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Abstract. We present a dynamic multistage stochastic programming model for the
cost-optimal generation of electric power in a hydro-thermal system under uncertainty in
load, inflow to reservoirs and prices for fuel and delivery contracts. The stochastic load
process is approximated by a scenario tree obtained by adapting a SARIMA model to
historical data, using empirical means and variances of simulated scenarios to construct
an initial tree, and reducing it by a scenario deletion procedure based on a suitable prob-
ability distance. Our model involves many mixed-integer variables and individual power
unit constraints, but relatively few coupling constraints. Hence we employ stochastic
Lagrangian relaxation that assigns stochastic multipliers to the coupling constraints.
Solving the Lagrangian dual by a proximal bundle method leads to successive decom-
position into single thermal and hydro unit subproblems that are solved by dynamic
programming and a specialized descent algorithm, respectively. The optimal stochastic
multipliers are used in Lagrangian heuristics to construct approximately optimal first
stage decisions. Numerical results are presented for realistic data from a German power
utility, with a time horizon of one week and scenario numbers ranging from 5 to 100. The
corresponding optimization problems have up to 200,000 binary and 350,000 continuous
variables, and more than 500,000 constraints.
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1. Introduction. Many issues motivate a growing interest in mathe-
matical modeling and optimization techniques for operating power systems
and trading electricity. Some of them are related to the ongoing liberal-
ization of electricity markets: electric utilities generate power in a compet-
itive environment, generating and trading activities must be coordinated,
electricity portfolios for spot and option markets become important, and
the electrical load as well as electricity prices become increasingly unpre-
dictable. Further issues are related to the complex nature of mathemat-
ical models for the efficient generation, transmission and distribution of
electric power. They often lead to optimization problems characterized
by combinations of challenges such as mixed-integer decisions, nonlinear
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costs and constraints, huge dimensions and data uncertainty. The latter
aspect mostly concerns uncertainty in electric load forecasts, generator fail-
ures, stream flows to hydro reservoirs, and fuel and electricity prices (see
[20, 22, 24, 31, 44] for relevant earlier work).

The present paper aims at optimizing generation and trading of an
electric hydro-thermal based utility under data uncertainty. More specifi-
cally, we consider a power system comprising thermal units, pumped hydro
storage plants and contracts for delivery and purchase. The relevant un-
certain data comprise electric load, stream flows to hydro units, and fuel
and electricity prices.

We develop a dynamic stochastic programming model where the ex-
pected production costs are minimized subject to operational constraints.
Since the model contains stochastic mixed-integer decisions and is large-
scale, new questions are raised on designing solution algorithms and gener-
ating approximate scenario-based data processes. Our model and solution
techniques are validated on the system of the German utility Vereinigte
Energiewerke AG (VEAG). The VEAG generation system consists of 25
(coal-fired or gas-burning) thermal units and 7 pumped hydro units. Its
total capacity is about 13,000 megawatts (MW) including a hydro capacity
of 1,700 MW; the system peak loads are about 8,600 MW.

Nowadays, solution methods are well developed for linear dynamic
(multistage) stochastic programs without integrality constraints (see the
monographs [4, 26, 57] and the surveys [3, 52]). Most of them are based
on discrete approximations of the stochastic data process in the form of
scenario trees. Recently, some algorithmic progress has also been achieved
in mixed-integer stochastic programming models and applications to power
optimization. The following algorithmic approaches to mixed-integer sto-
chastic programs appear in the literature: (a) stochastic branch and bound
methods [40], (b) scenario decomposition by splitting methods combined
with suitable heuristics [50, 38, 54], (c) scenario decomposition combined
with branch and bound [7, 6], (d) stochastic (augmented) Lagrangian re-
laxation of coupling constraints [1, 8, 9, 48, 11, 51, 55]. The approaches in
(b) and (c) are based on a successive decomposition of the stochastic pro-
gram into finitely many deterministic (or scenario) programs that may be
solved by available conventional techniques. The approach of (d) hinges on
a successive decomposition into finitely many smaller stochastic subprob-
lems for which (efficient) solution techniques must be developed eventually.
Due to the nonconvexity of the underlying stochastic program, the succes-
sive decompositions in (b)—(d) have to be combined with certain global
optimization techniques (branch-and-bound, heuristics, etc.).

The solution approach pursued in the present paper consists in a
stochastic version of classical Lagrangian relaxation [36], which is very
popular in power optimization [2, 18, 23, 37, 53, 59, 61]. Since the coupling
constraints contain random variables, stochastic multipliers are needed for
their dualization, and the dual problem is a nondifferentiable stochastic
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program. The algorithm employed in [8, 9] is based on an augmented La-
grangian containing a quadratic penalization of constraint violation which
is similar to a variance expression. The specific algorithm proposed in [9]
linearizes the nonseparable penalty term and is no longer formally justified
in nonconvex situations. In [1, 48] disaggregated bundle methods are used
to solve a nondifferentiable dual which is obtained from a Lagrangian that
is not based on expected constraint violations. The authors report on ill-
conditioning effects when solving the quadratic subproblems and present
a preconditioner leading to improved convergence results. The solution
method employed in [55] is close to the approach in the present paper. It
it is based on a quadratic approximation strategy of the Lagrangian for
solving the dual and benefits from treating a purely thermal power sys-
tem. The approach of the present paper is based on the Rockafellar-Wets
dualization scheme (see also [11, 51]) and on the same, but stochastic, in-
gredients as in the classical case: a solver for the nondifferentiable dual,
subproblem solvers, and a Lagrangian heuristic. With a state-of-the-art
bundle method for solving the dual, specialized subproblem solvers and
Lagrangian heuristics, this stochastic Lagrangian relazation algorithm be-
comes rather efficient. Compared to our earlier work [43], the algorithm is
developed for a general stochastic data process (i.e., containing stochastic
prices and inflows, too). Furthermore, it ends with a Lagrangian heuristic
providing nearly optimal primal solutions at each time period. Our numer-
ical results indicate that the algorithm bears potential for solving complex
real-life power scheduling models under uncertainty in reasonable time.

Generation of representative scenario trees is presently an active field
of research; see the survey [14]. Known scenario generation methods may
essentially be classified into two categories: (a) approaches that are embed-
ded in the solution procedure of stochastic programs [10, 30, 27, 21, 17], and
(b) approaches that generate optimal scenario trees for classes of stochas-
tic optimization problems [45, 29, 60, 39]. For power management under
uncertainty discrete time stochastic models are calibrated from historical
time series for the load and stream flows [20, 55]. The calibrated models
can be used to simulate or select a large number of sample paths. These
independently generated data trajectories are combined into scenario trees.
The algorithmic approaches in (a) allow possible updates of the scenario
tree structure as part of the solution procedure in the case of linear or con-
vex stochastic programs without integrality constraints. Since a sequence
of stochastic programs corresponding to subsequent approximations have
to be solved, the computational effort of all these methods is high. The
tree building procedures in (b) control the goodness-of-fit of the approx-
imation by certain distances. An optimal scenario tree is defined as the
tree-structured discrete distribution that minimizes the selected distance.
The resulting scenario trees can be tested within postoptimality analysis
[12, 13]. The iterative procedure in [45] is based on the Wasserstein dis-
tance of probability measures. A weighted least-squares criterion is used
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in [29] to obtain a scenario tree that preserves certain moments or other
statistical properties of the true multivariate distribution; the scenario tree
is obtained by solving highly nonlinear nonconvex programs. [60] proposes
a scenario reduction technique (nonrandom sampling) for the expectation
of path-dependent discount functions.

In our approach to load scenario tree generation, simulation scenarios
are drawn from a SARIMA model for the load. Their empirical means and
standard deviations enter a tree building scheme for the initial (binary)
load scenario tree. In a final step the number of load scenarios is reduced
by a scenario deletion procedure based on a suitable probability distance.

The paper is organized as follows. In §2 we give a description of a
hydro-thermal generation system and develop our stochastic programming
model. In §3 we describe the stochastic Lagrangian relaxation approach
together with its components and report on numerical results for the VEAG
system with uncertain load. In §4 we present our procedure for generating
scenario trees of the electrical load process and report on numerical tests.

2. Power system modeling. We consider a power generation sys-
tem comprising thermal units, pumped storage plants and contracts for
delivery and purchase, and describe a model for its cost-optimal operation
under uncertainty in electrical load (i.e., demand), stream flows in hydro
units and prices for fuel or electricity.

The scheduling horizon for unit commitment is typically discretized
into uniform (e.g., hourly) intervals. Accordingly, the load, stream flows
and prices are assumed to be constant within each time period. The
scheduling decisions for thermal units are: which units to commit in each
period, and at what generating capacity. The decision variables for hydro
plants are the generation and pumping levels for each period. Contracts
for delivery and purchase are regarded as special thermal units. The sched-
ule should minimize the total generation costs, subject to the operational
requirements.

We use the following notation. There are T' time periods. I and J
are the numbers of thermal and hydro units, respectively. For a thermal
unit 4 in period ¢, u;; € {0,1} is its commitment (1 if on, 0 if off), and p;
its production, with p; = 0 if u; = 0, p; € [pH", paX] if u; = 1, where
pIn and pla* are the minimum and maximum capacities. Additionally,
there are minimum up/down-time requirements: when unit ¢ is switched
on (off), it must remain on (off) for at least 7; (7, resp.) periods. For a
hydro plant j, v;; and wj; are its generation and pumping levels in period
t, with upper bounds vj}** and w};* respectively, and lj; is the storage
volume in the upper dam at the end of period ¢, with upper bound I7;**.
The water balance relates [;; with I+ 1, vjt, wj: and the water inflow v;t,
using the pumping efficiency n;. The initial and final volumes are specified
by l}n and ljc-“d.

