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TRODUCTION

The purpose of this paper is to present an algorithm for short term
ction of power demand at energy supply stations of the dutch national
ay system.
The N.V. Nederlandse Spoorwegen, the dutch national railway company,
electrical power for its rolling stock, for safety purposes, and for
ings and related objects. Electric power is obtained locally from the
ncial power companies. At energy supply stations, that are located at
every 22 kilometers of the network, the power is converted from AC to
d supplied to the railway power network. This power is mainly used for
ion, but also for light and heating. The power demand of the railway
network at an energy supply station has rather peculiar characteris-
One characteristic is the peak demand in the hours between 7 and 9,
6 and 19, which may run as high as twice the demand at 12 o'clock noon.
er characteristic is the relatively high variance of the data.
What is the motivation for this investigation? The energy cost that the
ay company is faced with is based on the total power used, and on the
load used in certain time periods. The price structure varies between
ifferent power companies. With the objective to save on energy costs
ailway company is considering to install energy storage facilities at
nergy supply stations to store energy in off-peak hours with which to
en the peak loads. The reduced peak demand of the railway company on
ower network is financially advantageous for the former while increas-
he efficiency for the latter. A feasibility study has been started to
ate this plan. One aspect of the scheme is to develop a control algor-
for the energy storage and use. For this, two subproblems have been
nguished namely: 1) to develop an algorithm for short term prediction
wer demand at an energy supply station; 2) to develop a control algor-
for the energy storage. The prediction algorithm is likely to play a
in the control algorithm.
The problem is then to develop an algorithm for short term prediction
le power demand at energy supply stations. The short term should be in-
-eted as ranging from 15 minutes to 3 hours. Moreover, at each time mom-

wwedictions are required for one to say t periods ahead. This type of




rediction will be called a multi-step prediction. As a basis for prediction
nly power data are to be used. A general formulation of the algorithms is
‘equired that can be used at the different locations of the railway company.

The above formulated problem is similar to the prediction problem of
ower demand in a national electric network. For the latter problem there is
. considerable literature. In general the load is decomposed into a nominal
nd a residual part. The estimation of the nominal part may be done via
'ourier series expansion including adaptation of the coefficients, exponen-
ial smoothing, Wiener filtering, Kalman filtering, or an application of
ecursive least squares [1,3,4,6,7,13,17,18,21,22], Estimation of the resi-
ual part may be accomplished via Karhunen-Lo&ve expansion, Kalman filtering,
r adaptive Kalman filtering. For the problem under consideration it has
een decided to use the adaptive prediction approach.

The adaptive prediction algorithm for power demand data is based on the
alman filter and on an adaptive prediction algorithm for Gaussian systems.
he problem of constructing and evaluating adaptive prediction algorithms
or Gaussian systems has received quite some attention recently [1,5,10,11,
3,19,20,24]. Most of the references quoted consider the stochastic predic-
ion problem for a fixed time increment, while here multistep predictions
re required. Therefore a new algorithm for adaptive stochastic prediction
f the output of a Gaussian system is derived in which multistep predictions

re computed in a recursive manner. The state space view is emphasized.

The problem formulation is presented in Section 2, while the selftuning
redictor for Gaussian systems is derived in Section 3. A model for power
emand prediction is developed in Section 4, based on three different time
cales. The model is an extension of one proposed by BOHLIN [1]. A computer
rogram for this algorithm has been written, and has been implemented on the
omputer of the railway company. Some numerical results are presented in
ection 5.

Acknowledgements are due to Mr. K.G.M. Jeurissen of the N.V. Nederlandse
poorwegen for his cooperation on the problem, and prof. J.C. Willems of the

niversity of Groningen for helpful advice.




OBLEM FORMULATION

As explained in Section 1 electric energy is supplied to the railway
network at energy supply stations. To produce predictions of the power
1 in the railway power network one would need, in principle, information
the total network. As a first step in model reduction it is therefore
ed that energy supply stations only serve a local area and do not inter-
e energy with other stations. A detailed model for the power demand at
ergy supply station is developed in Section 4. '

Over which time intervals must predictions be made? The railway company
et it be known that a general algorithm is desired because the data pro-
ng differs between the local power companies. Therefore some remarks on
ction intervals follow.

