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Abstract: We study the adaptive filtering for risk premium and system parameters in electricity futures modes. Introduc-
ing the jump augmented Vasicek model as the spot price mode, the factor model of the electricity futures is
constructed as the stochastic hyperbolic systems with jumps. Representing the main spike phenomena of the
electricity spot price from one observed futures data by proxy, the filtering of the stochastic risk premium and
its system parameters are developed in a Gaussian framework. By using the parallel filtering algorithm, the
online system parameter estimation procedure is proposed.

1 INTRODUCTION In this paper, instead of modeling this process
from the basic principle of supply and demand, the

It is well known that the electricity is quoted same simple mathematical model for this spot price is pro-
as any other commodity, e.g. crude oil, gold, copper posed and leads to calibrate the model parameters
and others. As shown in Fig. 1, the electricity spot and price the options by using the stochastic sys-
prices present a higher volatility than equity prices tem approach. Along this line Schwartz and Smith
and its mathematical model is required for pricing of (Schwartz and Smith, 2000) proposed a two-factor
electricity-related options, risk management and oth- diffusion model and the system parameters are esti-
ers. mated from M.L.E. (Maximum likelihood estimate)

The peculiar characteristic of electricity is that one by using Kalman filter. To apply this method one need
can not store electricity, but there are many other char-to addad hocobservation noise in order to derive the
acteristics which distinguish electricity from other Kalman filter. This assumption has been made by nu-
commodities. merous authors, either in the commodity or interest

From Fig. 1, in which the spot price (ly-ahead  rate markets. The additional noise in the observa-
market) is shown, we observe the special behaviorstion has been interpreted to bring into account bid-ask
of electricity spot, i.e., many spikes frequently and spread, price limits or errors in the information. The
seasonal effect. argument is clearly forced and unconvincing. By us-
ing the idea proposed by (Aihara and Bagchi, 2010),
we approach the modeling differently. In our setup,
on the one hand, the added measurement noise is
built in the model. On the other hand, the model-
ing of the correlation structure between the futures
(observation) is a natural component of our formu-
lation. Hence the model parameters can be calibrated
through the derived likelihood functional without any
ad hocobservation noise.

All the same, in these works, the important spikes
in the electricity prices could not be admitted, because
5 5 s : ] : T including jump$ means giving up on the closed-form

150 200 250
. e oo oS ~ estimator like Kalman filter in (van Schuppen, 1977).
Figure 1. Nord Pool electricity spot price (day ahead im- ———
plicit auction market). 1The closed-form formulae for forwards and options are

Nord pool spot (EUR/MWh)
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Fortunately, for the term structure model in the elec- s
tricity problem, we can represent the jump process for
the spike phenomena by using one observation com-
ponent and transform the Non-Gaussian estimation aer
problem into the Gaussian framework with correlated

3.81
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log S()- trend

noises.
In this paper, from the real data (Nord Pool elec- s2r
tricity spot data ), the linear trend is firstly identified af

by using a least squares method. After subtracting this
linear trend from the spot data and taking the FFT, the

prominent frequency of the seasonality effect is inves- ST
tigated in Sec.2. We choose the spot price dynamicsrigyre 2: Log price (day ahead implicit auction market) mi-
as the jump-diffusion model proposed in (Duffie et al., nus the linear trend.

2000). According to the idea in (Aihara and Bagchi,

2010), we construct the arbitrary free model of the

term structure, including jump-diffusion processes in 2.2 =~ Seasonality

Sec.3. Inthe electricity market, the averaged-type for-
ward and futures contracts are observed and are use
as the observation data for calibrating system param
eters. After presenting this observation dynamics in
Sec.4, we derive the closed form filter for estimat-
ing the whole term structure. To derive this filter, we
choose one component of observation as the proxy for
the spike process of the spot price, sait). Recon- ]
structing the spikes frony(t) and plugging this.into
observation and system equations, the filtering prob-
lem with jumps is converted to the Gaussian frame-
work in Sec.5. For figuring out the filtering problem,
we need to work under the real world measure. Hence
a suggested in (Carmona and Ludkovski, 2004), the
stochastic market price of risk is introduced as the lin-
ear Ito equation. This implies that our extended state,
including the stochastic market price of risk is still Figure 3: Periodogram of the log spot.
Gaussian. Instead of the use of MLE, we suggest the

parallel filtering procedure in (Anderson and Moore, find big power points and zoom in on the plot and use
1979) for obtaining the online state and parameter es-the reciprocal of frequency to label the x-axis in Fig.4.
timation. In the final section, some numerical exam-
ples are demonstrated.