The basic system requirement is to meet the electric load. Another
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Fic. 1. Typical load curve and hydro-thermal schedule

important requirement is the spinning reserve constraint. To maintain
reliability (compensate sudden load peaks or unforeseen outages of units)
the total commited capacity should exceed the load in every period by a
certain amount (e.g., a fraction of the demand). The load and the spinning
reserve during period ¢ are denoted by d; and r;, respectively.

Figure 1 shows a typical load curve and a corresponding cost-optimal
hydro-thermal schedule. The load curve exhibits a daily cycle; also weekly
cycles may occur (see, e.g., Fig. 5 in §4.1). Efficient operation of pumped
storage hydro plants exploits such cycles by generating during peak load
periods and pumping during off-peak periods.

Since the operating costs of hydro plants are usually negligible, the
total system cost is given by the sum of startup and operating costs of
all thermal units over the whole scheduling horizon. The fuel cost C;; for
operating thermal unit ¢ during period ¢ has the form

(2.1) Cit(pit, uit) = llflif%)li{ aiiePir + birgtit }

with coefficients a;¢, by such that Cy(-,1) is convex and increasing on
R, ; note that C;+(0,0) = 0. The startup cost of unit ¢ depends on its
downtime; it may vary from a maximum cold-start value to a much smaller
value when the unit is still relatively close to its operating temperature.
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This is modeled by the startup cost

(2.2) Sit(u;) = g, Cir (Uit — Z Ui,t—n) ,

k=1
where 0 = ¢ < ... < Cire are fixed cost coefficients, 77 is the cool-down
time of unit 4, c;re is its maximum cold-start cost, u; := (ui)i,, and

uir € {0,1} for 7 =1 — 7£: 0 are given initial values.

2.1. Stochastic model. In electric utilities, schedulers forecast the
electric load for the required time span. Since the load is mainly driven
by meteorological parameters (temperature, cloud cover, etc.), the actual
load deviates from its prediction. Of course, the load uncertainty increases
with the length of the planning horizon. Other sources of uncertainty
are generator outages, stream flows in hydro units, and prices of fuel and
electricity.

To formulate a power generation model that incorporates fluctuations
in stream inflows in hydro plants, and fuel and electricity prices in addition
to the load uncertainty, we use a probabilistic description of uncertainty.
Thus

(2.3) {p,:=(di,re,7v,, a1, bs,¢p) }thl

is assumed to be a discrete-time stochastic process on some probability
space (Q, F,P), where d;, r; and -, represent the load, the spinning reserve
and the water inflows in period ¢, while a;, by and ¢; collect the cost
coefficients of (2.1) and (2.2) (we use bold characters to emphasize random
elements).

The scheduling decisions for period ¢ are made after learning the re-
alization of the stochastic variables for that period. Denote by F; C F the
o-field generated by {p,}L_,, i.e., the events observable till period ¢. Since
the information on p, is complete, F; = {0, Q}, i.e., p; is deterministic. By
assuming Fr = F we require that full information be available at the end of
the planning horizon. The sequence of scheduling decisions {u;, p;, v¢, we}
also forms a stochastic process on (2, F, P), which is assumed to be adapted
to the filtration of o-fields, i.e., nonanticipative. Nonanticipativity means
that the decisions (u¢, p;, v+, w:) may depend only on the data observable
till period ¢, or equivalently that (u, p,, v, w;) is Fi-measurable.

In a stochastic programming framework, an optimal schedule is ob-
tained by minimizing the expectation of the costs caused by all nonanti-
cipative decisions while meeting the operational constraints. Formally, our
stochastic problem is stated as:

(2.4) minE {i 3

t=1 1

[Cit(piy, wir) + Sit(ui)]} s.t.
1
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(2.52) plituy, < p, < PR™uy, wy € {0,1}, t=1.T, i=1:1,
(25b) WUir — W4 7—1 Suit, T:t—7_'1'—|—1:t— 1, t= IST, 1= 1:[,

(2.5¢) Wiro1 —Uir <1l—uy, 7=t—-1,+1:t—-1,t=1T, i=1:1,

(2.6a) 0 < wvjp <vp™, 0 < wj <wp™, 0< L <™, t=1T,j=1:J,

(26b) Ly =111 —vj +njwj + Yt t=11T, j=1:J,

(2.6¢) Lo=1Ur, Lr=1" j=1.J
I J
(2.7a) Zpit + Z(vjt —wj) >d;, t=1T,
i=1 j=1
I
(2.7b) Z(Uitpzr'?ax —py) =1y, t=1T,
i=1
T
(2.8) (u,p,v,w) € x L™ (Q,]—},’P;RQ(HJ)) ,
t=1

where (2.4) is the expected cost (cf. (2.1))—(2.2)), (2.5) describes the oper-
ating ranges and minimum up/down-time requirements of thermal units,
(2.6) models the operating ranges and dynamics of hydro units (with I,
treated as state variables), (2.7) imposes the load and reserve require-
ments, (2.8) expresses the nonanticipativity constraint (since all decision
variables are uniformly bounded, we may restrict attention to decisions in

L>(Q, F, P;R?U+9))) and for

(2.9) Tini ::1—m?}%{7’f,7_’i—1,£i_1}

=1

and 7 = Tipi: 0, wir in (2.4) (cf. (2.2)) and (2.5b)—(2.5¢) are replaced by
fixed initial values w;, € {0,1}, 4 =1:1.
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F1G. 2. Example of a scenario tree

2.2. Scenario tree model. To develop algorithms for problem (2.4)—
(2.8), we now assume that we have a discrete distribution of the data pro-
cess {p,}1_, (cf. (2.3)). Its support consists of scenarios (i.e., realizations
of {p,}]_,) that form a scenario tree based on a finite set of nodes N (cf.
Fig. 2). The root node n = 1 stands for period ¢t = 1. Every other node n
has a unique predecessor node n_ and a transition probability m, ,, >0,
which is the probability of n being the successor of n_. The successors to
node n form the set Ny (n); their transition probabilities add to 1. The
probability 7, of each node n is generated recursively by

m =1, ="y T forn#l

Nodes n with Ay (n) = 0 are called leaves; they constitute the terminal
set N7. A scenario corresponds to a path from the root node to a leaf.
The probabilities {7, }nens provide a distribution for the set of all scenar-
ios. Conversely, given such scenario probabilities, the remaining node and
transition probabilities are generated recursively by

T = Z Tnys Tny/n =Tny /T for ng € Ny(n).
ny €NG(n)

Let path(n) denote the path from the root to node n. Then node
n corresponds to a set of realizations of {p,}I_; that coincide until the
period t(n) := | path(n)| associated with node n; their common value p;(,)
is denoted by p" := (d", 7", 4", a™,b", ¢"). Let the decisions for period ¢ be
made after learning the realization of {p,}t_;. The scheduling decisions
(u™, p™,v™, w") assigned to nodes n in Ny := {n : t(n) =t} are realizations
of the stochastic decisions (u¢, p;, vi, w); note that » . mp = 1.
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Let ufath(") = (u¥)yepatn(n)- We use the following notation for the
sequence of predecessors of any node n € N'\ {1}: n_y:=n_, n_.41) :=
(n_w)— ift(k) > 1; note that t(n_,) = ¢t(n)—k for k = 1:¢t(n)—1. To handle
the initial values u] = u;r with 7 = 7p5: 0 (cf. (2.9)), we let n,, := k — t(n)
for kK = t(n) + 7ini: t(n) (as if the original tree were augmented with nodes
T = Tini: 0 with associated periods t(7) = 7). Then (cf. (2.1) and (2.2))

Ci'(pi'sui') = = jnax x { ajp} + bjju;' }

and

(2.10) Sn( path(")> = max ] cr < Zu" “)

are the fuel and startup costs of unit ¢ at node n.
The scenario-tree form of the stochastic problem (2.4)—(2.8) reads:

(2.11) min Z an [C" ptul) + S ( path(n )} s.t.

neN =1
(2.12a) plt(‘n)u <pi <pamuis up €{0,1}, neN,i=11,
(2.12b) w7 —w Y <l k=17 -1, neEN, i=11,

2

(2.12¢) uy, "V —wul Tt <1 -, k=li,—1, neN, i=1:1,

(2.132) 0 < v} <o, 0 < wj <wiyin), 0 <1 <, ne N, j=1:J,
(2.13b) l?:l;-l’ - +njw; +v7, neN, j=1:J,
(2.13¢) =0 U'=I" neNp, j=1J

I J
(2.14a) Sopi > () —wf)=d", neN,
1=1 Jj=1

(2.14b) Z(u”pftl(‘*;‘) pi)>r", neN,
i—1
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TABLE 1
Size of the scenario-tree model (2.11)—(2.14) depending on the numbers of scenarios
and nodes for T =168, [ =25 and J =7

S N Variables Constraints | Nonzeros
binary | continuous

1 168 4200 6652 13441 19657

20 | 1176 29400 45864 94100 137612

50 | 2478 61950 96642 198290 289976

100 | 4200 | 105000 163800 336100 491500

Note that the objective and constraints of (2.11)—(2.14) correspond directly
0 (2.4)-(2.7), whereas the nonanticipativity constraint (2.8) is handled
implicitly (i.e., it is ensured automatically) by the tree-based model.