In a discrete time prediction model one may distinguish four different

intervals. These intervals are:
the time interval over which data are or become available;
the time interval between the moments that predictions must be made;

the time interval between the time of a prediction and the start of the

prediction interval Ap;

the time interval for which a prediction must be made.
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3 an example one may think of (As,At,Af,Ap) = (5,15,30,60) minutes see
igure 1. To simplify the algorithm somewhat the following assumptions are
ade: there exist kt,kf,kp e {0,1,2,...} such that At = ktAs, Af = kcAt,
) = kpAt. Under these assumptions the prediction algorithm will be designed
ich that it aggregates kt data points of power demand in intervals of As
inutes to At minute totals, and at every At minutes it predicts from kf+-1
> kf-ka time periods of At minutes ahead. The general problem will then be
iken to predict at every time step from one to say t, time periods ahead.

A s-step prediction, with s € {1,2,...} fixed is defined to be a pre-

iction s steps ahead. A multistep prediction, say with t, steps, is defined

1
> be a prediction for l,2,...,t1 steps ahead.

1. PROBLEM. To produce multistep predictions of the power demand at an

1ergy supply station on the basis of load data only.
. ADAPTIVE PREDICTION FOR GUASSIAN SYSTEMS

The power demand prediction algorithm to be presented in Section 4 is
ased on a selftuning adaptive prediction algorithm for Gaussian systems.
he latter algorithm will be derived below.

Let (2,F,P) be a complete probability space and T = Z = {...,-1,0,1,...}
1e time index set. A Gaussian random variable x: © + R© with parameters
¢ R" and Q e Ran’ satisfying Q = QT > 0, is denoted by x € G(1,Q . A
aussian white noise process with intensity V: T - Rnxn’ satisfying for all
e T, V(t) = V(t)T > 0, is a stochastic process v: Qx T - R" such that
7(t),t € T} is an independent sequence and for all t € T, v(t) € G(0,V(t)).

.1. ASSUMPTION. Let be given a stationary real valued Gaussian process on
with zero mean function and covariance function c: T -+ R. Assume that the

rocess has a rational spectral density and that limtam c(t) = 0.

.2. PROBLEM. The multistep stochastic prediction problem for the Gaussian
rocess defined in 3.1, denoted by y, is to determine for all t € T and

€ Z, an expression for

E[exp(iuy(t+S))| FZ],




FZ = o({y(t),¥r < t}) is the o-algebra generated by y up to t € T. [

To solve this problem a representation of the Gaussian process is need-

1 stochastic system theory the concept of a stochastic dynamical system

2zen defined. Loosely speaking such a system consists of a state and out-
rocess such that for all time moments the past and future of these pro-

s are conditional independent given the state at that time moment. In

ollowing only the definition of a Gaussian system is needed.

DEFINITION. A Gaussian stochastic dynamical system, for short a

ian system, is a collection

k

n
{T,R",B_,R",B Rm,Bm,A,B,C,D,V}

k’

T=2, nkyme Z, Rp, B_ is the n-dimensional Euclidean space with
* n nXm kxn kxm
orel oc-algebra, A: T > R®™0, B: T>R , C: T>R ~, D: T>R
> Rmxm such that for all t € T, V(t) = V(t)T > 0. If (9,F,P) is a com-
probability space and v: Q@xT ~» R" a Gaussian white noise process with

sity V, then define x: QX T > Rn, v: QxT » Rk

x(t+1) = A(t)x(t) + B(t)v(L),
y(t) = C(t)x(t) + D(t)v(t).

rocess x will be called the state process and y the output process. A
invariant Gaussian system is a Gaussian system for which A, B, C, D and

time-invariant. g

It may be shown that a Gaussian system is a stochastic dynamical system
fined above 3.3. The question now is whether the Gaussian process de-

in 3.1 can be represented as the output of a Gaussian system?

