

20 21 22

prediction of demand when d = 10

T T T 1
23 24 25 26

timezone

Fig. 5 Actual vs. predicted data (d = 10). This figure is a line chart of the actual demand, the previous-day prediction of demand, and the same-day
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Table 4 Day-ahead market unit prices
\d 1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19

20 775 1285 1163 1163 1163 1163 1500 2000 1512 1501 1298 2000 2000 2000 2000 1700 13.00 1539 1375
21 749 1232 1110 1163 1036 11.10 1163 1729 1409 1350 1163 1638 1708 1500 1724 1195 1216 2000 1163
22 611 1193 1110 890 970 1033 1163 1163 1220 1300 1056 1500 1500 13.00 1500 11.75 1163 2000 11.62
23 611 1163 957 868 970 11.10 1129 1163 1081 1163 1021 1300 1290 11.63 1242 1059 1133 1502 994
24 594 879 957 862 968 990 1036 1163 1148 1160 1021 1300 1248 1163 1242 1006 1065 1326 878
25 591 868 816 740 827 844 827 883 897 907 868 1163 989 989 1006 805 989 893 742
26 591 868 752 733 827 844 827 820 883 883 857 1163 913 880 1006 774 898 857 734

Table 5 Intra-day market unit prices
t\d 1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19
20 711 1158 1133 1027 1097 1105 1342 1934 1427 1457 1241 2092 1568 2193 1714 1919 1252 1517 1364

21 725 1133 1105 992 965 1002 1027 1541 1377 1344 1065 1872 1525 1555 1540 1261 1211 1830 1145
22 681 1126 1048 832 975 990 1053 1166 1247 1273 988 1799 1345 1415 1333 1187 1150 1800 10.69
23 674 1146 974 832 961 1004 1049 1124 1043 1044 993 1550 1274 1203 1173 1003 1079 1466 943
24 620 743 980 812 962 966 928 1017 1061 997 982 1594 1241 1189 1167 963 10.16 1394 842
25 584 834 931 760 841 857 853 949 910 861 852 1359 979 954 1034 790 959 775 831

26 576 820 851 762 834 841 855 923 868 845 847 1364 942 946 988 /89 886 862 804

Table 6 Penalty unit prices
N\d 1 2 3 4 5 6 7 8 9 10 M 12 13 14 15 16 17 18 19

20 8.

6 1029 1648 1079 1017 1175 1120 1987 1236 1295 1322 2035 1436 16.13 1166 1308 1650 1674 1087
21 800 1246 1282 977 952 1039 1037 1370 11.83 1183 1220 1970 1437 1307 1168 1185 1845 1911 1087
22 787 1034 1041 980 996 1091 1041 1219 1108 972 1121 2044 1396 1185 1068 10.05 13.16 1324 974
23 783 982 974 907 1028 11.85 1091 1092 1091 897 1095 1355 1405 1310 1158 889 947 1352 1021
24 776 99 929 899 997 1189 1088 1055 1062 910 975 1352 1364 1314 988 887 917 1210 968
25 766 1099 874 883 902 1023 1034 975 984 901 89 108 1160 1201 970 875 907 888 933

26 759 1109 875 888 902 974 1106 974 962 875 894 1086 1142 1157 953 865 892 845 8091

Table 7 Predictions of the day-ahead unit prices
t\d 1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19
20-24 668 1150 1059 989 1021 1081 1198 1444 1274 1295 1112 1548 1549 1425 1542 1227 1175 1673 11.14

nNd  1-19
25 876
26 8.47

Table 8 Predictions of the intra-day unit prices
0\d 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
20-24 682 1061 1048 899 992 1013 1080 1356 1231 1223 1054 1781 1391 1511 1385 1267 1142 1601 1073

nNd 1-19
25 890

26 8.73
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Table 9 Predictions of the penalty unit prices
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nd 1 2 3 4 5 6 7 8 9 o 1 12 13 14 15 16 17 18 19
20-24 792 1057 1175 968 998 1136 1075 1345 1136 1051 1147 1751 1408 1346 11.10 1055 1335 1494 1027
N 1-19
25 966
26 955

unit price lg(t, d) and penalty unit price ¢(¢, d). For the time
periods 20-24, we use