281

%e take the FFT to the data shown in Fig.2 and obtain
“the periodogram shown in Fig.3. From Fig.3, we can

20

18

Real magnutude

Frequency[Hertz

2 |IDENTIFICATION OF LINEAR
TREND AND SEASONALITY

21 Linear Trend

From Fig.1, we can observe a slight downward trend
in the spot data in 2013. A least squares fit gives the
trend line for the log price,

—6x107%+3.74
Now we subtract off this linear trend from the data The 365 days/cycle is not important, but we find

shown in Fig.1 and obtain the data shown in Fig.2. || three outstanding points; 182.5, 60.8 and 45.6

possible, even for the jump-diffusion and Levy processes in days/cycle. We also need to find phases at these points
(Benth et al., 2008). (Red marks) in Fig.5.

6 365 3
daysicycle

Figure 4: Detail of periodogram.
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Figure 5: Angles at each frequencies.

Hence we find that
Set) = Lineartrend + Seasonality
= —6x10%+374
+a;c0921x 164 x 107 — 2.8)
+a,c0g2mx 1425 x 10-% — 0.05)
+a3Cog 2 x 2849 x 10~ % +2.11)(1)

The coefficientsa;, ap andaz are identified to mini-
mize the|logS(t) — Seasonality - linear tref, i.e.,

In

Figure 6: Log price (day ahead implicit auction market)

a; =0.114a, = 0.006 a3 = 0.042
Fig.6, we summarize the above results.
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with linear trend and seasonality.

3

SPOT RATE MODEL WITH
JUMPS

The spot priceS(t) is set as

S(t) = exp(r (t) + St))

622

whereSét) is identified by (1) and the short raté)
is given by the jump augmented Vasicek model;

dr(t) :K(r_—r(t))dt+0rdwr(t)—i—/Rvp(dv,dt), ®)

where w; is a standard Brownian motion process
which is independent of the Poisson random measure
p and the compensated Poisson meagqgigis given

by

Ae(dv, dt) = p(dv,dt) — (A YP(dv) + A~ yM (dv))dt

and where\™ (A™) denotes the positive jump ( neg-
ative jump) time intensity ang® (YM) is a distribu-
tion of the positive (negative) jump size. In this paper
we more specify this jump process as the compound
Poisson processes:

/vp(dv,dt) — PP ANEAT)
R
+IM(E M) dN(EA ),
whereJ (t; ') denotes the jump size with identically
distributed law” andN(t,A") is a counting process

with parameteA’. Here we shall present the simula-
tion results for these compounded Poisson processes:
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Figure 7: Compounded Poisson process.

4 ELECTRICITY MODEL

By a basic no-arbitrage argument it follows that the
price of a futures contra€i(t, T —t) which has payoff
S(T) at future timeT equals to

F(t,T—t)=E{S(T)| A},

with respect to the risk neutral measure. Hence we
can write the futures price as

F(t,T—t)=exp{At,T—t)+B(t,T-t)rt)}, (3

whereA andB satisfy deterministic equations. (See in
(Duffie et al., 2000) for details.) Although this model



is mathematically elegant, it is not consistent with the
forward curveas stated in (Carmona and Ludkovski,
2004). From the systems identification view points,
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where

d1(x) = 0%e X4 :—Zlq(x, X)+ (ATCP(x) + A" CM(x))

the observation futures data are summed to the artifi-and

cial observation noises. In order to avoid this ambigu-

ity, we append the extra noise in (3) as used in (Aihara
and Bagchi, 2010). This noise represents the model

errors from the basic property oft). This will mean

that the corresponding futures price should be given

by a slight perturbation of (3),i.e.,
F(t,T—t)=exp{At, T —t)+B(t, T—t)r(t)

t
+/ odw(s,T —9s)},  (4)
0
where we use the same symbolsin (3) and

/tcrdw(sT—s)— w/tci (T —9dRx(s), (5)
A , —kglo N k(S),

and where(+) is a sequence of differentiable func-
tions forming an orthonormal basis irf(0, T*)? and
{B«(t)} are mutually independent Brownian motion
processes witly A_lﬁ <.,

