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Summary. The steadily increasing share of wind energy within many pow er gener-
ating systems leads to strong and unpredictable uctuation s of the electricity supply

and is thus a challenge with regard to power generation and transmission. We in-
vestigate the potential of energy storages to contribute to a cost optimal electricity

supply by decoupling the supply and the demand. For this purp ose we study a
stochastic programming model of a regional power generating system consisting of
thermal power units, wind energy, di erent energy storage s ystems, and the possi-
bility for energy import. The identi cation of a cost optima | operation plan allows

to evaluate the economical possibilities of the considered storage technologies.

On the one hand the optimization of energy storages requires the considera-
tion of long-term planning horizons. On the other hand the hi ghly uctuating wind
energy input requires a detailed temporal resolution. Consequently, the resulting
optimization problem can, due to its dimension, not be tackl ed by standard solu-
tion approaches. We thus reduce the complexity by employing recombining scenario
trees and apply a decomposition technique that exploits the special structure of
those trees.

1.1 Introduction

Electric power, one of the most important elds within energy supply, has
two main characteristics: on the one hand supply and demand &ve to be
balanced at every time, on the other hand it is storable at on} small rates. For
these reasons, power plants have to regulate any imbalancdsetween supply
and demand, and, in particular, need to cope with unpredictéble changes in
the customer load. For that purpose regulating power plantsare used, which
mostly run in part load and with reduced e ciency. Alternati vely fast power
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plants such as open cycle gas turbines may be used, which catad up within
short time. Beyond the cover of the uctuating load of the customer side, these
power plants must also adjust to the increasing share of timevarying power
production on the supply side, mostly caused from uctuating renewables,
notably wind.

Germany is the country with the highest installed wind power capacities
worldwide. In the year 2006, there was approximately 20 GW irstalled (about
16.6% of the total installed power in Germany) and with the planned o shore
development it could be up to 50 GW in 2030. Thereby, the sometnes strong
and rapid uctuations of the wind energy fed into the electri cal network as
well as the regional concentration in the north of the country increasingly pose
problems to the network operators and power suppliers [7, 1J7 Conventional
fuel consumption may be saved by down-regulating conventinal (back-up)
power plants, but investments in the power plant park can hadly be saved.

In this context, electrical energy storages o er a possibiity to decouple
supply and demand and to achieve a better capacity utilizaton as well as a
higher e ciency of existing power plants. The changing context has led to an
increased interest in such possibilities over the last few gars. Yet with the
liberalization of the electricity markets, the economics d storages have to be
valued against market prices as established at the energy ekanges. Also the
operation of storages will mostly not follow local imbalanes of demand and
supply, but rather try to bene t from market price variation s. In particular,
the (partial) unpredictability of market prices as well as of wind energy supply
have to be taken into account. Things are complicated furthe through daily,
weekly, seasonal, and other cyclic patterns in demand, supp and prices. This
requires a valuation of storages (and other options) over piods as long as
one year.

Cost optimal operation planning under uncertainty for such long time peri-
ods poses a huge challenge to conventional stochastic pragnming methods.
In this paper we investigate a novel approach, reducing comgxity by ap-
plying recombining scenario trees. The latter are used to aalyze a regional
energy system model that is described in Section 1.2. Sectial.3 presents the
decomposition approach based on recombining trees, where&ections 1.4 and
1.5 are devoted to the results obtained so far.

1.2 Model Description

To study the economics of storages, a fundamental model is esl. Combining
technical and economical aspects, the model describes thaergy supply of a
large city, the available technologies for electricity gemration, and the demand.
An optimal load dispatch has to consider the marginal gener#ion costs as well
as the impact of other system restrictions such as start up csts, etc. Most
important restriction of the model is the covering of the demand according
to a given pro le. For this purpose, energy can be produced byconventional
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Fig. 1.1. Scheme of the fundamental model

Uncertainty in the amount of available wind energy and electicity prices
is modelled by a multivariate stochastic process that can beepresented by
a recombining scenario tree. Thus, the proposed model comiiés many fea-
tures of generation scheduling models (unit commitment andoad dispatch) as
found typically in energy system models [14, 15]. In the fobbwing, the model
is discussed in detail. Table 1.1 gives an overview of the nation used.