1
Md) =2 Y wtd), (17)
20<t<24
and for the time periods 25 and 26, we use
H(0) = — > atd) (18)
x -_ 19 x ) )

1<d<19

where x represents a, b and ¢. We chose these prescrip-
tions for the predictions because, as can be observed from
the Tables 4, 5, 6 listing actual prices, the prices dur-
ing the time periods 20-24 vary significantly from day
to day, whereas the prices in periods 25 and 26 do not.
The predictions obtained in this manner for each time
period are presented in Tables 7, 8 and 9. Figure 6 is a
line chart of the day-ahead market unit prices, the intra-
day market unit prices, and the penalty unit prices when
d=1.

For the distribution functions of the errors in the
demand predictions, we use normal distributions with
mean zero. Typically, the demand prediction is performed
using normal linear regression modelling. In particular,
least-squares estimation (LSE) produces a distribution of
the prediction error whose mean value is zero because the
LSE yields an unbiased estimate of the mean of prediction
value.

In practice, the values of A and B are determined
before the trade in both day-ahead and intra-day mar-
kets. Because both A and B depend on the distribu-
tions of the prediction error, these distributions must
be estimated before the trade in the two markets. How-
ever, the prediction in the intra-day market is per-
formed after the trade in the day-ahead markets; hence,
the distribution of the prediction error in the intra-day
market cannot be obtained before the trade in the day-
ahead market. Therefore, we need to estimate the dis-
tribution of the prediction error without the prediction
in the intra-day market to determine the values of
A and B.

price[yen]
’

- Day-ahead market unit prices.
Intra—day market unit prices.
—— Penalty unit prices.

20 21 22

whend =1

Fig. 6 Unit prices (d = 1). This figure is a line chart of the day-ahead market unit prices, the intra-day market unit prices, and the penalty unit prices

T T T 1
23 24 25 26

timezone
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Table 10 Estimated values of the variance of the error distributions for the previous-day demand predictions

nd 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
20 1048 941 8.46 764 695 638 594 563 544 537 544 563 594 638 695 764 846 941 1048
21 1329 1193 1073 969 881 809 753 713 689 681 689 713 753 809 881 969 1073 1193 1329
22107 9.6 8.64 78 709 651 606 574 555 548 555 574 606 651 709 78 864 96 10.7
23 929 8.34 75 6.78 6.16 566 527 499 482 476 482 499 527 566 6.16 678 75 834 929
24 1005 9.02 8.11 7.33 666 612 57 539 521 515 521 539 57 612 666 733 8.11 9.02 10.05
25 929 8.34 7.5 6.78 6.16 566 527 499 482 476 482 499 527 566 616 678 7.5 834 929
26 1469 1319 1186 1072 974 895 833 /89 762 753 762 789 833 89 974 1072 1186 1319 1469

The estimates of the variances of the prediction error
are given as follows: For time periods 20-24, to esti-
mate the error variance in the previous-day prediction
171 (t,d), we use the variance of the predicted values of lin-
ear regression [4]. As an estimator of the variance of the
prediction error in the same-day prediction, we use

1

Va(t) = 5

Y. (fd) —ht,d)” . (19)

1<d<19

We present the estimates of the variances obtained in
Tables 10 and 11.

Using the above values for the predictions of unit prices
a(t,d), l;(t, d) and ¢(¢,d), and the variances of the errors
in the demand predictions V1(t,d) and Va(¢), we numer-
ically determined the values of A and B that minimised
E[ C]. However, in thAe case b < a, we chose A = 0,
and in the case ¢ < b, we chose B = 0 to maintain the
planned-value power balancing system because procuring
large amounts of electricity in the intra-day market or at
the time of delivery places a great burden on power gen-
eration facilities, and hence is not a maintainable market
scenario.