O2E{W(t, X1 )W(t, %)} = tq(xe,X2)

and . .
g(x,x)d z 0—5
Setting .
F(t,%) = A(t,X) + BOOr (t) +/0t odw(s x+t—s), (6)
the futures contracs(t, T —t) becomes

F(@t,T—t)=exp(f(t,T-t)) @)

with F(T,0) = exp(f(T,0)) = S(T). Now we derive
the explicit forms ofA andB so thatF(t,T —t) is a

% martingale in the risk neutral measure. Applying
the results by (Aihara and Bagchi, 2010), we get The
explicit form of (6) is a solution of

df(t,x) = afét X gt — Gy (0)dt -+ & dwi(t)
v /R Vae(dv, dt)} + odwt, x) ®)
f(0,x) =F(1—e ™)+ g—i(l —e %)
+ % /O "4z, 2)dz+ Sex) + & (0)
+ [ @ +r M@)oz (©)

27* denotes the longest future time in mind

C(x) = /R exple V) Y* (dv) — (10)

5 REAL WORLD DYNAMICS

On the identification problem, we work in the real
world measure. For example, we add a simple risk
premium term to (8) . In this paper, we simplify the
position that the market price of risky(t) comes
mainly fromw (t) but this moves stochastically. We
set this term as

dAw(t) = Kn(A—Aw(t))dt+oadwn(t), — (11)

where the BMBw; is independent ofy, . Now under
the real world measure the BMR () is represented

by t
- / Aw(s)ds
0

Hence our system stalté(t, x) Aw(t)] under the phys-
ical measure becomes
of(t,x)

df(t,x) = = dt—q (x)dt
+e- KX{or( w(t)dt (12)
+dW, (1)) + [rvac(dv, dt) } + odw(t, x)

dAw(t) = Ky (A — Aw(t))dt + opdws(t).

6 OBSERVATION

Noting that electricity is essentially not storable, the
futures contracts are based on the arithmetic averages
of the spot prices over a delivery perip@, T|, given

by

1
T)dt.
T-To TOS()
Now, fort < Tp we can calculate the futures prices by
T
F(t,To,T) = —/ S(T)dt|S(t)}
1
= F T,t)dt
T—-To /1 (Thdt
Tt . g
= expg f(t,x)]dx (13
71 ., @Rl xdx (13)

In practice we adopt the geometric average as an ap-
proximation;
Tt
fi

F(t,To, T) ~ exp

ft,dx.  (14)

T To
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By using this geometric approximation, the observa- whereB® =

tion data for the futures price is set as

1 Ti+(T—To)
WO =g [ 0 (15)
wheret; <To <+ <Tm .
Denoting
Y(t) = Wi () mx1,
we have

dY (t) = Hzf(t,-)dt — H (8 + B(X)or Aw(t))dt
+H[dva(t,~)]+H[B/quc(dv,dt)], (16)

whereB(x) = e ¥,

W (t,X) = B(X)orw; (t) + ow(t, x), a7)
T1+(T—To) Tm+(T=To)
HO =2 [ Daxe [ X
and
Ha() = [ (60— (T-To+T)

—3(n — 1)) (-)dn]mx1.
6.1 Reconstruction of Jump Process

Choosing one yield data fap < T3,

t)= ! /TO+(T7TO) f(t,x)dx (18)
= X
Yo T—To Jg ’

we have
dyo(t) = Hgf (t,-)dt — HO(dy + B(x)orAw(t))dt
+HOlaw t.))+HCB [ vac(av.dp),

whereHO(.) = = To+(T=To) ()dx, and

M) = 6= (T-To+ o)
~8(1 - 70)) ()

HOB. Plugging (19) into (12), we have
of(t,x)
3 dt—(
B(x
+dwim (t,X) + %{dyo(t) -

+HO(Gy + B(x)0r Aw(t))dt — HOdw (t,X) }(20)

df(t,x) = Ga(x) + B(x)arAw(t))dt

HPfdt

We transform the above equation as the robust form

for jump term. Definé
Fit) = 1(6) ~ Syo(t). @y

Hence we get

07t = (2~ Gl (t,) + o yo(t)dt
—(1- G)(G3(x) +B(x)orAw(t))dt
+ (1 - Co)odwi(t,x), (22)
where
Cs= Béo) HY), G= BéO)HO (23)

