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In this paper, the authors analyze the prices of elec-
tricity spot market in California. Firstly, we discuss
the relation between annual demand of electricity
and the temperature in California. We identify the
electricity demand is related to temperature using
possibility regression analysis. Then we show the
fluctuation of electricity price is influenced by the

‘demand. In the early summer season of 1998, the

relationship between temperature and electricity

.price in California was simple. However, in the mid
summer season in 1998, the price volatility of the
electricity goes on increasing. Secondly we show that
the expectation (speculative buying) of the market
participant which is formed by temperature fluctua-
tion induced the price volatility. We show that the
price volatility is affected by temperature fluctuation
for a previous few days.

Keywords: possibility regression analysis, fuzzy number,
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1. Introduction

Electricity spot market in California had been opened
from April 1998 to March 2001 [1], [2]. That spot market
has opened for only 3 years (1998, 1999 and 2000). In
the year 2001, the market has closed by reason of its
‘structural defect [3].

Generally, the market prlce is determined by the bal-
ance of supply and demand. In the same way the price of
electricity spot market in California was determined in
the California Power Exchange (CalPx) where the elec-
tricity supplier -and the electricity buyer participated in
the auction. The auction mechanism was sealed bid auc-
tion, that the market participants had to forecast the other
market participants’ bidding price in order to maximize
their profit. Therefore they needed to forecast exactly the
electricity demand [4]. In the electricity market, the de-
mand generally depends on the temperature, therefore the
climate has usually influence on electricity prices. How-
ever the price fluctuation of electricity in CalPx was
strange [5].
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The objective of this paper is to analyze the relation-
ship of temperature and electricity demand, and further-
more to predict the behavior of electricity prlces (in a
period of high temperature).

2. Price Model of Electricity in California

In the well-balanced market, the spot price of electric-
ity is determined by the demand and supply. In the days
of the beginning of the California Power Exchange (on
April, 1998), the market price depended on the. demand.
The electric power supplier, in order to maximize profit,
needs to do an accurate estimate of electricity demand.
Based on the prediction of the demands the electricity
prices are determmed

2.1. Electricity Demand 'Mddel in California Based
_on Climate Model Using Possibility Regression
Analysis

Based on the maximum temperature, the electricity
demand is generally forecasted. It is a conventional idea.
Our discussion starts at this ordinary idea. Fig.1 shows a
correlation of the maximum temperature/day and maxi-
mum electricity demand in California [6]. Here, as the
maximum temperature/day, we used either of higher one
among temperature of San Francisco and temperature of
Los Angeles. Electricity demand receives influence by
temperature and the date and time. We think that tempera-
ture also influences a sudden rise of a demand among
other things. The maximum demand (D) increases in pro-
portion to square of the maximum temperature (Temp),
approximately. Thus we used the 2nd polynomial to D-
Temp model (eq.(1)). The parameters of following equa-
tion (1) were determined by the least squares.

D =(23.06)emp  + (-442.73)Temp + 24098.2. (1)

- D :Maximum Demand [MW]
Temp :Maximum Temperature [deg. C]

Furthermore, we can find out that the change of the
temperature is a periodical pattern throughout the year.
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Fig. 1. Correlation between maximum temperature and
electricity demand (California: Max{San Francisco, Los
Angeles }).

Thus we use a following periodical model (eq. (2)) as
a seasonal model of California.

’mp =Ag+A, - sin(2nd/T) + A, - cos(2nd/T) . (2)

In equation (2), the parameters Ao, A1, and A; are de-
termined by fuzzy (possibility) regression analysis [7].
The parameters Ao, A1, and A, are determined by fuzzy
(possibility) regression analysis. Thus variable Temp (left-
hand side) is a fuzzy number which is also expressed by
2 parameters, namely Ai<ao, c; >. Where ao is a center
value of a fuzzy set. c; is a deviation of fuzzy set.