Employing the optimised values of A and B that appear
in Tables 12 and 13, and performing the procurement
simulations, we obtained a total procurement cost of

Table 11 Estimated values of the variance of the error
distributions for the same-day demand predictions

n\d 1-19
20 474

21 5.84

22 305

23 242

24 236

25 3

26 463

51,949.95 yen. We compared this cost with those obtained
in two other scenarios. First, if the previous-day pre-
diction of the demand was perfect and we procured all
the electricity in the day-ahead market, then we would
obtain a total procurement cost of 51,140.72 yen. Second,
using the actual predictions g and #, if we simply pro-
cured electricity in accordance with these predictions (i.e.,
always using (4,B) = (0,0)), we would have a procure-
ment cost of 52,225.97 yen. Thus, the procurement cost
achieved with our method was 809.23 yen higher than in
the ideal case of perfect demand prediction and 276.02
yen lower than in the case that the ordinary procurement
method was followed. This result show that the procure-
ment cost can be reduced by about 0.5%. It is important
to reduce the procurement cost by 0.5% for electric power
companies.

With the assumption that individual procurements can
be made in any amount, the simulations conducted using
actual data demonstrated that our method minimised the
procurement cost. Because the simulation time was short
and the simulation scale was small, the cost reduction was
small. But, if the simulation time was long and the sim-
ulation scale was large, then a significant cost reduction
could be expected.

6 Conclusion

We formulated a method for minimising the expected
procurement cost of electricity and we reported the
results of simulations of the proposed procurement
method using actual data. From these simulations, we
found that this method minimised the procurement cost.
Based on the above discussion, to reduce the procure-
ment cost it was necessary to estimate not only the
accuracy of predictions but also the prediction error
distributions. In this paper, the prediction error distri-
butions were assumed to be normal distributions, but
the actual prediction errors did not always become nor-
mal distributions. To achieve further cost reduction,
an estimation of the prediction error distributions is
indispensable.
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Table 12 Optimal values of A
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N\d 1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19
20 -508 O 0 0 0 0 0 0 0 0 0 -212 0 37 0 ) 0 0 0

21 575 0 0 0 0 0 0 0 0 0 0 242 0 -415 0 562 0 0 0

22 562 0 0 0 0 0 0 0 0 0 0 -224 0 -373 0 -502 0 0 0

23 531 0 0 0 0 0 0 0 0 0 0 -208 0 -346 0 -468 0 0 0

24 561 0 0 0 0 0 0 0 0 0 0 =217 0 -3.64 0 -483 0 0 0

25 574 537 -502 -469 -44 -415 -395 -38 371 -368 -371 -38 -395 -415 -44 469 -502 -537 574
26 633 -591 555 521 -49 -465 -444 427 -418 -415 -418 -427 -444 -465 -49 -521 555 591 633
Endnote E[C(0.8,—1)] = 104.6559, V[C(0.8,—1)] = 10.32363,

'n the electricity industry, the quantity that we refer to
as the “penalty” is often referred to as the “imbalance fee;”
this is the term used in Ref. [11].

Appendix: Simulations investigating the effect of
altering the procurement conditions

In this appendix, we consider a variation of the condi-
tions (14) given in Subsection 4.2. Using various combina-
tions of the values of the quantities in the conditions (14),
we again conducted 10° iterations of the Monte Carlo sim-
ulation for a range of values of (4, B). We plot the results
for E[C] and V|[C], and then discuss how the value of
(A, B) that minimises E[C] varies with the variation of
these conditions.

First, we consider the case in which the procurement
conditions are as in the conditions (14), except that o7 is
changed from /3 to 5. This increase in o] represents a
decrease in the precision of the previous-day demand pre-
diction. The results of these simulations are displayed in
Figs. 7 and 8. As in the previous case, data are plotted for
A €[—1.9,3] and B €[ —4.9,0].