The tree-based form (2.11)-(2.14) for N := |N| nodes involves IN
binary and (I 4+ 2J)N continuous decision variables. In contrast, the
stochastic program (2.4)—(2.8) for S := |Nr| scenarios has ITS binary and
(I +2J)TS continuous decision variables; note that typically N <« T'S.

Table 1 shows how the size of a mixed-integer LP formulation of the
scenario-tree model (2.11)—(2.14) increases with the number of nodes (with-
out taking into account the constraints of type (2.12b)—(2.12¢) and the
objective function).

3. Stochastic Lagrangian relaxation. In this section we develop
Lagrangian duals of the stochastic program (2.4)—(2.8) and its tree-based
version (2.11)—(2.14). We also describe the structure of Lagrangian relax-
ation, the bundle method used for solving the dual problem, the algorithms
for solving subproblems and two Lagrangian heuristics for recovering pri-
mal solutions. Finally, we give numerical results.

3.1. Dual stochastic problem. Problem (2.4)-(2.8) is almost sep-
arable with respect to units, since only constraints (2.7) couple different
units. This structure allows us to apply a stochastic version of Lagrangian
relaxation by associating a stochastic Lagrange multiplier A with the cou-
pling constraints (2.7). For convex multistage stochastic programs, this
approach is justified by the general duality theory of [49]. Hence suppose
momentarily the constraint w;; € {0,1} of (2.5a) is relaxed to u; € [0, 1],
so that problem (2.4)—(2.8) becomes convex. Then (cf. [11, §4]) with mul-
tipliers A = (A", A\*) belonging to x7_; L*(Q, F, P;R?), the Lagrangian

T (I
(3.1) L(u,p,v,w;A) := EZ {Z[Cit(pit,uit) + S (ui)]

t=1 =1
I J I
+ [dt = P — > (i — wjt)} + A/ {Tt = (wapl™ - pit)} ;

i=1 j=1 i=1
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and the dual function

(3.2) D(A) :== (uﬁglﬁi&w)L(u,p,v,w;)\) s.t. constraints (2.5)—(2.6),

the dual problem reads
T

(3.3) max {D(A) Ae x Ll(Q,ft,P;Ri)} .
t=

In particular, this means that the stochastic multiplier process {A;}~_; is
nonnegative P-almost surely and adapted to the filtration {F;}~ ;. In the
general case of integrality constraints in (2.5a), the optimal value of the
dual problem (3.3) only provides a lower bound for the optimal cost of the
nonconvex primal problem (the duality gap is discussed in [11, §4]).

The minimization in (3.2) decomposes into stochastic single unit sub-
problems. Specifically, the dual function

I J T
(3.4) D) =Y DiA)+ Y DAY +ED (Ajdi + Airy)
j=1

i=1 t=1
may be evaluated by solving the thermal subproblems

T
(3.5)  Di(A) := min {]E Z[min{cit(Pitauit) — (At = AD)pir}

t=1 ="

T
— Nuap™ + Su(wi)] st (ui,p;) € x L=(Q,F, P;R?) and (2-5)}

(where we used separability and exchanged expectation with minimization
over p;) and the hydro subproblems

(,Ujij)

T
(36) D;(A'):= min {EZAg(wﬁ_vﬁ) s.t.
t=1

(v, w;) € X L>®(Q, F;, P;R?) and (2.6)}.

Both subproblems represent multistage stochastic programming models for
the operation of a single unit. While the thermal subproblem (3.5) is
a combinatorial multistage program involving stochastic costs, the hydro
subproblem (3.6) is a linear multistage model with stochastic costs and
stochastic right-hand sides.

3.2. Dual scenario-based problem. Let us now assume that a dis-
crete distribution of the data process {p,}._, is given in the scenario tree
form discussed in §2.2. Then {\;}]_,, being adapted to the filtration
{F L generated by {p,}7_;, has the tree structure of {p,}7;, and is
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nonnegative P-almost surely. Accordingly, the multipliers A" € R3 as-
signed to nodes n in NV := {n : t(n) = ¢} are realizations of the stochastic
multipliers A, for t = 1: T. Letting A := (A\")en =t (A1, A2) € RY x RY,
where N := |V, we may rewrite the dual problem (3.3), the decomposed
dual objective (3.4) and the Lagrangian subproblems (3.5)—(3.6) as follows:

(3.7) max {D(A) : A € R3V},

I J
(38) DO\ =) D Z (M) 4+ D (AFdT+ A3,

neN

(3.9)  D;(\) = min { Z T [mln {CF (Pl ul') — (AT = A3)pl}

neN :

_ )\gunpft‘(i’f —I—S"( path(n)):| s.t. (2.12)},

(3.10) Dj(M\) = min {Z T AT (W] —vT) s.t. (2.13)}.

U] wj neN

Alternatively, these expressions may be derived from the Lagrangian

(3.11) L(u,p,v,w;N) Z T {ch (7, ! +an( path 'n,))

neN i=1
I J I
X = 3w = Y =] g [ = S i - )] ¢
i=1 j=1 i=1

and the definition of the dual function

(3.12) D(A\) := min L(u,p,v,w; ) s.t. constraints (2.12)—(2.13).

(u,p,v,w)

The dual function D is concave and polyhedral, since the fuel costs
(2.1) are polyhedral.

3.3. Structure of the solution method. Extending Lagrangian
relaxation approaches for deterministic power management models, our
method for solving the tree-based model (2.11)—(2.14) consists of the fol-
lowing ingredients:

(a) Solving the dual problem (3.7) by a proximal bundle method using
function and subgradient information;
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solution of the dual problem

solution of subproblems

(proximal bundle method)
l (stochastic dynamic programming)

‘ Lagrange heuristics ’_:’
|1

‘ (stochastic) economic dispatch ‘

(descent algorithm)

Fic. 3. Structure of the stochastic Lagrangian relaxation method

(b) Efficient solvers for the single unit subproblems: dynamic pro-
gramming for (3.9) and a special descent algorithm for (3.10);

(¢) Lagrangian heuristics for determining a nearly optimal first-stage
decision that employ economic dispatch.
These components are discussed in the following subsections; their interac-
tion is illustrated in Fig. 3.

3.4. Proximal bundle method. The tree-based problem (2.11)-
(2.14) has the following form:
(3.13) i — min g(z) st (2) <0, l=1:L, 2€ Z

with z := (21,...,2147) and Z := Zy X --- X Zj4j, where Z; is the set of
points z; = (ul', p} )nen satisfying (2.12) for ¢ = 1:I, Zry; is the set of
points zr4; 1= (v}, W} )nen satisfying (2.13) for j = 1:.J, L := 2N, and

I
(3.14a) Yo(z) = Z Z T {Cf(p?,u?) +Sn (ufath(n))} ’
i=1 neN
1 J
(3.14b)  u(2):=d" =) p—=> (W} —w}), n=1LN,
i=1 j=1
I

(3.14c)  Yniyn(z) =1" — Z(ufpftl(‘fl‘) —-pi), n=N+1:2N.
i=1

Note that each function ¢y, [ = 0: L, is continuous on the compact set Z.
Let A denote the dual space RY of multipliers A = (A1, \2) € RY xRY
equipped with the probabilistic inner product

N
(3.15) M= Y T (AFpg + A5 ps) = (T, 1)
n=1
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where IT € REXE is a diagonal matrix with entries II,,, := INin Ngn =
Tn, m = 1: N, and (-,-) is the standard inner product on R”. Then, with
the constraint function 9 := (¢1,...,1r), the Lagrangian (3.11) becomes

(3.16) L(z;A) := ¢o(2) + (A ¢(2))
(cf. (3.14)). Thus the dual function (3.12) of problem (3.13)

D(\) :==min L(z; \) = rzrél? {to(2) + (X, ¥(2))n}

z€Z

may be evaluated at A\ by finding a partial Lagrangian solution
(3.17) z(A\) € Z(\) == Argrréiél L(z;\) = Arg Hélél {to(2) + (N ¥(2))},
which provides a subgradient gp(X\) := ¥ (z(\)) of D at A, i.e.,

(3.18) D(p) < L(2(A); ) = D) + (= A\ gp(N)n - Va.

Clearly, gp(-) is bounded, since 4 is continuous on the compact Z.

Suppose the primal problem (3.13) (=(2.11)—(2.14)) is feasible. Then
it has a nonempty solution set Z, (by Weierstrass). Further, the lower
bound D, := SUpRr D < ¢t (weak duality) yields D, < oo, so the dual
optimal set A, := maxg D is nonempty (since D is polyhedral).

In effect, the proximal bundle method [32], [28, §XV.3] may be used for
solving the dual problem [18]. This method generates a sequence {\¥}12° | C
Ri converging to some \* € A, and trial points \¥ € RJLF for evaluating the
Lagrangian solutions 2% := z(A\¥) (cf. (3.17)), the subgradients g% := ¢ (z*)
of D and its linearizations (cf. (3.18))

D*() == DA") + (- = \*, gb)y = D(:),
starting from an arbitrary point A} = M\ € Ri. Iteration k uses the

polyhedral model of D

(3.19) Dy(-) = min D'(-) with ke L* C {1:k}
leL

for finding the next trial point
(3.20) MH = argmax { Dp(A) — Sue|A — A5[F - A e RY },

where the prozimity weight up > 0 and the penalty term |- |3 := (-, )
should keep A**1 close to the prox-center A¥. An ascent step to A1 =
AL oceurs if APt is significantly better than AF as measured by

(3.21) D) > DOAF) + K6y,
where x € (0,1) is a fixed Armijo-like parameter and

Sk := Dp(\* ) = D(AF) >0
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is the predicted ascent (if 6, = 0 then \¥ € D, and the method may stop).
Otherwise, a null step A¥*! = A\¥ improves the next model Dy with the
new linearization D¥*! (cf. (3.19)).