PROPOSITION. Given the Gaussian process specified in 3.1. Then there
s a time—invariant Gaussian system
k

{T,Rn,Bn,R ,Bk,Rm,Bm,A,B,C,D,V}




1) x(t+1) = Ax(t) + Bv(t),
2) y(t) = Cx(t) + Dv(t),

uch that the process y defined by (1,2) and the Gaussian process defined in
.1 have the same family of finite dimensiomnal distributions. Then one calls
his Gaussian system a weak Gaussian stochastic realization of the process
pecified by 3.1. Furthermore the dimemsion n of the state space (Rp,Bn) may
e chosen to be minimal. For such a minimal stochastic realization (A,C) is

n observable pair, and A is exponentially stable.
ROOF. [8, thm. 3.4; 9, thm. 8.9]. 0

The stochastic realization (1,2) of the given process is not unique.

onsider the asymptotic Kalman filter for the Gaussian system (1,2)
R(t+1] t) = AR(t] t-1) + K(y(t) - CR(t]t-1))

here %(t+1|t) = E[x(t+1) | FZ]. This may also be written as

3) (t+1| t) = AR(t]t-1) + Kv(t),%(0[-1),

4) y(t) = CR(t|t-1) + v(t),

here v: @xT - R is the innovation process which is known to be a Gaussian
hite noise process. Clearly (3,4) is another weak Gaussian stochastic real-
zation of the given process. Since in this realization the state process
s such that for all t € T, ®(t+l|t) is Fi measurable it will be called the
ast-output induced stochastic realization of the process specified in 3.1.
n the basis of the output process y only the realizations (1,2) and (3,4)
re indistinguishable. Because our goal is output prediction, attention is
n the following restricted to the past-output induced stochastic realization
3,4).

What is the solution of the multistep stochastic prediction problem

or the Gaussian process y having the stochastic realization (3,4)?




PROPOSITION. Consider the past—ouput indu

2 Gaussian process defined in 3.1, say
(T,R",B_,R,B,R,B,A,K,C,1,q}
R(t+1]t) = AR(t|t-1) + Kv(t),
y(t) = CR(t] t=1) + v(t).

olution to the multistep stochastic predic

ss is given by, for t € T, s € Z,,

Elexp (iuy(t+s)) | Fz] = exp(iu§(t+s| t

§ and q are determined by

R(e+1|t) = AR(t]|t-1) + K(y(t) - Cc&(t

Q(t+1lt) = 0,,

]

R(t+s+1|t) = AR(t+s|t), R(t+1|t),

Q(t+s+l|t) = AQ(t+s|t)AT + EKKT, Q(t
y(t+s|t) = CR(t+s|t),
q(t+s|t) = cQ(t+s|t)cT + q.

. This follows from applying to (3.4) the

From now on the time index set is taken to
sentation (3,4) is initialized at %(0] - 1)
t of the initial condition is negligible i
In the following an alternative representa

s needed that is linear in the parameters.

schastic realization

roblem for the given

2q(t+slt))
=0,
filter [14]. gd

= {0,1,2,...}, and the
Because A is stable the
long run.

f the multistep predic-




3.6. PROPOSITION.

1) The one-step output predictor or Kalman filter

R(t+1[t) = AR(t|t-1) + K(y(t) - Cx(t|t-1)), %(0]-1) = 0,
F(t+1|t) = CR(t+1|t),
a(t+1]t) = g,

has the equivalent representation

(11) h(t+1]t) = th(t]t—]) + Mn§r(t|t-1) + Nny(t), h(0[-1) = 0,
(12) §(t+11t) = h(t+1]t) p,
(13) q(t+1lt) = q,
2n
where h: QxT » R
(14) h(e+11t)" = (F(tlt-1),...,-§(t=n+1]t-n),y(t),...,y(t-n+1)),
P € R2n is determined by A, K, and C, the elements of which are denoted
by
15) T = 8 )
N P = alyo-'sun’ ls"'QBn ’
0.
I
L = —-Il__l__.._
n
0
. _ 2n _ 2n
'16) Mn = e, ¢ R™, Nn =e 4 € R

e; € R0 being the j-th unit vector.

)) The multistep predictor (7) - (10) has the equivalent representation




hh(t+s+l]t) = thh(t+slt)-+(Mﬁ+Nn)§(t+s|t), hh(t+1]t) = h(t+l]t),
$(t+s+1]t) = hh(t+s+1|t) p,

Q" (t+s+11t) = F(p)Q' (t+sl )F ()T +aC(PIG() T, Q  (t+1lt) = 0,
q(t+s+11t) = H(p)Q' (t+s+1| IH(p)' +4q,

we, 1f p s given by (15), then

o8y, 10 B,
F(p) = ; o ], @ ={:],
—a +B 0...0 By
n n

H(p) (1 0 ... 0).