In the present case, E[C] was minimised at (4,B) =
(0.8, —1) and V[C] was minimised at (4,B) = (1,—0.4).
Below, we compare E[C] and V[C] for these two values of
(A,B) and (A4, B) = (0,0):

Table 13 Optimal values of B

E[C(1,—0.4)] = 104.7144,
E[C(0,0)] = 104.872,

V[C(1,—0.4)] = 10.15707,
V[C(0,0)] = 10.66363.

Using the parameter values A 0.6 and B -2,
which were the optimal parameter values found using
the procurement conditions given in Section 4.2, as stan-
dards for comparison, we found that as the precision of
the previous-day demand prediction decreased, it was
advantageous to increase both A and B.

Next, we consider the case in which the procurement
conditions are as in the conditions (14), except that o5
is changed from /2 to 0.1. This change represents an
increase in the precision of the same-day demand pre-
diction. The results for E[C] and V[C] obtained from
these simulations are displayed in Figs. 9 and 10. Data are
displayed for A €[ —1.9,3] and B €[ —1.9, 3].

In this case, E[C] was minimised at (4, B) = (0.1, —0.1),
whereas V[C] was minimised at (4, B) = (0.1, 0). Below,
we compare E[C] and V[C] for these values of (A4, B) and
(4,B) = (0,0):

E[C(0.1,—0.1)] = 101.441,
E[C(0.1,0)] = 101.4411,
E[C(0,0)] = 101.4415,

V[C(0.1,—0.1)] = 1.101092,
V[C(0.1,0)] = 1.096553,
V[C(0,0)] = 1.097618.

N\d 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
20 271 0 -453 -521 -73 488 0 0 0 0 548 0 -6.28 0 0 0 -402 0 0
21 299 0 499 -574 -89 -532 0 0 0 0 -6.03 0 -786 0 0 0 -448 0 0
22 204 O -322 -379 557 -346 0 0 0 0 -4 0 594 0 0 0 293 0 0
23 -181 O -284 -332 486 -3.02 0 0 0 0 345 0 -484 0 0 0 -254 0 0
24 177 O -2.77 -39 477 -289 O 0 0 0 334 0 452 0 0 0 246 0 0
25 26 -263 266 -269 -273 -276 -279 -281 -283 -284 -283 -281 -279 -276 -273 -269 -266 -263 -26
26 32 -323 -327 -332 -336 -34 344 347 -349 35 349 -347 -344 -34 336 -332 -327 -323 -32
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Fig. 7 Expectation value of the procurement cost £[C]

Fig. 8 Variance of the procurement cost V[C]

-2

Fig. 9 Expectation value of the procurement cost £[C]

Fig. 10 Variance of the procurement cost V[C]

103.5
103.0
102.5
102.0

Fig. 11 Expectation value of the procurement cost £[C]

Fig. 12 Variance of the procurement cost V[C]
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Fig. 13 Expectation value of the procurement cost £[C]

Fig. 16 Variance of the procurement cost V[C]

Thus, we observe that when the precision of the same-
day demand prediction improved, it was advantageous to
decrease A and increase B from their standard values.

As the next scenario, we consider the case in which
the procurement conditions are as in the conditions (14),
except that the intra-day unit price b is decreased from
2 to 1.2. In Figs. 11 and 12, the results of these simula-
tions for E[C] and V[C] are plotted for A €[ —1.9,3] and
Be[-29,2].

In this case, E[C] was minimised at (4,B) =
(=0.1,—-0.5), and V[C] was minimised at (4,B) =
(—=0.1,0). Below, we compare E[C] and V[C] for these
values of (A, B) and (4, B) = (0, 0):

E[C(-0.1,-0.5)] = 101.5671, V[C(-0,1,—0.5)] = 1.24487,
Fig. 14 Variance of the procurement cost V[C] E[C(-0.1,0)] = 101.608, V[C(-0.1,0)] = 1.178014,
E[C(0,0)] = 101.6139, VI[C(0,0)] = 1.179224.