The choice of weights uy, is discussed in [18, 32]. For choosing L**!,
subgradient selection exploits the fact that the QP method of [34] for solv-
ing subproblem (3.20) produces multipliers Vlk > 0 of the linear pieces D! in
(3.19) such that Y~ ;» vF =1 and the set LF:={l € L¥ : v} > 0} satisfies

|ﬁk| < L+ 1. To save storage without impairing convergence, it suffices to
choose LFt1 > L* U {k + 1}, i.e., we may drop inactive linearizations D'
with Vlk = 0. (The multipliers 1/lk could be used for constructing a general-
ized solution to a relaxed version of problem (3.13), and for recovering good
primal feasible solutions; this idea is exploited for deterministic unit com-
mitment in [18], but its stochastic extension requires further work.) Since
subgradient selection may require too much storage (up to L + 2 lineariza-
tions), alternatively one may employ subgradient aggregation [32], in which
groups of past linearizations are replaced by their convex combinations so
that at most NGRAD > 2 linearizations are stored.

The proximal bundle method has very strong convergence properties.
First, because D is polyhedral, for subgradient selection the convergence
is finite [33] (i.e., 5 = 0 and A\¥ € A, for some k) if the dual problem
(3.7) satisfies a mild technical condition, or “sufficiently many” iterations
require an exact ascent step, i.e., (3.21) with k = 1. For subgradient
aggregation, finite convergence need not occur, but A¥ — \* € A, and {z*}
converges to Z(A*) (cf. (3.17)). In particular, the thermal unit schedules
ugk) of zf = (uik ,pik) converge to “dual optimal” schedules; this may
be exploited in Lagrangian heuristics for recovering a good primal feasible
solution. Further, §; — 0, so that for any optimality tolerance opt_tol > 0,
the method eventually meets the stopping criterion

(3.22) 0 < opt_tol (1+[D(AF)]).

Usually, when opt_tol = 10™™ is used, upon termination the dual objective
value D(\¥) has m correct digits [18].

We may add that using the probabilistic inner product (3.15) and
norm | - |y := (-, ->}1/2 in the Lagrangian (3.16) and the bundle subproblem
(3.20) is natural in the stochastic setting. It may also enable faster conver-
gence. Namely, in a similar context [1] reports poor bundle performance
for II replaced by the identity matrix in (3.16) and (3.20), and much better
performance for II replaced by II'/? in (3.16) and by the identity matrix
in (3.20); the latter version corresponds to ours (expressed in variables
A =T11'2)).

3.5. Descent algorithm for stochastic hydro units and eco-
nomic dispatch. The hydro subproblem (3.10) for unit j is solved by
a specialized descent method that generates a finite sequence of feasible
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hydro decisions (v;,w;) with decreasing objective values

W (vj,w;) E :7"")‘1 j)

neN

and terminates with an optimal solution. The method begins by finding
a feasible hydro decision (vj,w;) that satisfies (2.13). The next feasible
iterate (0;,w;) with ¥(9;,w;) < ¥(vj,w;) is chosen so that the difference
(07, w}) — (v, w?) is nonzero only for n belonging to a rather small subset
Ng of N. Here the subscript G refers to a subset of N with the following
properties: There exist ng € G and Lg C G such that ng € path(n) for
each n € G, Ni(n) NG = 0 for each n € Lg, and Ny(n) C G for each
n € G\ Lg. Since such a subset G corresponds to a subtree with root node
ng and leaves in L, it is called a descent subtree in what follows.

It is shown in [42] that for each nonoptimal feasible hydro decision
(vj,w;) there exist a descent subtree G and a hydro decision (9;,@;) such
that 0 = v} and W} = w} for each node n € N'\Ng with Ng = {ng}ULg,
and

D mAL) — o) — (@) —w})) <0,
nENG

which implies W(0;,w;) < W(vj,w;). Moreover, there exists a constant
d¢ # 0 such that l" = 7+d¢g forn € G\ Lg and l" =1} forn € N\(G\Lg),

where ZJ and [; are the corresponding storage volumes. If 6¢ > 0 then
079 < w9 or wi¢ > w9, and Wi < wji or ¥} > v} for each n € Lg,
and similarly for g < 0. For a precise description of the iterative scheme
we refer to [42]. Tt is also shown there that for each nonoptimal feasible
hydro decision, a descent subtree leading to steepest descent of ¥ can be
determined with complexity that grows linearly with N. Implementation
issues and numerical results of the descent algorithm are given in [41, 42].

We now turn to the next item of Fig. 3. When the binary decisions u}
are fixed, the tree-based model (2.11)—(2.14) becomes an economic dispatch
problem. This problem can be reformulated as

(3.23) min Y @ | Y (vf —w)) st (2.13),

neN j=1

where @ are the optimal value functions of the following one-parametric
thermal subproblems

®"(0) := min C? (pi,ul) mmu <pi <pgisuy, i=1:1,
() P {Z z(p 4 pzt(n) p pzt(n)

I I
<Yom < Yosttint v }
=1 =1
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Such piecewise linear functions may be evaluated via efficient algorithms
(e.g., [56]). If the functions ®™ were differentiable, successive linearization
combined with the above descent technique could be used to solve (3.23).
This suggests replacing each ®" by a differentiable function " that is
obtained from ®" by smoothing its kinks with quadratic functions on small
intervals. Then successive linearization and descent may be combined with
progressive reduction of the smoothing intervals. More information on this
economic dispatch algorithm and its numerical performance may be found
in [42, 43].

3.6. Dynamic programming for stochastic thermal units. To
solve the thermal subproblem (3.9) for unit ¢ by dynamic programming,
the startup costs (2.2) and the minimum up/down-times (2.12b)—(2.12c)
are incorporated in its state space S; := {—7;:—1} U {1: %} with 7 =
max{7f,7;}. Unit ¢ is in state s > 0 (s < 0) if it has been up (down) for
at least s (—s, resp.) time periods. The set 7; C S; x S; of feasible state
transitions of unit ¢ is given by

T, ={(s,s+ 1) fors=1:7—1,(%,7), (7, —1), (=7, —T1),
(s,s—1) for s = -7, —1: =1, (s,1) for s = —7;: —1,}.

To formulate the dynamic programming recursion, we set for all nodes
n € N and integers s, §

min max

pit(n)gpgpit(n)

0 ifs <1,
ai(s) = min [C71(p, 1) — (AT = AZ)p] — Appiiny)  else,

if s € {—7f: =1} and § > 0,
otherwise,

c’ﬂ

B (s, 3) == { OiﬁS

where ¢l are the startup cost coefficients of (2.10). Thus af(s) is the
weight of node n in state s, and 57 (s, §) is the weight for the arc from state
s to state § at node n in the dynamic programming graph. Then we have

-
D;(\) = min g T | (ul) + max ¢ | ul — g ul "
Ui T=0:77 1
o=

neN

= min{ Z o [ (8™) 4+ B (", 8™)] : (8", ") €Tiy n EJ\/}

neN
= 77?(8?)7

where s) is the initial state determined by the given {u;;}2__ . and 7 (s)
is determined by the backward recursion

7717‘(3) — af(s) + Z Tny /n ( H‘l)igT {ﬁl"* (s, §) + 77;“r (5)} , s€eS;,
n+€./\/+(n) 58 !
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for n € N'U{0} with a?(s) = 0, Ny (0) = {1}, 79 = 1. Now, the dy-
namic programming algorithm works as follows. First the cost-to-go nf*(s)
is computed for all states s € S; and nodes n € N via the backward re-

cursion, which also yields n?(s?). Then the optimal scheduling decisions

3

{(u?(N), p*(X)) }nen are obtained by forward tracing the tree. Implemen-
tation issues are discussed in more detail in [42].

3.7. Lagrangian heuristics. When the bundle method delivers an
optimal multiplier A*, the optimal value D(\*) provides a lower bound
for the optimal cost of the model (2.11)—(2.14). In general, however, the
“dual optimal” scheduling decisions z(A*) = (u(A*),p(A*), v(A*), w(A*))
(cf. (3.17)) violate the load and reserve constraints (2.14).

In practice the data forecast may be reliable until some period t; €
{1: T—1}, so that the data process {p, }\L, is deterministic. Thus it is useful
to distinguish the deterministic first stage comprising periodst = 1:¢;. The
nodes of the first stage form the set N := UL, N; (see also Fig. 2).

In the following, we describe two Lagrangian heuristics that determine
nearly optimal first stage decisions {(u™, p™, v™, w™) bneny,., starting from
the optimal multiplier \* and z(A*). While the first heuristic provides a
nearly optimal decision only at nodes n € Mg, the result of the second
one is a nearly optimal solution at every node in V.