W

output process y has the representation

y(t) = h(tlt-1)Tp + v(t).

w

has

g(t+1|t) (AKC)%(t| t-1) + Ky(t), ®(0|-1) = O,

F(e+1]t) = CR(t+1]|t).
cause by 3.4 (A,C) is an observable pair, so is (A-KC,C). Then there
ists a state space transformation such that the above form is input-

tput equivalent to

0, 1 0 81
2(t+1lt) = . 0o - 1 (el t-1) +{ = y(t),
-0, 0...0 Bn




g(e+1lt) = (1 0 ... O0)B(t+l t),

and by a calculation to

n

F(erlle) = = ] o §(erl=ilt-i) + ] B.y(t+1-i) = h(t+11t)p.
i=1 i=1

=]

The recursion for h then follows from its definition.

) R(t+s+l1|t)

AR (t+s| t)

(A-KC)x(t+s|t) + Ky(t+s|t)

]

F(t+s+1|t) CR(t+s|t),
and the result follows along the lines of the proof of a).

The expressions for the variances follows similarly.

) y(£) - h(tle-1)Tp = y(t) - §(tlt-1) = v(t). 0

The parameters of the past-output induced Gaussian stochastic realiza-

ion (3.4) are n, A, X, C, q, or in the equivalent form (11,12) n, q, p.

.7. PROBLEM. Given the Gaussian process specified in 3.1 having the past-
utput induced stochastic realization (3,4). Assume that the values of the
arameters n, q are known but that the value of p is unknown. The adaptive multi-
tep stochastic prediction problem for the above defined process y is to
etermine for all t € T and s € Z, an estimate of the conditional distribu-

ion of y(t+s) given FZ. ad

There are several synthesis procedures to solve the above problem. The
elftuning synthesis procedure will be used here. This procedure prescribes
hat at each time step an estimate is to be made of the values of the para-
eters of the past-output induced stochastic realization, which estimate is
hen substituted for the parameter in the formula's for the predictor, for-
ula's that are obtained with knowledge of the parameters. This approach has

een introduced by WITTENMARK [24]. The procedure involves a kind of step-
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certainly equivalent because the output prediction is used at subse-
time moments in the parameter estimation algorithm, which fact is not

fied a priori.
THEQOREM. Consider the representation
p(t+1) = p(t) + r(t), p(0),
T -
y(t) = h(tlt-1) p(t) + v(t),

(25) is the representation of the past-output induced stochastic real-
on of y as derived in 3.6.c, and (24) a representation for the time-
ng parameters. Assume that p(0) € G(O’VOIZn)’ r: QxT > R2n 18 a
ian white noise process with intensity v,I, , v, € R, and p(0), T, v
ndependent objects. The solution to the adaptive stochastic prediction
em via the selftuning synthesis procedure is then that

ELexp (iuy(t+s)) | FY]
e approximated by

exp (iu§ (t+s|t) - %—uzq(t+slt))

§ and q are here determined by respectively the parameter estimation
<thm

kP(t) = QP(t]t-1)h(el t=1)[h(tlt-1)TQP(t] t-1)*h(t|t=1) +q1 ™",
p(t+1lt) = p(tft-1) + kp(t)[y(t)"h(tlt-l)Tﬁ(tlt—l)], p(0l-1) =0,

QP (t+11t) = QP(tlt-1) + v,I, - QP(tlt-I)h(tlt-D)=

*[h(tlt—l)TQp(tlt—l)h(tlt-l)4-5]'1*

*h(tle-DTQP (el e-1), QP(0I-1) = v I, ,




he adaptive Kalman filter

30) h(t+l[t) = th(tlt—l) + Mh?(tlt—l) + Nny(t), h(0|-1) = 0,
31) F(e+llt) = h(t+1|t)Tﬁ(t+l]t),
32) q(t+1]t) = q;

nd the adaptive multistep predictor:

33) hh(t+s+1|t) = thh(t+s[t) + (Mh+Nn)§(t+s|t), hh(t+s|t) = h(t+1|t),
34) §(t+s+1]t) = hh(t+s+1]t) P(t+1]t),
35) Q (t+s+1]t) = F(F(t+11£))Q" (t+s| )F B (e+11 )T

+ QB (e+11e)GHE (1)) T, QF(t+slt) = 0,
36) q(t+s+l]t) = H(ﬁ(t+llt))Qr(t+s+llt)H(ﬁ(t+1|t))T +q.