Under the assumption of power markets with e cient informat ion treat-
ment and without market power, the market results correspord to the out-
comes of an optimization carried out by a fully informed cental planner. If
electricity demand is assumed to be price inelastic, welfar maximization is
equivalent to cost minimization within the considered powe network. Thereby,
the total costs T C are given as the sum of import costdC, operating costs
OC:;i , and startup costs SC;;; over all time stepst and unit types i:
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Variables
Q Production IC Import costs
H Storage level SC Start-up costs
L Capacity ocC Operating costs

TC Total costs
Indices
t Time step com  Compressing power
T Final time pum  Pumping power
i Unit type imp Import power
stu Start-up wind  Wind power
Parameters
D Demand U speci ¢ start-up costs
w Wind power cme speci ¢ import costs
) Load factor coh other variable costs

o, m E ciency c®  fuel price

Table 1.1. Notation used by the model.

X
TC= ICi+ OCy + SCyi (1.1)
t=1 i

The costs for power import at time t are given by
IC = ™ Q™: (1.2)

For the operating costsOC;; , an a ne function of the plant output Q¢; is
assumed. An exact description of the plant operation costsequires a mixed-
binary nonlinear formulation due to the dependency of the phnt e ciency on
the power output and the startup behaviour. This is hardly feasible due to
the high level of time detail. An appropiate linearization can be done by de n-
ing an additional decision variable for each plant type, the capacity currently
online L?;i”' [18]. The capacity online forms an upper bound on the actual
output. Multiplied with the minimum load factor, it is also a lower bound on
the output for each power plant. Hence, operating costs can & decomposed
in fuel costs for operation at minimum load, fuel costs for ircremental output,
and other variable costs:

Cif_ueI Cif_ueI
OCy = LM+ B (Q  iLdMy+ Qi (1.3)
| I
Here, M denotes the marginal e ciency for an operating plant and 0 the
e ciency at the minimum load factor “j. With ™ > 9, the operators have
an incentive to reduce the capacity online (for details seel8]).

Besides operating costs, start-up costs may in uence the peer scheduling

decisions considerably. The start-up costs of unii at time t are given by

SCyi = ¢LEY; (1.4)
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where Lffi“ is the start-up capacity given by
L3 =max(0;L  LYM,): (1.5)

Covering the demand at time stept is ensured by

X wind imp X pum X com.
Qt;i + Qt + Qt D¢ + ti + tio (1-6)
i i i

i.e., the supply at time t is given by the sum of the power productionQy; , the

imported energy Q™" , and the wind energy supplyQ}"® . The total demand
equals the sum of the exogenously given domestic demaridl; and the pump-
ing and compressing energie@{’;}’m and Qgf™ used to Il the pumped hydro
storage and compressed-air storage, respectively.

The operation levels of the units, pumps, and air compress@ are con-
strained by the available capacity,

Qui  Lui; il gom g, (1.7)

whereas the wind energy supply is bounded by the available wid energy at

time t, .
wind -y, ; (1.8)

For the storage plants, storage constraints need to be condered and the
lling and discharging has to be described. This leads to thefollowing storage
level equation, linking the storage levelH; at time t with the level H; 1, at
time t 1, both expressed in energy units. For the pumped hydro unitsthis
reads as

1 1 1 .
Hi = Hio i Qi 5 7 ik (1.9)
I I I
+ Im pum {)Ium +( iO;pum Im pum)\iLginI;pum
fort =1;:::;T, where Hp;j denotes the initial Il level. Additionally, as an

adequate terminal condition we require the initial and terminal Il levels of
the reservoirs to be xed at the minimum Il level H™" . Further, the storage
level at time step t is also limited by the minimum and maximum storage
levels,

HM™  Hy  HM (1.10)

Similar capacity constraints are formulated for the compressed-air units.
Additionally, all variables have to ful ll non-negativity conditions.

The objective of the optimization is to nd a decision process satisfying the
constraints (1.5){(1.10), being nonanticipative with respect to the stochastic
process W;; ¢™ );, and minimizing the expected total costsE[T C].
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1.3 Decomposition using Recombining Scenario Trees
In this section, we present the solution method based on regabining scenario

trees that has been developed in [11], and sketch a method fagenerating
recombining scenario trees.