We do the following linear conversion in order to de-
termine parameters ao, co, a1, C1, @z, and ¢z,

Emp =Aq +A1 -Xi +A2 2. ¢ N (3)

‘where X, X; are sin(2rnd/T), cos(2nd/T) , respectively.
Then we solve the following linear programming prob-
lem:

n

Minimize 2 (o + C1x; + C2x1)
i=ml

Subject to:
ag + ayxy + ae ~ (co + Cyxy + C2%) < Temp,

Qg + a1Xz + A%z — (Co + €12 + Ca%p) < Temp,
Qo + Xy + A%, — (Co + C1Xp + CoX) < Temp,

Qg + a1 X + axx; + (Co +Cix; + szl) -4 Témp1

Qg + a1z + azx; + (Co + €1z + C2%0) = Temp,

Qg + Q1X, + aX,+ (Co + €1 X + Caxy) = Bmp ,

and:
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Fig. 2. Result of the possibility regression analysis.
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Fig. 3. possibility domain of the maximum electricity de-
mand.

Co,Cl,szo..............; ............... (4)

After the above optimization, we obtained the follow-
ing values of Ag, A1, and A», respectively.

Ay @ <23.87, 8.28>
A; 1 <4.24, 0.0>
A; : <-2.55,143>

This model may be compared to the climate of the
California (the climate that we watched from electricity
demand). Fig.2 shows possibility range of the maximum
temperature through the year. :

Based on equation (1) and (2), we estimated the pos-
sibility range of the electricity demand as shown in Fig.3,
all the year round.

2.2. Relation between Temperature and Electricity
Price

In this section, we discuss the fluctuation of prices of
electric power market. Fig.4 shows the relationship of the
electricity spot prices in CalPx and the maximum tem-
perature, in California in 1998. Dashed line and solid line
show the maximum temperature/day and the spot prices
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Fig. 4. The relation between price and temperature.
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Fig 5. Maximum temperatm'e/day in California.

of the elecmcnty respectlvely There are three peeks of the
high temperature, i.e. 15" July and 18" July and 4" Aug.

Figure 5 shows the maximum temperature/day of
California. Figs.6 and 7 show respectively the moving

average of maximum demand/day and maximum

prices/day, in order to except the weekly pattern.

When the maximum temperature was on the rise, the
maximum demand was upward tendency. Because of a
law of supply and demand, the price has gone up. The
change of the demand appeared in the beginning of sum-
met. However once temperature has gone up, the electric-
ity demand is keeping the high value, it does not go down
soon. After such a period, when a high temperature is
expected, the prices rise up higher than an earlier occa-
sion. We think that these prices are speculative.

We consider that this speculation is produced by the
market part1c1pants because of their profit maximization
activity.

2.3. Forecasting Model of The Electricity Prices

The characteristics of electricity price data of CalPx
are following.
1) When temperature is going up (we need air condi-
tioner), the electricity price is also going up. The cause
of price rising is the increase of electricity demand.
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Fig. 7. Moving average of maximum prices/day in CalPx.

2) Electricity price has a period of one week that is a
period of social activity. This period is observed
through the year.

3) The price rises only by a sign of temperature increases,
after having recorded a very high temperature once.
(Fig4)

4) A low price of electnc1ty does not always depend on
a change of temperature. (Fig.8)

We consider above-mentioned characteristics and build

a model of electricity price.

Firstly we express electricity price P(¢) of time ¢ by

periodic function of equation (5).

P = PoTerp) + 3, PATemp)sint et + o {Temp)

k=1

Where, Po(Temp) is a DC component, Pi(Temp ) is am-

plitude, i_n is a frequency, and @ (Temp) is a phase,
A :

respectively. Here, T Is inversely-proportional to the
k

social activity period of a week or to a seasonal change
of a year. The equation (5) is shown as the equivalent
equation (6), to make it easy to do the processing of
least square method and regression analysis later.
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Fig. 8. Relationship between temperature and electricity
price.