Our first heuristic LH1 starts by computing mean values of the scena-
rio-based stochastic processes p, A* and I; = [;(\*), j = 1:J, i.e., we
determine p = E[p], \* = E[\*] and [; = E[/;]. For instance, we have

(ditaftf?tudtugtuét) = ﬁt = Z T‘—npn = Z ﬂ-n(dn7rn7’7n7an7bnucn)'
neN; neNy

Next, replacing A by {1: T} and p by p, we consider deterministic single-
scenario versions of the model (2.11)—(2.14) and the thermal subproblems
(3.9). Then we find deterministic generation and pumping decisions v; and
w; that satisfy the constraints (2.13) with [; and v; replaced by I; and #;,
respectively. Furthermore, deterministic on/off decisions u; are computed
by dynamic programming as solutions of the thermal subproblems (3.9)
with the multiplier X and the cost coefficients a, b and ¢ replaced by \*, a,
b and ¢. In the next step, the hydro decisions v; and w; are rescheduled in

order to meet, as much as possible, the modified reserve constraint

1 J
(3.24) Zuitp?tlax >d, + 7+ Z(wjt —wjt) t=1T,

i=1 j=1

i.e., the sum of the load and reserve constraints (2.14a) and (2.14b) with
d and r replaced by d and 7. To this end our procedure reduces the right-
hand side of (3.24) by modifying the hydro schedules at those ¢ where the
constraint is violated and its right-hand side is largest in a certain set of
neighboring time periods. This procedure is repeated several times (see also



POWER MANAGEMENT IN A HYDRO-THERMAL SYSTEM 19

[23]). In the next step the hydro variables are fixed, and following [61] we
search for binary variables u; that satisfy the constraint (3.24). The main
idea is to select the period ¢ where (3.24) is most violated and to increase \}
as much as necessary to switch on in the thermal subproblems just as many
units as needed to satisfy (3.24) at t. This is repeated until the constraint
(3.24) is satisfied in all periods. Since this technique does not distinguish
between identical units, which appear quite often in practice, the startup
costs of such units are slightly modified. Once the binary decisions u; are
fixed, the economic dispatch algorithm (see §3.5 and [43]) completes LH1
by providing (deterministic) scheduling decisions {ps, v¢, w;} for the whole
planning horizon ¢t = 1: T'.

The second Lagrangian heuristic LH2 is based on the observation that
usually the binary decisions in u(A* 4+ 1) change significantly relative to
u(A*) even for small € > 0, and ensure feasibility for € large enough. (Here
1 denotes the L-vector with unit components.) Hence, LH2 starts by find-
ing some £ > 0 such that z(\* + 1) satisfies all constraints (2.12)—(2.14).
Then taking u(A* 4+ 1) as a starting point, a finite sequence of binary
decisions is constructed such that their components are decreasing. This
is done by selecting a node n € N where the available reserve capacity
Ele(uﬁpgz’l‘) — pl') — r™ is maximal, and switching some unit 7 off at n
and some predecessor and successor nodes. This unit ¢ and the neighbor-
ing nodes of n are detected by stochastic dynamic programming. Next,
a stochastic economic dispatch problem is solved by the descent method
described in §3.5 and [43]. This procedure, which generates a sequence
of scheduling decisions at all nodes, is continued until infeasibility is de-
tected during economic dispatch, at which point the procedure returns the
scheduling decision having minimal cost (2.11) from those calculated so far.
The LH2 heuristic is described in more detail in [42, §4.4].

3.8. Numerical results. The stochastic Lagrangian relaxation algo-
rithm was implemented in C++ except for the proximal bundle method, for
which the Fortran package NOA 3.0 [35] was used as a callable library. For
numerical tests we considered the hydro-thermal power system of VEAG
(with T = 168, I = 25 and J = 7) under uncertain load (i.e., the remaining
data were deterministic). A bunch of load scenario trees was constructed
as follows. Starting with a reference load scenario obtained from real-life
data, S — 1 random branching points were selected successively to produce
a scenario tree with S identical scenarios. Then a (discretized) Brownian
motion was added to each node of the scenario tree. The test runs were
performed on an HP 9000 (780/J280) computer with 180 MHz frequency
and 768 MByte main memory under HP-UX 10.20.

First we consider the Lagrangian relaxation algorithm based on LHI.
Table 2 shows computing times and gaps for different numbers of scenarios
(S) and four randomly generated scenario trees, each having a different
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TABLE 2
Computing times and gaps with LH1 (NOA 3.0: opt_tol = 1073, NGRAD = 50)

S N | time[s] | gap[%] N | time[s] | gap[%)]
20 | 1982 89 0.15 | 1627 94 0.10
20 | 1651 68 0.37 | 1805 85 0.07
50 | 4530 475 0.18 | 4060 274 0.10
50 | 4041 313 0.10 | 4457 288 0.43

100 | 9230 1183 0.11 | 9224 1072 0.13
100 | 7727 930 0.09 | 8867 1234 0.30
TABLE 3

Computing times and gaps with LH2 (NOA 3.0: opt_tol = 10~%, NGRAD = 200)

S N | NOA time[s] | total time[s] | gap|%)]
1 168 10 16 0.20
5 542 65 101 0.19

10 983 128 230 0.71
21 | 2098 351 531 0.39
24 | 2175 374 695 0.83
27 | 2208 380 8349 0.73
32 | 2173 359 3337 0.66
34 | 3043 497 1499 0.95
39 | 3848 874 4092 0.82

number of nodes (V). The gap refers to the relative difference

1 (L
D. (Z D [Calpiey i) + Suws)] = D*>

t=1 i=1

of the cost of the scheduling decision (u, p, v, w) and the optimal value D,
of the dual problem. We note that, in general, this gap does not provide
a quality measure for the approximate first stage solution (it may even
become nonpositive). When reading the computing times in Table 2, it is
worth recalling that N = 4000 and N = 8000 correspond to 100,000 and
200, 000 binary variables in the model (2.11)—(2.14), respectively.

Table 3 reports computing times and gaps for the Lagrangian relax-
ation algorithm based on LH2 applied to test problems with different num-
bers S and N of scenarios and nodes of randomly generated load scenario
trees. Here the gap refers to the following bound of the relative duality gap

;* (gv Tn Z: [cin (p, ul) + ST (ug?“h(”))} - D*> .

Clearly, this bound provides an accuracy certificate for the approximate
primal-feasible solution {(u", p™, v™, w™)}nen-

While the “deterministic” heuristic LH1 requires only short computing
times, this becomes quite different for the “stochastic” heuristic LH2. Table
3 gives more insight into the (total) computing times of different test runs.
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Fic. 4. Optimal stochastic solution for one week

Higher computing times are always due to very many economic dispatches
required by LH2. It is worth mentioning here that LH2 is quite sensitive
to the accuracy of the dual solution, i.e., to the optimality tolerance of
the proximal bundle method. The advantage of using LH1 consists in
low running times even for mid-size scenario trees, while its drawbacks
are that only first-stage solutions are provided with no accuracy bounds.
The advantage of LH2 is that it produces a “stochastic” solution together
with a guaranteed accuracy bound, but at the expense of higher computing
times even for scenario trees of smaller size. For further information the
interested reader is referred to [42].

Another test employed a load scenario tree with sixteen scenarios and
912 nodes that was generated from real-life VEAG data by the technique
described in §4.4. As before, we had T = 168, I = 25, J = 7. In effect,
the scenario tree formulation of our optimization model had 22,800 binary
and 41,952 continuous variables, 92,224 constraints and 242,704 nonzeros.
Figure 4 provides the final output of the Lagrangian relaxation algorithm
using LH2. It presents 16 realizations of load and generation levels.

4. Generation of load scenario trees. Our generation of load sce-
nario trees for the stochastic power generation model (2.11)—(2.14) proceeds
according to the following steps:

1. Identify a statistical (time series or regression) model of the load,
and use it for generating a large number of simulation scenarios.
2. Determine an initial structure of the load tree. Compute scenario
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values, using the sample means and standard deviations of the simulated
scenarios.

3. Reduce the number of scenarios in the tree optimally.
These steps are explained in the following subsections.

4.1. Identification of a time series for the electric load. For
the identification of a statistical model we got from the VEAG utility an
hourly load profile for one year. We could not fit regression models because
of missing meteorological parameters.

To select a suitable class of models for the set of observed load data
{di}1er with I C Z := {0,£1,+£2,...}, {di}1er is considered as part of a
realization of the stochastic load process {d:}tez. A time series model for
{d:}ter is a specification of the joint distributions of {d; }+cz. We now recall
some concepts of time series analysis.

A complete time series model for a stochastic process {X;}iez should
specify the distribution of any random vector (Xj,,...,X; ). Often the
analysis focuses on the second-order properties of {X;}: the expected val-
ues EX; and the covariances cov(Xy, X;) := E[(X: — EX}) (X — EXy)] for
all t,s. In the particular case of Gaussian time series all random vari-
ables X; are normally distributed. Therefore all the joint distributions
are multivariate normal and completely characterized by the second-order
properties of {X;}. Classical time series analysis relies on the concept of
stationarity. Recall that {X;} is stationary if EX? < oo, EX; is constant
and cov(X,, X,) = cov(Xy 44, Xstt), V1, 8,1 € Z.

To select an appropriate model for observed data, their properties are
analyzed first. In particular, the data graph is searched for any seasonal
(periodic) or trend (nonconstant mean) components, outlying observations
or sharp changes in behavior. Then suitable transformations are applied
to the data to get a new stationary series (residuals) with zero mean and
unit variance. The trend and seasonal components may be removed by
estimating these components and subtracting them from the data; this is
the classical decomposition model incorporating trend, a seasonal compo-
nent and random noise. Another transformation is called differencing; it
replaces {X;} by {Y; := X; — X;_s} for some lag s € N, thus eliminating
a seasonal component of period s.