6.2 Reconstruction of Observed Yields

The original yieldy;(t) becomed
yj(t) =HIf(t,")

. j
—HIf(t )+ 2

+ FyO(t)' (24)

Now we construct the new observation such that

O = i - TPy,
= HIf,.). (25)
Denoting
Y1) = [ (Ol mse1,
and from(H —HCp)Bo; Aw = HBoy Ay —HBo Ay =

Hence it is possible to reconstruct the jump pro- 0, we get

cess fromyp(t) such that

//vqC (dv,ds)

= /Hafds H%u (t,X))

/ 0@ +BX)oAw(S)ds (19

624

d¥(t) = (Hs— HGs) f(t,-)dt+ (Hs— H Ca)%
Yo(t)dt — (H—H G)Gudt + (H — H Go)odw(t, x).
(26)

SWe uedwy —
4We usedH (- )

= (1~ &Ho)om
()dx




7 THE KALMAN FILTER

In (8), Poisson jump processes are included and this
is not a usual Kalman filter problem. There are many
articles for Non-Gaussian filtering problem by using a
martingale approach, e.g. (van Schuppen, 1977) and_
however it is still difficult to derive the closed form
filtering algorithm. In our position, the transformed
system (22) with the observation (26) do not include
jump processes explicitly. Hence our estimation prob-

lem is in the Gaussian framework;

o(150)- ()

+(H —HG)dw(t,x). (28)

Denoting"= E{:|9{}, for 9 = 0{\7(3),yo s

s<t}, we have

(5~ e+ S yo(0)at

—(1— Go)(B(X)Aw(t) + bz (x))dt
+{Pff (H5—HCB)
H(1- C)QH-HG) 1t

x{d\?() (Hs—HGs, )( ;\S(t’? )dt

(s~ HGo) goyolt) — (H ~ HCo) | (29

df(t,x) =

and
dAw(t) = (K Au(t)dt

+Pat(t)(Hs—HG) ®t

7 _ f(t.x)
{ V() — (Hs—HGs . )( e )dt
(Mo~ HC3) goyolt) + (H ~ HCo)ct | 30

whereQ = [q(x,2)(-)dz,
®=(H-HG)((H-H®)Q)", (31)

Adaptive Filtering in Electricity Spot Price Models

and
PO (2 i) +Pre0( 2~ G
—PiA(1- )" — (1— Go)Pat + (1- G)Q(1— (o)
{Brte— o0 + - o -Ha &1
{f’ff(t)(Hs :EHa) (1—Co)Q(H—HCo)*} 7
(32)
ant\() (:x Cs)Pia(t) —Pra()ky

HB

~{Pritti= ToHY" + (1- Q- ey [ 6

{eni0s- Sonr}

(33)

8 ADAPTIVE FILTERING
PROBLEM

8.1 Paralle Filtering

To construct the parameter estimation algorithm, we
confine the general jump process as the compound
Poisson process as stated in Remark, 3%, ¢°) =
Gaussian with meamf; and variance®, and i.i.d for
each jump time and same as the negative jump. Hence
we have

C*(x = exl [ Bly)dy(nP+ 5(05)2)].

As used in (Aihara and Bagchi, 2010), we set the
function formq(x, x). Hence the unknown system pa-
rameters

0=[kroo m" mMaf oY
A A Ky A0y €O CRE,

where® is a known bounded set. Following from
(Anderson and Moore, 1979), the following parallel
filtering algorithm is made:

e Set candidates of unknown parameiesuch that

81 e uniform random vectors i®, j = 1,-, -, mp.

e For eachB!)), we solve the Kalman filter (29, 30)
forti <t <tj,1.