1.3.1 Problem Formulation

The optimization problem presented in Section 1.2 can be witen as a linear
multistage stochastic program:

; #
X
mnE o )ixd (1.11)
t=1
stixe2 X, xe2 (') t=1;:::T;
Agoxt + Agaxe 1= he( ), t=2;:0T: (1.12)

Thereby, the vector x; contains all decision variables at time stage. The sets
Xt are closed and polyhedral and model deterministic, staticihear constraints
at time t, i.e., the conditions (1.6), (1.7), and (1.10). The identities (1.12)
describe the random and time-coupling constraints (1.5), 1.8), and (1.9).
The uncertainty concerning the future wind energy input and spot prices is

.....

Furthermore, de nes the nonanticipativity constraints, i.e., a decision x; at
time t must depend exclusively on observations made until. This is formalized
by the condition x; 2 ( '), where ' denotes the vector ( ;;:::; ).

To render possible a numerical solution of (1.11), every ' is assumed
to take values in a nite set ' = f }1);:::; ‘m)g. Consequently, the pro-
cess can be represented by a scenario tree, cf., e.g., [2]. Thenl.01)
can be formulated as a (large scale) deterministic linear ojimization prob-
lem that can be solved, in principle, by means of available dwers. How-
ever, with growing time horizon T, problem (1.11) becomes too large to
be solved as a whole and one has to resort to decomposition tatiques,
e.g., temporal decomposition. To this end, one considers dain time stages
0=Rp<R;<:::<R, <Rp+s1 = T; and de nes the cost-to-go function at
time R; and state (xr; ; (Ri;) 2 XR; Ri recursively by Qgr, ., (; ):=0 and
the Bellman Equation
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R.
QRj (XRJ' ; (d) = (QR])
2 3
+1
min E4 M )ixd + Qrpu (Kri i ©1) N 15
t=R; +1
st:xe 2 X, xe2 () t=Rj+1;::Rju;
AgoxXe + AgaXe 1= he( ); t=Rj +1;::5Rj+1;
for j = 1;:::;n. Using this notation, problem (1.11) can be reformulated in
terms of Dynamic Programming:
X1 #
min E ()% + Qr, (Xry: <) (Qo)
t=1
sit: Xt 2 Xt %Xt 2 (t); t=1;:::;Ry;
Atoxt + ApaXe 1= he( y); t=2;::Ry;

and solved by, e.g., theNested Benders Decomposition method1, 12, 16].
Furthermore, a modi cation of this algorithm as proposed in [11] allows to
exploit the structure of recombining scenario treesfor simultaneous cutting
plane approximations. This approach indeed enables to sobsproblem Qo)
for longer time horizons T and large number of scenarios.

1.3.2 Recombining Scenario Trees

At time t, the scenario tree representing hasn; = j !j nodes, that are
denoted by u = 1;:::;n,. The node u corresponds to the eventf ' = }u)g.
A special situation is given whenever the subtrees associetl at some nodes
and k at time R; coincide, i.e., the corresponding conditional distributions of
( t=Rrj+1 7 are equal

h R R | h R; R i
P ( t)t:Rj +1 0T 2 ] = (ul) =P ( t)t:Rj +1 5T 2 J b= (kl) :

(1.13)

As far as it concerns the tree representation of the process, property (1.13)
would allow to recombine the nodesu and k, and recombining at several
time stagesR; may prevent the node number to grow exponentially with the
number of time stages. Unfortunately, recombining is not alowed under time
coupling constraints (1.12) since the scenario-dependemontrol Xg; ( Ri') will

not be equal onf Ri = 5’59 and f Ri = &j)g, in general. However, (1.13)
can be useful since it entails equality of the cost-to-go fuations Qg; ( ; (R;‘))

and Qg, ( ; E(j)). This is exploited by the solution algorithm presented in Sec-
tion 1.3.3.

In the remaining part of this section we sketch a method for geerating
scenario trees with property (1.13) for some nodes and sewvartime stages



8 Alexa Epe et. al.

Fig. 1.2. Scenario tree with property (1.13), Ry =3, and mg, =2, i.e., two di erent
subtrees are associated at time stage 3. (The black and the gay subtrees coincide,
respectively.)

Rj;j = 1;:::;n. It is a modication of the forward tree construction [9],
also based on successive stagewise clustering of a set of pted trajectories
"= ( 1;in p)i =150 N, that coincide in t = 1. Basically, it consists

of constructing non-recombining subtrees for every time pgod [R; +1;Rj+1]
(Step 2), and assigning to several nodes at timéR;j+; the same subtree for
the subsequent time period (Step 1). Thereby, two nodes at tne R;.; obtain
the same subtreeh, whenever the values of in these nodes are close for
some timet before Rj.+1. Table 1.2 explains the notation used. The values
of mg, ;ng, (h), and st+1 (u), determining the structure of the scenario tree,
may be prede ned or, as proposed in [9], determined within tke algorithm to
not exceed certain local error levels. Whenever the samplettajectories come
from a time series model, the parametert may be chosen according to the
latter.