Figures 5 and 6 highlight the periodic components of our historical
data. In the week and month load data there is clearly a recurring pattern
with the seasonal period of 24 (one day). There are further periodic com-
ponents of length 168 (one week) and change points in the year data due
to the start/end of the daylight saving time.

Most approaches for fitting a time series to the deseasonalized data
rely on linear models. Autoregressive moving average (ARMA) models
are characterized by finite-order linear difference equations with constant
coefficients. The process {X;} is called ARMA(p, q) if it is stationary and

41) Xy —piXe1— o —0p Xs p =2+ 241+ ...+ 0,2V,
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F1G. 6. Time plot of the load profile for one year

where (¢)%_, and (0;)]_, are real coefficients and {Z;};cz is the white
noise process WN(0,0?) with zero mean and variance o2, i.e., EZ; = 0,
EZ? = 02, Vt € Z, and EZ,.Z, = 0 if r # t. Using the backward shift
operator B defined by B‘X; := X,_, for t,/ € Z, the ARMA equations
(4.1) can be rewritten as

¢(B)Xt = G(B)Zta vt € Za {Zt} ~ WN(07 02)7

where ¢ and 6 denote the polynomials ¢(z) = 1 — ¢12 — ... — ¢Pp2P,
0(z) =1+ 61z+ ...+ 0427 An ARMA(p,q) process {X;}iez is said to
be causal (or future-independent) if there exists a real sequence {t,} such
that Y ,°  1¢ < oo and

X =Y Ziy, VtEL.
£=0

If the differenced series {Y; = (1 — B®)X;}iez is an ARMA(p, ¢) process
then the model for the original series { X;} reads ¢(B)(1—B?®)X; = 0(B)Z;
further, { X;} belongs to the class of seasonal autoregressive integrated mov-
ing average (SARIMA) processes if {Y;} is causal. General SARIMA
processes are defined as follows. The process {X;}icz is said to be a
SARIMA(p,d,q) x (P,D,Q)s process with period s if the differenced pro-
cess Y, := (1 — B)4(1 — B¥)P X, is the causal ARMA process

6(B)®(B*)Y: = 0(B)O(B*)Zi, {Zi} ~ WN(0,02),

where ¢(2) = 1—...—¢p2P, ®(2) = 1—...—®pz" 0(z) = 1+...4+60,27 and
O(2) = 1+...4+0¢z%. Then the model for { X, };cz reads ¢(B)®(B%)(1—
B)i(1 - B%)PX, = 0(B)O(B%)Z,.
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There is no single systematic approach to identifying SARIMA mod-
els of higher order; see, e.g., [5]. To determine a suitable SARIMA model
for a given time series, the differencing orders d, D and the length S of
the seasonal component must be identified. Characteristics of the origi-
nal time series like trend and substantial periodic components are reflected
in the empirical autocorrelation function, the empirical counterpart of the
autocorrelation function cov(Xy, Xo)/ var(Xo), ¢ € Z. The length of the
seasonal component S can be discovered by inspecting the periodicity of the
empirical autocorrelation function, and the seasonal components are elimi-
nated by differencing the data D times with lag S. Next, d is chosen so that
differencing d times with lag 1 gives residuals Y; := (1 — B)¥(1 — BS)P X,
that are stationary in appearance. The behavior of the differenced (desea-
sonalized) series is described by two coupled ARMA models. The model
orders P and @ should to be chosen so that the empirical autocorrelation
function is consistent with that of an ARMA(P, Q) model for multiples of
the period S. The orders p and ¢ should be selected so that the empirical
autocorrelation function within the period S shows the same behavior as
the autocorrelation function of an ARMA (p, q) process. Finally, the model
coefficients (¢0)2_,, (®o)5_,, (B0)2_,, (©,)%, and the white noise vari-
ance o2 can be estimated via parameter estimation procedures for ARMA
processes. If the white noise process {Z;} is Gaussian, the most efficient
estimates are produced by the maximum likelihood method. Since such
estimates are found as optimal solutions to a highly nonlinear nonconvex
optimization problem, good initial values for the model coefficients are
needed. They can be obtained by the Hannan-Rissanen algorithm (cf. [5,
§5]) that solves the problem of order selection and parameter estimation
for ARMA processes simultaneously.

In our case, differencing the hourly load profile with lag 168 (one week)
gave residuals that were stationary in appearance. The residuals were
treated as part of a realization of the stochastic process {Y; := dy —d;—168}-
The Hannan-Rissanen algorithm from the Mathematica Time Series Pack
[58] selected for {Y;} an ARMA(7,9) model that served as an initial model
for the maximum likelihood method. For the resulting maximum likelihood
estimates (¢¢)7_, and (6;)J_,, the time series model for {Y;} reads

Vi Yig— o= Ys g =Zi+ 01 Zi 1+ ...+ 0079, tEL,
where the estimated model coefficients and random noise process are
(b1....d7) = (2.79, —4.35,5.16, —4.88, 3.67, —1.92, 0.50),
(él, e ,ég) = (-1.27,1.53,—-1.35,0.88,—-0.31,—0.06,0.18,0.11,0.07),
{Z:} ~ N(0,11729.02), te€Z.

Accordingly, the time series model for the load process {d;}icz is the
SARIMA(?, O, 9) X (O, 1, 0)168 model

(4.2) di=¢1di 1+ ...+ drdi_7 — di_168 — drdi_160 — . .. — rdi_175
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+Zt+éth,1+...—|—99Zt,g, teZ.

Suppose there is a reliable load prediction {d; ’;1:1 for the first-stage
(deterministic) time span ¢t = 1:t1, t; < T. A large number (M) of sim-
ulated load scenarios d* = (df);f:tlﬂ, ¢ = 1: M, may be generated using
the SARIMA equation (4.2) with M i.i.d. realizations of {Z;}]_, _s, and
starting values {dt}?:tl—lm (supplied by the power utility). The empirical
means d; and standard deviations &; of the simulated load scenarios are

defined by

) LM . Mo
(4.3) dy = i E df, G2 = E (df—dt)2, t=t1+ 1:T.
=1

M -1
=1

4.2. The initial load scenario tree. An important initial decision
is the choice of the number of stages and of the branching scheme for the
scenario tree, i.e., the number and positions of branching levels and the
branching degree in every node. We choose the following initial structure
of the load scenario tree:

e A balanced tree with K branching periods tx, k = 1: K. The
branching periods t;, k = 2: K, are equidistant within the time
span t =t1: T, ie, tp:=t1 + (T —t1)(k—1)/K, k= 2: K.
2, neN, ={n:tln)=t,}, k=1K,
 Wi(n)l = { 1, otherw){se. { " }
Thus, the tree consists of S := 2% scenarios d* = (d;)L_,, s = 1: S. The
branching points t;, & = 2: K, should correspond to the (normally fixed)
times when already observable meteorological and load data provide the
opportunity to re-adjust the unit commitment. For the planning horizon
of one week with an hourly discretization, ¢, = 12 + 12k for k = 1:12 is a
reasonable choice for the generation system of the utility VEAG. For longer
scheduling periods, non-equidistant branching points would be preferable
in order to restrict the number of scenarios. By assigning two successors to
any node n in Vi, , k = 1: K, we may distinguish the events “low load” and
“high load” for periods t = ty + 1:tpy1, where tx 11 := T. An additional
event such as “medium load” could easily be included, but it would increase
the scenario number to S = 3%.

It remains to specify the scenario values and their probabilities. To
this end, we first compute the empirical means {d;}{_, ., and the stan-
dard deviations {7, }; 5" (cf. (4.3)). The load predicted for the first-stage
periods t = 1:¢; yields the first ¢; components for all scenarios. (If no load
prediction were available, one could use the empirical means.) To each
scenario s = 1: S we assign a vector w® = (w§)&_, with w; € {—1,1} that
describes the path in the binary tree corresponding to scenario s. Specifi-
cally, we set wi = —1 (wi = 1) if the values of scenario s for ¢ = t5 + 1: tj41
are realizations of the event “low load” (“high load”). The value of scenario



26 GROWE-KUSKA, KIWIEL, NOWAK, ROMISCH, WEGNER

s for periods t = t; + 1: T is defined as

k—1 _ _
s ._ s Oty s Ot t— 1t
(44) dt = dt + lei 2(K+17i)/2 + Wi 2(K+17k)/2 tk+1 — tk

for t=t+ 1l:itgp41, k=1K.

We let all scenarios have equal probabilities S~ = 27K, (Alternative
scenario probabilities might be computed from histograms of the simulated
scenarios.)

A few comments on the tree construction formula (4.4) are in order.
First, for ¢t = ¢; + 1: T, the mean scenario value % 255:1 d; coincides with
the empirical mean d;. Second, the symmetry of the load tree is consistent
with the normality assumptions imposed on the time series model for the
load process. Third, for & = 1: K, the events “low load” (“high load”) for
t =t + 1:tx41 are expressed in terms of scaled empirical standard devia-
tions &y, ,. To model increasing load uncertainty, the variances var(d;) of
scenario values are strictly increasing with ¢. The extremal scenario s with
wj, =1 for all k has in the final period T the value

dy = dr + 27526, + ... + 271257,
Thus unrealistic (“too large”) load values are avoided. Further,

var(dy,,,) = 2756}, + - 427 EHRg2 k=1:K,

+17

so for 64,,, ~ 7, k = 1: K, we have var(dy) = 6% (55 + -+ 3) = &

(models with faster growth of variances are discussed in [15, 25]). Finally,
we add that the scenario values between the t;’s are linearly interpolated
so as to save work required for computing 2 for all t =t + 1: 7T

Figure 7 shows ten scenarios (including the extremal paths correspond-
ing to “low load” and “high load” for the time spant =1t¢;+1:T) of a load
scenario tree generated via the scheme (4.4) with 212 = 4096 scenarios for a
planning horizon of one week with an hourly discretization and branching
points tp =124+ 12k, k = 1:12.