5t is estimated from the initial forward cure. See (Aihara
and Bagchi, 2010)
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e Calculate the posteriori probability,

P8 ¥ ()
p(el) ¥ (4 >>p<?<ti+1>|e<i>,?<ti>>

= = = Y

Yieq POY (tir1)[80, Y (1)) p(B Y (1))
where
p(Fit0)180. 70 Dexp( [ 919132

x {th)—(Hs—Hca 0) ( }Q\S&@ )m
B i
(Mo~ HC3) goyolt) - (H ~ HGp)ehct |

e The estimates of and® are given by

E%ftH4,x9 )p(6'
6= Ze

f(tii1,%) DY (1))

|Y tiy1))

8.2 Resample Procedure for Parameters

The parallel filter algorithm is not sensitive for iden-

tifying many unknown parameters. In this paper, we
propose a new resampling procedure to increase the

diversity of parameter estimates.
o Set the resampling time periddsamp

o Atthetimet; = (N— 1)tresampforn=1,2,---, cal-

culate

(i)}
12

DR (1)) -

fori=1,2,---

z{

e Construct the posteriori distribution by using the
Gaussian approximation:

P(B(I)[Y (tr)) ~ N(B(1);6(i), 8o,
wheree denotes a user defined parameter.

e Generate new sample®()(i) in © from

P(e(i)|\7(tr)). To get new samples i®, we use
the systematic resampling procedure.

« Resetp(80)[7(t)) =

p
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9 SIMULATION STUDIES

In this simulation study, we set the system parameters
in Table-1

Table 1: Systems parameters.

K r o c my A, df
500 3.00 080 01 030 800 0.20
M A oY K A Oy

-0.30 8.00 0.20 6.00 0.40 2.00

Setting the seasonality and linear trend functions
are set in Sec.2, we simulate (12) by using the fi-
nite difference method witdx = 0.01,dt = 0.005 in
Fig.8.

We also generate the observation did) —
[10yi(t)]i for i = 1,2,---,7 with 11 = 0,12 =
0.1,---,t7 = 0.6 shown in Fig.9.

PSRRI N
/B 8

0.4

Time—to—maturity o o Time(year)

Figure 8: f (t,x)- process.

Observation data y

[e] 0.1 0.2 0.3
Time(year)

0.4

Figure 9: Observed dath

If all systems parameters are known, the Kalman
filter works good and such simulation results are
found in (Aihara et al., 2014). Here we shall look
into the feasibility of the proposed on-line algorithm.
Hence we set the upper and lower bounds for the un-
known parameters shown in Table-2 with the tuning
parameters;.



Table 2: Upper and lower bounds for systems parameters.

K r or g myy
Upper 6.5 39 1.04 0.13 0.39
Lower 35 21 0.56 0.07 0.21
€ 1.05 1.05 1.05 1.05 1.05
AT oy mf A oy
Upper 104 0.26 -0.21 10.4.00 0.26
Lower 56 0.14 -0.39 5.6 0.14
I3 1.05 1.05 1.05 1.05 1.05
Ky A O)
Upper 7.8 052 2.6
Lower 42 028 1.4
€ 1.05 1.05 1.05

The estimatef (t,x) is shown in Fig. 10.

0.2

0 Time(year)

Time—to—maturity o

Figure 10: Estimated(t,x).

The estimate of the market price of risk is demon-
strated in Fig.11.

Estimated Ay
True Ay

True and estimated A,

0.3

0.2 . 0.4
Time(year)

Figure 11: True and estimatéd(t).

Now we call demonstrate the estimates of un-
known parameters where we selected€oandr in
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6.5
Estimated value
Lower bound
n 6 —— Upper bound
D True value
£
£ 55 f
IS
5 /\/
=] Sr
]
<
E a5
k7]
<5}
2 4
<
s
=355 0.1 0.2 0.3 0.4 0.5
Time (year)
Figure 12: True and estimated
a4
Estimated value |
3.8 Lower bound N
—— Upper bound
g 3.5 True value
T 3.4
g
§_3.2
= 3r
j<&}
< 2.8 |
E
3 2.6
<6}
= 2.4
8
[<F} 2.2 B
= 2
= (o) 0.1 0.4 0.5

0.2 0.3
Time (year)

Figure 13: True and estimated —

10 CONCLUSIONS

Bringing in the compound Poisson jump process, the
stochastic model for the electricity futures has been
suggested. By using the idea proposed by (Aihara
et al., 2014) the original filtering problem is changed
to the Gaussian framework and its Kalman filter is de-
rived. In the adaptive filtering algorithm, the parallel
filtering method in (Anderson and Moore, 1979) is
used to obtain the on-line parameter estimates with
the new resampling procedure. From the proposed al-
gorithm, it is not possible to estimate the noise corre-
lation parameter, if it exits. The possible way to iden-
tify this parameter is to use the Rao-Blackwellized fil-
ter.
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