ROOF. The proof is by induction. Suppose one is at t € T having obtained
(tlt-1), QP(tlt-1) and h(t|t-1) as functions of (y(0),...,y(t-1)). The self-
uning synthesis procedure now prescribes to estimate anew the value of the
arameter p. The assumptions imply that the representation (24,25) is like
Gaussian system, the difference with such a representation being that
(t]t=1) is dependent on (y(0),...,y(t-1)). Using the conditional Kalman
ilter, see [15, II thm. 13.4], for which the formula's are similar to the
tandard Kalman filter, one obtains the parameter estimation algorithm (27,
8,29). The selftuning synthesis procedure prescribes next to substitute

he estimate p(t+1]|t) for p in the formula's for the prediction algorithm

s given in 3.6. The result then follows. 0

EMARKS.
. What is new in the adaptive stochastic prediction algorithm is the re-
cursive computation of the-estimates and the variances. In most of the

references quoted in section 1 the prediction of y(t+s) given F{ for a
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ted s € Z_ is considered. HOLST [13], considers also multistep predic-
ms but his implementation consists of a predictor for every increment
se€Z,. This in general leads to a rather high demand on computer mem-
7 and in addition has a very serious theoretical disadvantage, see
nark 4. BOHLIN [1] does not consider multistep predictions explicitly.
is possible to use other parameter estimation algorithms in the adap-
re stochastic prediction algorithm. The formula's easily follow from

5 using the selftuning synthesis procedure.

has been suggested [16] to include in the parameter estimation algori-
n a stability test on t@e eigenvalues of (A-KC), or on the zeroes of

2 polynomial Z?=0 aizn_l, with ay = 1. Stability is a sufficient condi-
»m for convergence of the parameter estimates. Under the assumption

1 and a minimal stochastic realization, stability is ensured. In the
gorithm for power demand prediction no stability test has been incor-
rated. No instabilities have been noticed.

LST [13] suggests another multistep adaptive stochastic prediction
gorithm based on the following derivation. For each time increment of

< Z, another predictor is constructed. Then, along the lines of the

oof of 3.6,

F(t+st) = h(t+slt)Tp,

n n _
y(ers|t) = § o 9(e+s-ilt-i) + ] By(e+1-i) + v(t),

i=] i=l

= h(t+slt)Tp + v(t),
_ _ t-1 epe] -
() =v() + 7 AT TRV (n).
r=t-s+l

s > 1 then v is not Gaussian white noise. Yet HOLST [13] suggests to
nore this fact and to apply the least-squares system identification
gorithm to estimate p. It is well known that estimates obtained this
y may not converge. Therefore this approach to the adaptive stochastic
ediction problem is doubtful.

3.8 the contribution of the variance of the parameter prediction error

the variance of the output prediction error has been neglected. The




selftuning synthesis procedure does not prescribe to account for this.

. The algorithm 3.8 has the parameters Vor Vs 4 The value of Yo is not
very critical since its influence decreases when time proceeds. The values
of vys q are initially unknown. Here the stochastic approximation-like
algorithm suggested by BOHLIN [1, p.454] to estimate a multiplicative
factor in v, 4 is useful.

. The convergence analysis of the adaptive stochastic predictor 3.8 has not
yet been completed. A first question is what should converge? Two views
have been taken on this question. L. LJUNG [16], considers the convergence
of the estimates of the values of the parameters. Another view is to con-
sider the difference between the predictions with known parameters and
the adaptive predictions, see [11]. The references quoted contain suffi-

cient conditions for convergence.