Calibration of scenario trees generated by the scheme (4.4) is studied
in the forthcoming paper [25].

2

4.3. Optimal reduction of the scenario tree. As shown in §4.2,
the probability distribution of the load may be approximated by a dis-
crete probability distribution with a finite number of scenarios. Since the
mixed-integer model (2.11)—(2.14) is large even for relatively few nodes, a
compromise between acceptable computing times and the quality of the ap-
proximate scenario tree is unavoidable. Therefore, one often has to reduce
the number of scenarios of the initial scenario tree.

Our reduction argument is based on certain probability metrics that
measure the distance between the initial discrete approximation and the
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FiG. 7. Ten selected scenarios of a load scenario tree for one week

reduced one. Quantitative stability results for stochastic programs (cf.
[16, 19, 47]) indicate which probability metric is canonically associated to
a given model and/or to a specific type of approximation. In particular,
the results in [15, 16, 47] suggest considering the Fortet-Mourier metrics
Chy h > 1, for a multistage stochastic program like (3.3).

For h > 1 we denote by G, the class of functions ¢ : R” — R satisfying
the Lipschitzian property

l9(w) = 9(@")| < enlw,w’) for all w,e’ € BT,

where cp,(w,w’) := max{1, [|w|"~ L | [|* "} ||w — || and || - || is the Eu-
clidean norm on R”. Furthermore, we denote by M, the set of all (Borel)
probability measures p such that [ [|w||"p(dw) < co. Then the Fortet-
Mourier metric ¢, of (Borel) probability measures u,v € My, is

43) Gl =swp{| [ gtomtan - [ gomaa]:ge o).

For h =1, (; is also known as the (L;-) Wasserstein or Kantorovich met-
ric. The metric (; enjoys a well developed duality theory and convergence
analysis (cf. [46, Chap. 5]).

Let ., denote the probability measure on R having unit mass at
w € R”. Consider now two discrete probability measures

s s
W= Zaséws and v := st&)s
s=1 s=1
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with supports {ws}5_;, {&g}le, and nonnegative weights as, G, such that
> s =y 0@, =1. Then the dual transportation problem

s S
Ch(,u, V) = sup Zasgs + Zdoéd 265+ éo < Ch(WSa‘:}U)

s=1 o=1

is the finite-dimensional analogue of (4.5). When the two measures p and
v have the same support {ws}5_;, but different weights, upper and lower
bounds for {p, (1, v) can be derived [15].

Now, let p = Zil asd,, be a discrete probability distribution on
RT that is regarded as a good initial approximation for the probability
distribution entering a given stochastic program. For £ = 1: 5, let

S S
pe(p) = min{(h <H72&s5ws> Dy > O,st =1,ap= O} .
s=1 s=1

Thus pe(p) is the distance of p to a closest probability distribution having
support {ws : s = 1: S, s # £}, i.e., corresponding to deleting scenario £ of
. Then we have (cf. [15])

(4.6) pe(p) < ay Hl;ilel cn(we,ws)  for every £ € {1: 5},

with the upper bounds attained if ¢;, satisfies the triangle inequality, i.e.,
for h = 1.
An optimal rule for deleting one scenario of p may be stated as:

Remove scenario wy with &k € Arg ém}l}g pe(i).

Replacing p;(u) above by the upper bounds of (4.6) yields the more easily
implementable deletion rule:

Delete scenario wy with & € Arg min {ag min cp, (w, ws)} )
=1:S s#L

Then, roughly speaking, deletion occurs where scenarios are close as mea-
sured by the distance ¢, or where probabilities are small. The reduced
discrete probability measure 25:1 sk Ps0w, has S —1 scenarios, where

Bs,, = as, +ap  for some s € Argn;i}cl cn(wg, ws),
Bs :=as for all s ¢ {si, k}.

This reduction procedure may be repeated until a prescribed number S of
scenarios in the reduced measure is attained.
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4.4. Example of scenario reduction. To test our approach, we
generated a load scenario tree via the scheme (4.4) for an hourly discretized
time horizon of one week (7' = 168) with branching points ¢, = 12 + 12k,
k = 1:12 (cf. Fig. 7). The initial number of scenarios S = 4096 was reduced
to 16 by applying the scenario reduction rule of §4.3.

Figure 8 shows the position of the shifted supports (df — d;);%8, s =
1:16, of the reduced scenario tree within the extremal paths of the initial
scenario tree indicated by dashed lines, with grey levels proportional to
scenario probabilities. The probabilities (s, s = 1: 16, assigned to scenarios
in the reduced tree vary between 0.04 and 0.11.

The reduction technique of §4.3 produces a discrete approximation
whose moments differ in general from those of the initial approximation
generated by (4.4). For example, Figure 9 shows the difference between
the mean scenario value Ziil Bsd; of the reduced tree and the empirical
mean d; of the simulation scenarios for t = t; + 1: T.. Figure 10 compares
the standard deviation at the branching periods ¢, &k = 1: 12, for the initial
approximation and the reduced scenario tree.
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Fi1c. 10. Standard deviations of the initial (left) and reduced (right) scenario trees

Acknowledgment. The authors are grateful to Darinka Dentcheva
(Lehigh University; formerly Humboldt-University Berlin), Svetlozar T.
Rachev (University of California at Santa Barbara and University Karls-
ruhe) and Ridiger Schultz (Gerhard-Mercator University Duisburg) for
useful discussions on the material of this paper, and to G. Schwarzbach,
J. Thomas and J. Krause (VEAG Vereinigte Energiewerke AG, Berlin) for
providing us with the data used in our test runs. We extend our grati-
tude to an anonymous referee whose suggestions led to some improvements
in presenting the material. This research was supported by the Schw-
erpunktprogramm Echtzeit-Optimierung grofser Systeme of the Deutsche
Forschungsgemeinschaft, the Alexander von Humboldt Foundation and the
Graduiertenkolleg Geometrie und Nichtlineare Analysis at the Humboldt-
University Berlin.

REFERENCES

[1] L. Bacaup, C. LEMARECHAL, A. RENAUD, AND C. SAGASTIZABAL, Bundle meth-
ods in stochastic optimal power management: A disaggregated approach using
preconditioners, Comput. Optim. Appl. To appear.

[2] D. BERTSEKAS, G. S. LAUER, N. R. SANDELL, AND T. A. POSBERG, Optimal short-
term scheduling of large-scale power systems, IEEE Trans. Automat. Control,
AC-28 (1983), pp. 1-11.

[3] J. R. BIRGE, Stochastic programming computation and applications, INFORMS J.
Comput., 9 (1997), pp. 111-133.

[4] J. R. BIRGE AND F. LOUVEAUX, Introduction to Stochastic Programming, Springer,
New York, 1997.

[5] P. J. BROCKWELL AND R. A. DAVIES, Introduction to Time Series and Forecasting,
Springer, New York, 1996.

[6] C.C. CARQE AND R. SCHULTZ, A two-stage stochastic program for unit commitment
under uncertainty in a hydro-thermal power system, Preprint 98-13, Konrad-
Zuse-Zentrum fiir Informationstechnik, Berlin, Germany, 1998.

(7] , Dual decomposition in stochastic integer programming, Oper. Res. Lett., 24
(1999), pp. 37-45.

[8] P. CARPENTIER, G. COHEN, AND J.-C. CULIOLI, Stochastic optimal control and
decomposition-coordination methods, part II: Application, in Recent Develop-
ments in Optimization, R. Durier and C. Michelot, eds., Lecture Notes in Eco-
nomics and Mathematical Systems 429, Springer-Verlag, Berlin, 1995, pp. 88—
103.

[9] P. CARPENTIER, G. COHEN, J.-C. CuLIOLI, AND A. RENAUD, Stochastic optimiza-




POWER MANAGEMENT IN A HYDRO-THERMAL SYSTEM 31

tion of unit commitment: A new decomposition framework, IEEE Trans. Power
Systems, 11 (1996), pp. 1067-1073.

[10] G. ConsiGLI AND M. A. H. DEMPSTER, Dynamic stochastic programming for asset-
liability management, Ann. Oper. Res., 81 (1998), pp. 131-161.

[11] D. DENTCHEVA AND W. ROMISCH, Optimal power generation under uncertainty via
stochastic programming, in Stochastic Programming Methods and Technical
Applications, K. Marti and P. Kall, eds., Lecture Notes in Economics and
Mathematical Systems 458, Springer-Verlag, Berlin, 1998, pp. 22-56.

[12] J. DuPACOVA, Scenario-based stochastic programs: Resistance with respect to sam-
ple, Ann. Oper. Res., 64 (1996), pp. 21-38.

, Portfolio optimization via stochastic programming: Methods of output anal-
ysis, Math. Methods Oper. Res., 50 (1999), pp. 245-270.

[14] J. DurpaCovA, G. CONSIGLI, AND S. W. WALLACE, Scenarios for multistage stochas-
tic programs, Ann. Oper. Res. To appear.

[15] J. DuPACOVA, N. GROWE-KUSKA, AND W. ROMISCH, Scenario reduction in stochas-
tic programming: An approach using probability metrics, Preprint 00-09, In-
stitut fiir Mathematik, Humboldt-Univ. Berlin, Berlin, Germany, 2000.