Algorithm 1 (Generation of a recombining scenario tree).

a2A
h=1;:m g, 4 u=l;uin g; (h) izcéhf” )
i

Pass through all nodes f; u) at time R;:
a) Consider anano 2 A that is close to node f;u) in the sense that
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i value of trajectory i at time t
t(uy value of the random variable  in node u
Mg, number of subtrees with root node at time R; (mg, = 1)

(h;u) node u of some subtreeh
ng; (h) number of nodes at time R; of some subtreeh
St+1 (U) number of nodes at time t + 1 descending from some nodeu at time t

t time parameter for short-term history clustering

c™) subset off1;:::;N g, indicating trajectories
going at time t through node (h;u)

gghj) subset off1;:::; N g, indicating trajectories i

lying in subtree h with root node at time R;
Table 1.2. Notation used by Algorithm 1.

ano 2 argmin k(r, viiti ) (R g Ak
a2A -

b) Node (h;u) obtains subtree h®, i.e., one has to update
h% ._ ~(h® hu) .
ch) =il et

In particular, all trajectories ' belonging to node f;u) will be used
for the construction of subtree h® of the subsequent timeperiod.
2. Subtree generation.

h; ; h) . ; i .
Céi Yotz ggj) rag2argmink g ooy R KG:
a2A
De ne the value of ¢ ., onnode (;u) by g, +1;(hu) = Ju
For every subtree 1 of the preceding period Rj 1 +1;R;] and every
node (1; &) at time R;: De ne the transition probability from node
(h; &) to node (h; u) by
g icdd (mu) ()
, == ifcy™ Cr’s
Pr;+1jr; [(N;W)i(Me)] := icq)i Ri =R
-0 else
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X , a
min k Lok
. a2 t+1 t+1
iZth' )

Find a partition C"):u=1;:::; 504 (&), of ™ with

clh) fi2ch a2 aggzn;ink a0 A kg
|

icor i

e ]

Set tv1yhu) = 11 and Pugji[(h;u)j(h; )] :=

The determination of the index setsA is a k mean problem and, thus, an
NP-hard combinatorial optimization problem [5]. While it i s possible for small
valuesmg;, ; ng; (h), and s;+; (u) to nd optimal sets A by enumeration, larger
values demand for heuristics, e.g., thdorward selection proposed in [3, 8].

In Step 1 of Algorithm 1, several nodes [j; t) at time R; obtain the same
subtree h. For notational convenience, we pick out a representative mmongst
them and denote the associated value of R by ﬁ" . The following function
will be used in Section 1.3.3 and maps a nodef(u) with subtree h to the
corresponding representative node:

Rj: R]!f ?J,’ r'?']jR,gz: Rj;

J
Ri¢cRi y.— R (I, &) (h).
( (h:&)) = ' wheneverCg Cr/:

1.3.3 Solution Algorithm

In [11], it was shown how to modify a Nested Benders Decompatsin [1, 12, 16]
of problem (1.11) to exploit the recombining property (1.13) of the process .
In the following, we sketch this modi ed algorithm.

Let us consider the formulation (Qo) of problem (1.11). A Nested Benders
Decomposition successively approximates the piecewisiéar convex func-
tions Xr; 7! QR; (XR;; (Ffj)) by a set of supporting hyperplanes and evaluates
them in an adaptively chosen sequence of pointgg, . Whenever two nodes
u and k at time R; fulll (1.13), the functions Qg, (; () and Qr, (; ()
coincide, and, thus, they may be approximated simultaneouty.