4 4

Fig. 15 Expectation value of the procurement cost £[C] Fig. 17 Expectation value of the procurement cost E[C]
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Fig. 18 Variance of the procurement cost V[(]

Thus, we observe that when the procurement cost in the
intra-day market decreased and approached that in the
day-ahead market, it was advantageous to decrease A and
increase B from their standard values.

As the fourth scenario for comparison, we now consider
the case in which the procurement conditions are as in
the conditions (14), except that intra-day unit price b is
increased from 2 to 2.8. The results of these simulations
are displayed in Figs. 13 and 14 for A €[ —1.9,3] and B €
[—4.9,0].

In this case, E[C] was minimised at (4, B) = (0.7, —3.8)
and V[C] was minimised at (4,B) = (1.2, —2.2). Below,
we compare E[C] and V[C] for these values of (4, B) and
(A,B) = (0,0):

E[C(0.7,—3.8)] = 101.8878, V[C(0.7,—3.8)] = 2.1443,
E[C(1.2,—-2.2)] = 101.9767, V[C(1.2,—2.2)] = 1.946507,
E[C(0,0)] = 102.2913, VI[C(0,0)] = 2.837869.

Table 14 Changes in optimal values of A and B with respect to
their standard values

A B
Precision of previous-day Increase Increase
demand prediction decreases
Precision of same-day demand Decrease Increase
prediction increases
Intra-day unit price approaches Decrease Increase
day-ahead unit price
Intra-day unit price approaches Increase Decrease
penalty unit price
Day-ahead unit price decreases Increase Decrease
Penalty unit price increases Increase Increase
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Thus, we observe that when the intra-day unit price
increased and approached the penalty cost, it was advan-
tageous to increase A and decrease B from their standard
values.

As the fifth scenario, we consider the case in which
the procurement conditions are as in the conditions (14),
except that the day-ahead unit price a decreases from 1
to 0.5. The results of these simulations are displayed in
Figs. 15 and 16 for A €[ —0.9, 3] and B €[ —4.9,0].

In this case, E[C] was minimised at (4, B) = (1.6, —2.5)
and V[C] was minimised at (4,B) = (3.1, —1.7). Below,
we compare E[C] and V[C] for these values of (4, B) and
(A,B) = (0,0):

E[C(1.6,—2.5)] = 51.2869, V[C(1.6,—2.5)] = 1.158393,
E[C(3.1,—1.7)] = 51.6331, V[C(3.1,—1.7)] = 0.6809917,
E[C(0,0)] = 52.32754, V[C(0,0)] = 4.606727.

Thus, we observe that when the day-ahead unit price
decreased, it was advantageous to increase A and decrease
B from their standard values.

As the sixth scenario, we consider the case in which
the procurement conditions are as in the conditions (14),
except that penalty unit price ¢ increases from 3 to 3.5.
The results of these simulations are displayed in Figs. 17
and 18 for A €[ —1.9, 3] and B €[ —4.9,0].

In this case, E[C] was minimised at (4, B) = (0.8, —1.6)
and V[C] was minimised at (4,B) = (1.2, —1). Below,
we compare E[C] and V[C] for these values of (A4, B) and
(A,B) = (0,0):

E[C(0.8,—1.6)] = 101.9741, V[C(0.8,—1.6)] = 2.080493,
E[C(1.2,—1)] =102.0595, V[C(1.2,—1)]= 1.873814,
E[C(0,0)] = 102.4181, V[C(0,0)] = 3.049496.

Thus, we observe that when the penalty unit price
increased, it was advantageous to increase A and decrease
B from their standard values.

In Table 14, we summarise the changes undergone by
the optimal values of A and B relative to their standard
values because of the various types of changes to the
procurement conditions considered above.
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