[16] J. DurPACOVA AND W. ROMISCH, Quantitative stability of scenario-based stochastic
programs, in Prague Stochastics '98, M. Huskovéa, P. Lachout, and J. A. Visek,
eds., JCMF, Prague, 1998, pp. 119-124.

[17] N. C. P. EDIRISINGHE, Bound-based approzimations in multistage stochastic pro-
gramming: Nonanticipativity aggregation, Ann. Oper. Res., 85 (1999), pp. 173~
192.

(18] S. FELTENMARK AND K. C. KIWIEL, Dual applications of prozimal bundle methods,
including Lagrangian relazation of nonconvexr problems, SIAM J. Optim., 10
(2000), pp. 697-721.

[19] O. FIEDLER AND W. ROMISCH, Stability in multistage stochastic programming, Ann.
Oper. Res., 56 (1995), pp. 79-93.

[20] S.-E. FLETEN, S. W. WALLACE, AND W. T. ZIEMBA, Portfolio management in a
deregulated hydropower-based electricity market, in Hydropower ’97, E. Broch,
D. K. Lysne, N. Flatabg, and E. Helland-Hansen, eds., Balkema, Rotterdam,
1997, pp. 197-204.

[21] K. FRAUENDORFER, Barycentric scenario trees in conver multistage stochastic pro-
gramming, Math. Programming, 75 (1996), pp. 277-293.

[22] A. GJELSVIK, T. A. ROTTING, AND J. ROYNSTRAND, Long-term scheduling of hydro-
thermal power systems, in Hydropower ’92, E. Broch and D. K. Lysne, eds.,
Balkema, Rotterdam, 1992, pp. 539-546.

[23] R. GOLLMER, A. MOLLER, W. ROMISCH, R. SCHULTZ, G. SCHWARZBACH, AND
J. THoMmAS, Optimale Blockauswahl bei der Kraftwerkseinsatzplanung der
VEAG, in Optimierung in der Energieversorgung II, VDI-Berichte 1352, VDI,
Diisseldorf, 1997, pp. 71-85.

[24] N. GROWE, W. ROMISCH, AND R. SCHULTZ, A simple recourse model for power
dispatch under uncertain demand, Ann. Oper. Res., 59 (1995), pp. 135-164.

[25] N. GROWE-KUskA, M. P. NOWAK, AND I. WEGNER, Modelling of uncertainty for the
real-time management of power systems, tech. rep., Institut fiir Mathematik,
Humboldt-Univ. Berlin, Berlin, Germany, 2001.

[26] J. L. HIGLE AND S. SEN, Stochastic Decomposition; A Statistical Method for Large
Scale Stochastic Linear Programming, Kluwer, Dordrecht, 1996.

, Statistical approzimations for stochastic linear programming problems, Ann.
Oper. Res., 85 (1998), pp. 173-192.

[28] J.-B. HIRIART-URRUTY AND C. LEMARECHAL, Convez Analysis and Minimization
Algorithms, Springer, Berlin, 1993.

[29] K. HoYLAND AND S. W. WALLACE, Generating scenario trees for multi-stage deci-
ston problems, Management Sci. To appear.

[30] G.INFANGER, Monte Carlo (importance) sampling within a Bender’s decomposition
for stochastic linear programs, Ann. Oper. Res., 39 (1992), pp. 69-95.

[13]

[27]




32 GROWE-KUSKA, KIWIEL, NOWAK, ROMISCH, WEGNER

[31] J. JAacoBs, G. FREEMAN, J. GRYGIER, D. MORTON, G. SCHULTZ, K. STASCHUS, AND
J. STEDINGER, SOCRATES: A system for scheduling hydroelectric generation
under uncertainty, Ann. Oper. Res., 59 (1995), pp. 99-133.

[32] K. C. KiwiEL, Prozimity control in bundle methods for convex mondifferentiable
manimization, Math. Programming, 46 (1990), pp. 105-122.

[33] , BExact penalty functions in proximal bundle methods for constrained convex
nondifferentiable minimization, Math. Programming, 52 (1991), pp. 285-302.

[34] , A Cholesky dual method for proximal piecewise linear programming, Numer.
Math., 68 (1994), pp. 325-340.

[35] , User’s guide for NOA 3.0: A Fortran package for convex nondifferentiable

optimization, tech. rep., Systems Research Institute, Warsaw, 1994.

[36] C. LEMARECHAL, Lagrangian decomposition and nonsmooth optimization: Bundle
algorithm, proz iteration, augmented Lagrangian, in Nonsmooth Optimization,
Methods and Applications, F. Giannessi, ed., Gordon and Breach, Philadel-
phia, 1992, pp. 201-216.

[37] C. LEMARECHAL AND A. RENAUD, A geometric study of duality gaps, with applica-
tions, Math. Programming. To appear.

[38] A. LOKKETANGEN AND D. L. WOODRUFF, Progressive hedging and tabu search ap-
plied to mized integer (0,1) multi-stage stochastic programming, J. Heuristics,
2 (1996), pp. 111-128.

[39] A. C. MiLLER AND T. R. RICE, Discrete approzimations of probability distributions,
Management Sci., 29 (1983), pp. 352-362.

[40] V. I. NorkIN, G. CH. PFLuG, AND A. RUSZCZYNSKI, A branch and bound method
for stochastic global optimization, Math. Programming, 83 (1998), pp. 425-450.

[41] M. P. Nowak, A fast descent method for the hydro storage subproblem in power
generation, WP-96-109, International Institute for Applied Systems Analysis,
Laxenburg, Austria, 1996.

, Stochastic Lagrangian Relazation in Power Scheduling of a Hydro-Thermal
System Under Uncertainty, PhD thesis, Institut fiir Mathematik, Humboldt-
Univ. Berlin, Berlin, Germany, 2000.

[43] M. P. Nowak AND W. ROMISCH, Stochastic Lagrangian relazation applied to power
scheduling in a hydro-thermal system under uncertainty, Ann. Oper. Res. To
appear.

[44] M. V. F. PEREIRA AND L. M. V. G. PINTO, Multi-stage stochastic optimization
applied to energy planning, Math. Programming, 52 (1991), pp. 359-375.

[45] G. CH. PFLUG, Scenario tree generation for multiperiod financial optimization by
optimal discretization, Math. Programming, 89 (2001), pp. 251-271.

[46] S. T. RACHEV, Probability Metrics and the Stability of Stochastic Models, Wiley,
Chichester, 1991.

[47] S. T. RacHEV AND W. ROMISCH, Quantitative stability in stochastic programming:
The method of probability metrics, Preprint 00-22, Institut fiir Mathematik,
Humboldt-Univ. Berlin, Berlin, Germany, 2000.

[48] A. RENAUD, Optimizing short-term operation of power generation: A new stochas-
tic model. Lecture presented at the VIII International Conference on Stochastic
Programming, Vancouver (Canada), Aug. 1998.

[49] R. T. ROCKAFELLAR AND R. J.-B. WETS, The optimal recourse problem in discrete
time: L'-multipliers for inequality constraints, SIAM J. Control Optim., 16
(1978), pp. 16-36.

, Scenarios and policy aggregation in optimization under uncertainty, Math.
Oper. Res., 16 (1991), pp. 119-147.

[51] W. ROMiscH AND R. ScHULTZ, Decomposition of a multi-stage stochastic program
for power dispatch, Z. Angew. Math. Mech., 76 (1996), pp. 29-32. Suppl. 3.

[52] A. RuszczyYNsKI, Decomposition methods in stochastic programming, Math. Pro-
gramming, 79 (1997), pp. 333-353.

[63] G. B. SHEBLE AND G. N. FAHD, Unit commitment literature synopsis, IEEE Trans.
Power Systems, 9 (1994), pp. 128-135.

(42]

(50]




[58]
[59]
[60]

[61]

POWER MANAGEMENT IN A HYDRO-THERMAL SYSTEM 33

S. TAKRITI, J. R. BIRGE, AND E. LONG, A stochastic model for the unit commitment
problem, IEEE Trans. Power Systems, 11 (1996), pp. 1497-1508.

S. TAKRITI, B. KRASENBRINK, AND L. S.-Y. Wu, Incorporating fuel constraints
and electricity spot prices into the stochastic unit commitment problem, Oper.
Res., 48 (2000), pp. 268-280.

P. P. J. vaN DEN BoscH AND F. A. LooTsMA, Scheduling of power generation via
large-scale nonlinear optimization, J. Optim. Theory Appl., 55 (1987), pp. 313—
326.

R. J.-B. WETSs, Stochastic programming, in Optimization, G. L. Nemhauser,
A. H. G. Rinnooy-Kan, and M. J. Todd, eds., vol. 1 of Handbooks in Oper-
ations Research and Management Science, North-Holland, Amsterdam, 1989,
pp. 573-629.

WOLFRAM RESEARCH, Mathematica Time Series Pack: Reference and User’s
Guide, Champaign, IL, 1995.

A. J. WooD AND B. F. WOLLENBERG, Power Generation, Operation, and Control,
Wiley, New York, second ed., 1996.

S. A. ZENIOS AND M. S. SHTILMAN, Constructing optimal samples from a binomial
lattice, J. Inform. Optim. Sci., 14 (1993), pp. 125-147.

G. ZHUANG AND F. D. GALIANA, Towards a more rigorous and practical unit
commitment by Lagrangian relazation, IEEE Trans. Power Systems, 3 (1988),
pp. 763-773.