To this end, we de ne the following underestimating functions: We set
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QR (xg,7 1) = (Qk,)
+1
min E4 Ho (o) e + Qlﬁ?ﬂ (XR1+1 : Rj+1 ( Rj+1 ) Rj — :QJ' 5
t=R; +1
stxe2 Xe; xe2 (') t=Rj+1;::5Rja;
Agoxt + Agixe 1= he( (); t= Ry +1511 Ry
XR; = XR;: (1.14)

i

Thereby, QE?+1 ; R'” ) is an approximation onR (; R’” ) by supporting

hyperplanes that i |s easy to evaluate and that will be propery de ned in equa-
tion (1.15) below. Problem (QR ) is often referred to as themaster problem
Note, thatin contrast to the classical Nested Benders Decorposition, the same
approximation QR . G lR’” ) can be used in the objective function of QRJ,)

for all nodes with the same subtreei, i.e., whenever Ris ( Riy= Rist

Thus, this decomposition into subproblems for each timepend allows one to
exploit the recombining nature of the process . This had not been possible
with other decomposition algorithms like scenario decompsition [12].

The function Qg (; F1) is used to induce a feasible solution at stag®;
and to approximate the value of Q'@j (; iR") on its domain. For the latter
purpose, given a pointx 2 Xg; with Qlﬁj (x; F‘) < 1, an optimality cut
supporting Qg (; RiY is given by Qg, (X; Fiy+ hix R, Xi 0, where

denotes the dual variables corresponding to the constraint(1.14) in an
optimal solution of problem (ng ). To induce feasibility at time stage R;, a

point x 2 Xg; that is infeasible for (ij) is cut o using a feasibility cut
hd;xi + e 0. This cut is computed by solving an auxiliary problem, cf. [L1],
and has the property hd;xi + e > 0 and hd;xi + e 0 for all x 2 Xg; with
Qk (6 [)<1.

Hence, an approximation of Qlﬁj (; iR‘”) by means of optimality cuts
Copt ( F‘ ) and feasibility cuts Creas( iRj ) is given by

R R
Qk? (Xr,; i) = max Q',ij (X i)+ ixg o X (1.15)
(% )2Copt ( i )

st:  dixg, te 0 (d;e) 2 Creas( F‘):

The solution algorithm processes the master problemscp',i ), ] =0;:::;
of the decomposed scenario tree in a forward or backward mawen. At each

time stage R;, each master problemQEj (; F‘ ) iRj 2 Riis evaluated

for a set Z;( ) of controls xg, . If QR (%R, ; Ry < Qg, (Xr;; R1y, the

approximation Qg” (; Riy (and all master problems that use Qr’ )
is updated by generating new optimality or feasibility cuts. Further, in the
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forward mode, new control points xg,,, are generated from the solution of

the master problem (Qg, ) to form the sets Z; .1 ( Rittyfor Rt 2 Ria
Since each such evaluation contributes several new cont®kg, ,, to the sets
Zj+ ( iRM ), the latter can grow exponentially with increasing j . It was shown
in [11] how the problem structure allows to deal with this di culty.

The algorithm stops when either the rst timeperiod master problem (Q5)
is infeasible, or all master problems could be solved to opthality and the gen-
eration of cuts has stopped. In the former case, also problerfQy) is infeasible,
in the latter, the problem has been solved to optimality. Another stopping cri-
teria which allows to stop the algorithm when the error falls below a given
tolerance, is also discussed in [11]. A more detailed desption of the Nested
Benders Decomposition Algorithm can be found in [1, 6, 12].

1.4 Case study

We study a power generating system, consisting of a hard coglower plant
to cover the minimum and medium load, and two fast gas turbines on di er-
ent power levels to cover the peaks. The operating parametsrof these units
rely on real data. Furthermore, the model contains an o shore wind park, a
pump-storage power plant (PSW) with the basic data of the PSW Geesthacht,
Germany, and a compressed-air energy storage (CAES) with th operating pa-
rameters of the CAES Huntorf, Germany. Further source of pover supply is
the EEX spot market. The time horizon considered for the optimization is
one year and a hourly discretization is used, i.e., the modetontains T = 8760
time stages.

The stochastic wind power process is represented by a time ses model
tted to historical data and scaled to the size of the o shore wind park re-
garded. To take into account the interdependency between wid power and
spot price behaviour, the expectedspot market prices are calculated from a
fundamental model that is based on the existing power plantsin Germany
and their reliability, prices for fuels and CO,, the German load, and the wind
power process above. Fluctuation of the spot prices aroundheir expected
value are modeled by a further time series model. This hybridapproach was
used to generate 1 000 trajectories, containing hourly valas of wind power and
spot prices in the course of one year. These trajectories werused to generate
a recombining tree by Algorithm 1 of Section 1.3.2. The resuing scenario tree
branches three times per day in a binary way. Recombinationfito mg;, =3
di erent subtrees took place once a day, i.e.,R; =] 24,j =1;:::;364.