What is an optimal adaptive stochastic predictor? Since by definition an
adaptive stochastic predictor is an approximation, the optimality is not
clear. Consider the error between the prediction with known parameters
and the adaptive predictor. It seems that an optimal adaptive predictor
should at least satisfy two conditions: 1) the above defined error pro-
cess must converge in some sense; 2) the adaptive predictor should have

minimal asymptotic variance for the above error process.
. THE LOAD MODEL AND PREDICTION ALGORITHM

As explained in section 1 energy is supplied to the railway power net-
ork at energy supply stations. In this section a model for the power demand
t an energy supply station is proposed and a prediction algorithm derived.

Several time intervals that are relevant for prediction have been men-
ioned in section 2. In the following it is assumed that time is discretized
n intervals of length At, thus each time moment a prediction must be made.
t will be supposed that if data are available over intervals of length As
ith As < At and At = ktAs, kt € Z,, then these are aggregated to totals of
ength At.

The power demand data are clearly nonstationary. Several periods in the
ata may be distinguished such as an hour due to the railway schedule, a

ay with a difference between weekdays and weekenddays, a week and a year.
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may also be a trend throughout the years. It has been decided to separ-
1t the week and day periods for special treatment. In addition atten-

s given to short term fluctuations. The variations between the seasons
e taken care of through the adaptive nature of the model. The full

has thus three time scales, a week, a day, and a short term period.

sek model

A\ssume that the power demand data y may be modelled as

w w +tr ., w
s+1 s s> 0’

y(t) Ws(t mod TW) + u(t),

(Q,F,P) is a probability space, s € T = {0,1,2,...}, Ty is the number
periods in one week, Wy Q > RTW, Vg € G(UWO,QWO), r: QxT > R'V is a
ian white noise process with intensity VIITW, Vi€ R, t =8+,

] ST, 80t = tmodrw, u: @xT > R is a Gaussian white noise process
intensity v, € (0,®), w: @xT R'Y defined by formula (37), and Voo Vs
independent objects. For s € T, LA will be called the week pattern of
oad demand in week s, and y(t) the power demand at time t = sT, * t-
The week model (37,38) is such that for each period of the week there
first order model driven by a Gaussian white noise process. At each

d of the week the value of the week pattern of that period is read out

a certain noise component u. There is no interaction between the periods
e week; this point is taken care of by the day and the short term model.

The asymptotic Kalman filter for the representations (37,38) is, for

(S-I)Tw+1,...,(S—I)TW+TW}

w_ W " -1
ks - qsls—l(qsls—1'+V2) ’
ws+lls(tmodTw) = wsls—l(tmOdTw)
Y0

W ~ ~ —
+ks[y(t)-—wsls_l(tnwd.Tw)], Fol-1 = H >




w _ oW _ W 2
41) qs+1|s - qsls—l v (qsls—l)
y = A%
42) 9+1ls - Ys+1]s T V2r

Note that the gain k” and the variance
e computed only once a week. By choosing v
lgorithm will approximately follow the sea

ions the algorithm is initialized with the

he day model

Next a model is proposed for the diffe
ata and the estimate of the week pattern.
orm with a period of a day and is supposed
ogical factors on the data. Multiplicative
arlier [12].

Assume that for all time periods in da

y(t) = g(r)ﬁsls_](tmodTw).

et T4 be the number of At periods in one d
stimate g(r) yields:

q
43) g(r) = [tzl y(t)wsls_l(tmodTW)]

here the sum is over all time periods in d
g(r)-1, r € T} can be modelled as a Gaussi

utput of a Gaussian system of order n,. On

e
rocess the representations (3,4). Let Vas
v],q) in (24,25). The one-step adaptive st

€ T} is then
4t) W) = delr-Dn e le-1rnd (x|

45) 8d(x+1lr) = pd(ele-1) + k4 () [g(x

e real valued and need to
v, appropriately the above
fluctuations. In applica-

week of data.

between the power demand
iodel has a multiplicative
del the effect of meteoro-—

s have been considered

least-squares approach to

A

2
ws|s_1(tmodrw) ]

Assume further that

cess, specifically as the
then associate with this
respectively the variances

ic predictor of {g(r)-1,

1d(r|r-1)hd(r|r—1)4-v4]_1,

0 el e-1) T (r 1 2-1) 1,

sd01-1) = o,
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QA+l = Qdelr-1) +vI, - lr-Dhl(rlr-1)x
v ng
*[hd(rlr—l)TQd(rlr—l)hd(rlr—l)4-v4]_]*
d T .d d
*h (rlr-1)"Q (rlr-1), Q (0[-1) = Ian’
hd(r+llr) =L hd(rlr—l) + M (g(x)-1) + N (g(r)-1), h(0[-1)=0,
d

d d

g(x+llx) = hd(r+llr)T§(r+1|r)+ 1.