P()=PiTemp) + 3 BA {(Temp )sin(%t)

k=1

+ 2 PB(Temp )cos(%t), ......... (6)

k=1

where,

Py(x) = PBo(Temp ),

PTemp) =V PAYTemp )? + PBi(Temp )2,

_1PATemp )
i =t l——-,
@x(Temp ) = tan PB{Tmp)

respectively. In order to express the model of only a
short term of the summer, we used the 1st order periodic
function of eq. (7).

P'(¢) = PBo(Temp ) + PA (Temp )sin(—zﬁt)

+ PB,(Temp )cos(-zj.ﬁt) ............. )

Here, we consider, "Why has electricity price risen
suddenly once again?" The following causes can be con-
sidered.

1) If it is too hot, an air-conditioner becomes necessary.

2) A sudden rise of temperature becomes a trigger of
an electric price rise.

Because these conditions are things on the basis of sen-

sitivity of a human being, we decide to use fuzzy model

described by the following rule.

R,: IF mp is low
THEN P=<269,7.39>(%mp)

+<4.18,2.61 > (Temp ) sin (%,n-t)
1

+<5.51,0.0 > (Z2mp ) cos (-zTﬁt)
1

Table 1. IF-THEN rules.

Temp dRmp
dt
Rule 1 Low -
Rule 2 High Large
Rule 3* High Not large

*It is generally necessary, but we do not use it in this case.
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Fig. 9. Fuzzy sets representing "Low", "High", and "Large".

R, : IF mp is high
AND dlfi'—fﬂ is high
THEN P=<821,395> (Zmp)

+ <6.86, 9.66 > (2mp )sin(%t)
1

+<225,7.02 > (emp )cos(}zﬁt)
1

...................................... ©)
R;: IF emp is high
AND B2 s ot high
. 2n
THEN P =PBy(Zmp )+ PA ,(Temp )sm(Tt)
1
+ PB(emp )cos(-zTEt)
1
...................................... (10)

These fuzzy rules show that the market participants bid
the electricity price in the spot market. Rule 1 shows that
market participants expect that the temperature is low, and
does not change rapidly. Rule 2 shows that market par-
ticipants expect that the temperature is high, and is going

- up suddenly. In other words, they bid the high price. This

"""""""""""""""""""" ® model forecasts the price volatility by this rule. Rule 3
shows that temperature is high and constant. It is gener-
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Fig.11. The forecast of the electricity spot prices, while
temperature rises up.

ally necessary, but we do not use it in this case. We use
the following membership functions for the temperature
and the temperature change (i.e. "Low", "ngh" and
"Large") as shown in Fig.9.

where

Low = {1/ 20,1/25,0/28,0/ 30],
High = {0/ 20,0/25,1/28, 1/ 40],
Large = [0/—20, 0/0,1/5, 1/20}.

Figure 10 shows the results of the electricity price
forecast, from 28-June to 5-July, when temperature is not
so high. Parameters of this model are determined using
the first 3 weeks data (i.e., from 7-June to 21-June). Real
line is the recorded original data, and dashed line shows
upper fuzzy value, and dotted line shows lower fuzzy
value. A domain surrounded by two lines is a possibility
domain. Real .data fit into the possibility domain pre-
dicted as shown in Fig.11. Here, model parameters are
determined using first 3 weeks data (i.e., from 12-July to
1-August).

3. Conclusions

The prices-of electricity power market in California
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have been analyzed. Firstly the annual demand of elec-
tricity and the temperature (climate) of California have
been discussed. We show the relationship between the
electricity demand and the temperature with possibility
recurrence analysis. Then we show the price fluctuation
has been influenced by the demand. However, in the sum-
mer season of 1998, the price volatility of the electricity
was increasing. So we suggest that the expectation of the
market participant which had been formed by tempera-
ture fluctuation induced the price volatility. Finally, we
show that the relationship between the price volatility and
the temperature fluctuation was affected by temperature
fluctuation of the last few days. We have proposed the
forecasting model of electricity market based on the profit
maximization behavior of the market participant. We
think that this forecasting model based on the volatility
of human activity can also apply other electricity market.
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