1.5 Numerical Results

The optimization problem was solved with varying model parameters. To this
end, abase settingwas de ned, with wind power of approximately 50% of the
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Fig. 1.3. Optimal power scheduling in a winter week.
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Fig. 1.4. Spot market price and CAES output in a winter week.

totally installed plant power and storage sizes corresponihg to the aforemen-
tioned CAES and PSW units. Coming from this setting, variati ons with higher
and lower levels of installed wind power and di erent storage dimensions were
calculated. In the following some results are presented.

The optimal operation levels along a randomly chosen scenar from the
base setting during a winter week are depicted in Figure 1.3Whenever the
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power production exceeds the demand curve, energy is put iotthe storages,
whereas the white spaces under the demand curve representehoutput of
the storage plants. The operation levels of the thermal unis show the usual
characteristics and availability of wind power obviously reduces imports from
the spot market. The storage units are mainly used to cover tie peaks and are
only marginally used during the weekend. In this model, the ontribution of
the operating costs to the power supply costs amount to 2.08 Erocents/kWh
with using storage plants and 2.10 Eurocents/kWh without using storage
plants. Figure 1.4 shows the optimal output and |l level of the CAES (as a
fraction of maximum discharge power and maximum Il level, respectively)
in comparison to the actual power price. The minimum |l level of the CAES
is 60%. Obviously, the storage plant discharges in times of igh spot prices
on weekdays. The aforementioned marginal usage of storagéapts during the
weekend coincides with lower power prices over this period.

100%

e}

IS

o A )

: e Wwind
g SHISHE, HImport
= # Gas
© 50%

= B Coal
5 OLoad
I

o

-

Monday Tuesday Wednesday Thursday Friday Saturday Sunday

Fig. 1.5. Optimal power scheduling in a winter week with doubled wind p ower
capacity.

To study the impact of the share of wind power on the system, tte opti-
mization problem was solved again with doubled wind power cpacity. The
results along the same scenario and for the same winter weekeadepicted in
Figure 1.5. While this extension does not lead to signi cant changes of the
thermal units, it enables to largely reduce the amount of enegy bought at
the spot market. Figure 1.6 shows the operation of the CAES irthe course of
the week. Again, the CAES is mainly used at peak times to avoidexpensive
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Fig. 1.6. Spot market price and CAES output in a winter week with double d wind
power capacity.

imports from the spot market. It can be seen that the availability of more
wind power in the system can lead both to more and to less extretion of
stored energy. This is due to the fact that, on the one hand, wih more wind
power more energy may be stored and therefore extracted (Swaay). On the
other hand, less power has to be generated in times with high imd power
(from Wednesday to Friday).

The optimization problem was solved further times with varying quantities
of installed wind power and storage capacities. Figure 1.7tows the minimal
expected costs depending on the wind power capacity for di eent storage
capacities. Thereby, a wind factor ofy stands for an amount of wind power
beingy times the wind power of the base setting In relation to the wind power
capacity, the impact of an extension of the storage system othe costs appears
to be rather marginal and the individual curves are almost siperposed. Thus,
to analyze the latter, Figure 1.8 shows the relative reducton of costs that can
be achieved by the use of storage systems of di erent dimensns, where a
model without storages generates operating costs of 100%.gAin, a storage
system dimension ofy corresponds toy times the dimension of the base setting.
The results clearly show, that the relative cost reduction due to storage use is
the highest in the twice-wind-setting, and in all settings the most prevailing
gradient is between no use and the use of the half dimension storage sizes.
Hence, it seems promising to study expansion models for cosiptimal storage
sizes, taking into account operational as well as investmdrcosts.

The optimization algorithm was implemented in C++ and the ma ster
problems were solved with CPLEX 1Q0 [10]. Running time on a PC with 2:4
GHz CPU and 2 GB RAM was 10 minutes, approximatively.
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Fig. 1.7. Minimal expected costs depending on the wind power capacity installed
for di erent storage capacities installed.
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Fig. 1.8. Reduction of minimal expected costs depending on the storage capacity
installed for di erent wind power capacities installed.

1.6 Conclusions and Outlook

We applied a decomposition method for linear multistage stehastic optimiza-
tion problems proposed by [11] to optimal scheduling withina regional energy
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system including wind power and energy storages. It has beeshown that
this approach relying on recombining scenario trees allow$o handle multi-

stage problems with large numbers of scenarios and includitime-coupling
constraints, and, therefore, it is suitable for optimizing and analyzing energy
systems.