Lnd’ Mhd’ Nnd are as defined in 3.6.

hort term model

Short term fluctuations, of the order of several time periods, are

led next. Let the prediction error process after the application of the
and day prediction algorithm be, for the s-th week and the r-th day,

«<T > R

e(t) = y(t) - g(rlr-l)ﬁsls_l(tmodrw).

Assume that e is a Gaussian process satisfying the assumptions of 3.1,
hat the order of the associated Gaussian system (3,4) is n, € Z, . De-
the variances (vl,q) in the representation (24,25) in this case by Vs

en 3.8 yields the following multistep adaptive prediction algorithm

KE(t) = QS(tl t-1)h® (el t-1)[hE (el e=1)TQ% (] e=1)%h® (t] t-1) +q1 7",

58 (t+11t) = 3S(tlt-1) + k() [e(t) —n® (el t-1) T (t] t-1)1,
$°(0l-1) = 0,
Q% (t+1]1t) = Q%(tlt-1) +vel - Q% (t] t+ )R (L] t-1)*

2n
e

«[h® (el e=1) To® (] e=1)h® (el e=1) + q17 '«

«h® (el =1 Q% (el e=1), Q% (0I-1) = Tpq,




'53) he(t+1lt) = L_ h(tlt-1) + M_8(tlt-1) + N_ e(t), h€(0|-1) = O,
I'le ne ne
'54) a(e+11t) = h8(e+11) 5% (e+1] b)),
'55) q(t+1|t) = q,
'56) hh€ (t+s+1]t) = L hh® (t+s]t) + M +N_)E(t+s|t),
e e e

hh®(e+11t) = h€(t+1]t),

57) e(t+s+1{t) = hhe(t+s+llt)T§e(t+llt).

'he formula's for the variance of the prediction error of &@(t+s+1{t) follow
1s in 3.8.
The final prediction of the power demand in week s, in day r, at time

s 1s then
'58) F(t+tlt) = g(rlr—l)ﬁsls_l((t+T)mod Tw) + 8(t+t|t)

‘or T € Z_ and with the associated variance as the variance cf the predic-
:ion error of @(t+t|t). In this algorithm the effect that occurs at a day
‘hange has been neglected. The complete adaptive stochastic prediction algor-
.thm for power demand is formed by (39-58).

The above model and algorithm differ from those suggested by HOLST [13]
mnd BOHLIN [1]. The difference with [13] is in the estimation of the week
attern via the Kalman filter rather than via exponential smoothing, in the
wmltiplicative model with the time scale of a day, and in the recursive com-
wutation of the multistep predictions. The difference with [1] is in the
idaptive stochastic prediction algorithm for Gaussian systems, in the full
reek model, the day model, and in the somewhat more general short term model.
‘et the model and algorithm are very much inspired by BOHLIN [1] and [2]. As
lentioned in section 3 one may add an algorithm to recursively estimate a

wltiplicative factor in the variance of the innovation process.
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fERICAL RESULTS

Jata from several energy supply stations in a region of the Netherlands
>een made available for the investigation by the railway company. The
ire of the tetal power demand in 15 minute intervals. Initially data
>een used over 4 months of 1979, about 11000 data points. In the latter
f the investigation data of the full year 1979 have been used, about
data points.
\ computer program has been written that generates predictions accord-
» the algorithm presented in section 4. The software has been imple-
I on the computer of the railway company. The computer program produces
~t10ns in the form: for t € T, and s = 1 5250005ty, {t+s,(t+s|t),
t)? }, and for evaluation purposes y(t), $(t|t-1), y(t) -§(t|t-1),
-1)2
mn evaluation of the performance of the prediction algorithm has been
The following properties of the prediction errors have been determined:
: sample mean; 2) the sample variance; 3) the relative sample variance
t2 ) .
s, = [ I (G(6) -9l t=1))/y(£))*/£,1%%100;

: correleogram; 5) an estimate of the distribution. In addition an
lesis test on the correleogram and the sample distribution of the pre-
m errors has been made.

'or a certain energy supply station some numerical results are mention-
table 1. The statistics are of the prediction errors in: 1) the 4
period minus the first three weeks; 2) the same but only for the hours
0 22 of a day; 3)monday mornings from 6 to 10 hours; 4) friday after-
from 15 to 20 hours. In figure 2 is displayed the power demand on an
‘ary day, and in figure 3 a sample prediction. Monday morning and fri-
‘ternoon have been selected because in these time periods the highest

demand occurs.




Hours Sample | Sq.rt. sample|Relative Range of
weans variance variance % data
-24h. 34.9 kw 334.7 kw 41.447 (0 ,5500) kw
. =22h. 4.6 kw 353.8 kw 16.18% (1500,5500) kw
-10h. mondays | -18.4 kw 355.4 kw 10.23% (2000,5000) kw
5-20h. fridays 17.3 kw 419.0 kw 12.47% (2000,5500) kw

able 1. Evaluation of the one-step prediction for an energy supply station.

N
1

POWER DEMAND

I T T T T T T
° 3 [ 9 12 15 18 21 24 M.

TIME

Figure 2. The power demand at an energy supply station on an arbitrary day.
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ACTUAL VALUES

X X X PREDICTIONS

POWER DEMAND
~
N

» 3. One step adaptive prediction of power demand at an energy supply
station.

fhe relative sample variance is not very useful as an evaluation measure
> algorithm when considering data over 24 hours a day. At night, when
) irregular freight traffic the power demand is rather erratic and of

: low value, the relative prediction errors are high and consequently
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rontribute disproportionately to the relative sample variance. During day
1ours the relative sample variance is useful.

Multistep predictions have been generated based on the selftuning adap-
zive prediction algorithm mentioned in remark 4 of section 3. For the above
nentioned energy supply station the square root of the sample variance in
statistic 1) increases over 1 to 12 periods ahead from about 360 to 420 kw.

The parameters of the algorithm have been varied. Based on the variance
»f the prediction error the choices ny = 2 and n, = 2 have been made. No
specific order test has been used. The performance of the algorithm as mea-
sured by the sample variance of the prediction error proved to be rather
sensitive for the ratio VI/VZ' Finally the choice v, = 15 and v, = 500 has
>een made. With this choice the algorithm seems to follow the seasonal fluc-
cuation rather well. The variances Vs v, in the day model have been chosen
to be O resp. 1. Finally in the short term model 5 has been chosen to be
tero. In both the day and the short term model a stochastic approximation-
.ike algorithm for the variance has been tried, see [13, p. 127]. This corre-
sponds to taking VasVg > 0 in the algorithm presented here. These measures
resulted in a slight improvement of the variance of the prediction error.

A summary of the evaluation follows. The variance of the prediction
:rror is relatively high. During peak hours the square root of the relative
sample variance is of the order of 127. The correlogram showed that the pre-
liction errors are approximately uncorrelated. The empirical distribution
>f the prediction errors has a normal shape, but an hypothesis test at 957
.ndicated a deviation from normality. Special holidays are an additional
»roblem.

Some causes for the high relative sample variance of the prediction
:rrors have been suggested by persons at the railway company. These causes
ire: 1) the driving style of the machinist; 2) meteorological factors, pri-
narily wind; 3) deviations from the railway schedule; 4) and composition of
‘he trains. Apparently the high relative sample variance is just a character-
.stic of the data.

Predictions have also been generated for several other energy supply
stations, for a station with data aggregated to 1 hour totals, and for 15

ntinute data of the sum of several stations. The results of these predictions

lor the aggregated data are considerably better than those mentioned above
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e station.

o conclude this evaluation, the predictions produced by the algorithm
reasonable quality considering the characteristics of the data. The

ning prediction algorithm needed only little tuning and performed

well.
‘CLUSIONS

n adaptive stochastic prediction algorithm has been presented for short
rediction of power demand at an energy supply station of the dutch
y company. The algorithm is based on a new multistep adaptive predic-

lgorithm for Gaussian systems.
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