In principle, the recombining tree decomposition approachallows for dis-
crete decision variables in the rst time stage and, hence, lhis method seems
to be also appropriate to nd optimal rst-stage investment decisions within
expansion models. This could be one aspect of future studiesiowever, fur-
ther research is needed to extend the decomposition approhd¢o more general
optimization models, in particular those including discrete variables in later
time stages. The latter would allow to adapt numerous aspedt of the en-
ergy system model to achieve a more detailed picture of the sfem and its
constraints.

Another aspect of future research could be the extension ofiie decomposi-
tion approach to optimization problems including multiper iod risk measures.
For this purpose, especially the class of polyhedral risk mesures [4] seems to
be suitable, since the linear structure of the optimization problem is main-
tained.

Acknowledgement

This work was supported by the German Ministry of Education and Re-
search (BMBF) within the topic \Dezentrale regenerative En ergieversorgung:
Innovative Modellierung und Optimierung" and the \Wiener W issenschafts-,
Forschungs- und Technologiefonds" in Vienna ittp://www.univie.ac.at/
crm/simopt ).

References

1. J.R. Birge. Decomposition and partitioning methods for m ultistage stochastic
programming. Operations Research 33(5):989{1007, 1985.

2. J. Dupaow, G. Consigli, and S.W. Wallace. Scenarios f or multistage stochastic
programming. Annals of Operations Research, 100:25{53, 2000.

3. J. Dupaow, N. Gr ewe-Kuska, and W. Remisch. Scenarios reduction in stochas-
tic programming: An approach using probability metrics.  Mathematical Pro-
gramming, 95(A):493{511, 2003.

4. A. Eichhorn and W. R emisch. Polyhedral risk measures in stochastic program-
ming. SIAM Journal on Optimization , 16:69{95, 2005.

5. M.R. Garey and D.S. Johnson. Computers and Intractability - A Guide to the
Theory of NP-Completeness. W.H. Freeman, 1979.

6. H.l. Gassmann. MSLIiP: a computer code for the multistage stochastic linear
programming problem. Mathematical Programming , 47:407{423, 1990.

7. E. Handschin, F. Neise, H. Neumann, and R. Schultz. Optimal operation of
dispersed generation under uncertainty using mathematical programming. In-
ternational Journal of Electrical Power & Energy Systems , 28:618{626, 2006.



18

10.
11.

12.

13.

14.

15.

16.

17.

18.

Alexa Epe et. al.

H. Heitsch and W. Remisch. Scenario reduction algorithms in stochastic pro-
gramming. Computational Optimization and Applications , 24:187{206, 2003.
H. Heitsch and W. Remisch. Scenario tree modeling for multistage stochastic
programs. Mathematical Programming, to appear, 2008.

ILOG, Inc. CPLEX 10.0. http://www.ilog.com/products/cplex

C. Kuchler and S. Vigerske. Decomposition of multistage stochastic programs
with recombining scenario trees. Stochastic Programming E-Print Series, 9,
2007. http://www.speps.org

A. Ruszczynski.  Decomposition Methods, chapter 3, pages 141{221. In
Ruszczynski and Shapiro [13], 2003.

A. Ruszczynski and A. Shapiro, editors. Stochastic Programming. Handbooks
in Operations Research and Management Science. Elsevier, Ansterdam, 2003.
D. Swider, P. Vogel, and C. Weber. Stochastic model for th e european electricity
market and the integration costs for wind power. Technical r eport, GreenNet
Report on WP 6, 2004.

D. Swider and C. Weber. The costs of wind's intermittency in Germany: Ap-
plication of a stochastic electricity market model. European Transactions on
Electrical Power, 17(2): 151{172.

R.M. Van Slyke and R. Wets. L-shaped linear programs with applications to
optimal control and stochastic programming. SIAM Journal of Applied Mathe-
matics, 17(4):638{663, 1969.

H.-J. Wagner. Wind Energy and Present Status in Germany. In: N. Bansal and
J. Mathur (Editors), Wind Energy Utilization . Anamaya Publishers, New Delhi,
2002.

C. Weber. Uncertainty in the Electric Power Industry: Methods and Mod els for
Decision Support. New York et al., 2005.



