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« Decision problems are often formulated as
optimization problems
« Consider the following linear optimization problem:

Maximize cTx
X

s. t. Ax <b
x =0

HE
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« Decision problems are often formulated as

optimization problems
« Consider the following linear optimization problem:

Decision variable vector
Input data
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e How to find the best value of “x”?

« If A,b and ¢ are perfectly known = deterministic
solution algortihms

» Any suggestion?

Maximize cTx
X

s. t. Ax <b
x =0

HE
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e How to find the best value of “x”?

« If A,b and ¢ are perfectly known = deterministic
solution algortihms

« Simplex method

Maximize cTx
X

s. t. Ax <b
x =0

HE
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e How to find the best value of “x”?

 But what if...

v'A,b and/or c depend on the realization 1,0f a certain random
parameter 4, i.e. A(w) = A(4,),b(w) = b(4,),and/or c(w) = c(4,)

v'Decision vector x needs to be determined before A is disclosed

Maximize c!

X
S. t. Ax <b
x>0

X
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e How to find the best value of “x”?

 But what if...

v'A,b and/or ¢ depend on the realization 1,0f a certain random
parameter 4, i.e. A(w) = A(4,),b(w) = b(4,),and/or c(w) = c(4,)

v'Decision vector x needs to be determined before A is disclosed

Maximize cTx
X
s. t. Ax <D
x =0

How can we guarantee
feasibility?

)
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i



Iy

e How to find the best value of “x”?

 But what if...

v'A,b and/or ¢ depend on the realization 1,0f a certain random
parameter 4, i.e. A(w) = A(4,),b(w) = b(4,),and/or c(w) = c(4,)

v'Decision vector x needs to be determined before A is disclosed

Maximize AcT x
X
s. t. Ax <b
x =0

A family of random variables: f(x,w) = c(w)"x
Which one is the best?

w—
=
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e How to find the best value of “x”?

 But what if...

v'A,b and/or ¢ depend on the realization 1,0f a certain random
parameter 4, i.e. A(w) = A(1,),b(w) = b(4,),and/or c(w) = c(4,,)

v'Decision vector x needs to be determined before A is disclosed

Maximize cTx
X
s. t. Ax <D
x =0

How can it be reformulated so that it can be
processed by deterministic routines?
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... encompasses models, methods, and decision theory concepts to deal
with feasibility, optimality and solution procedures in optimization problems

involving uncertain data.

Stochastic Programming Community Home Page

http://stoproq.orq/

10
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« Uncertainty is present in most decision-making problems faced

by electricity market agents
« Examples?
v'Producers/retailers/consumers: Trading and risk management
v TSO/MO: Market-clearing procedures

v Increased uncertainty due to the growth of stochastic

producers (in particular, wind generation)

v'Generation and transmission capacity investments
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« Uncertainty is present in most decision-making problems faced
by electricity market agents

« Examples?

CProducers/retaiIers/consumers: Trading and risk manageme®

vTSO/MO: Market-clearing procedures

v Increased uncertainty due to the growth of stochastic

\producers (in particular, wind generation)

J

v'Generation and transmission capacity investments
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Solution Approaches

Stochastic programming
with recourse

Chance-constrained

stochastic programming

Robust optimization

13
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 Two types of decisions:

v'Here-and-now decisions: made before the uncertainty is
disclosed

v'Wait-and-see or recourse decisions: made once the
uncertainty is revealed

o0 They compensate for any bad effect that might
have been experienced as a result of the here-
and-now decisions

i
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noemas. Stochastic Programming with Recourse

Uncertainty is unveiled s

Here-and-now Wait-and-see
decisions decisions

Uncertainties:
* Wind production
 Equipment failures

« Demand

Scenario tree

HE
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Plausible realization of
uncertainties

|

Here-and-now Wait-and-see
decisions decisions
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Wind
power

Plausible time trajectories ...

m,,: Probability of occurrence

=
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The probability distributions governing the data are
assumed to be known!

Scenario j

Unit Status

0 20 40 60 80 100 120 140 160
Periods

Scenario generation and reduction

[1 0010111..01 1] techniques are imperative!
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Maximize c¢'x + E {Q(x, w)}
X

s.t. Ax <b
x =20

being
Q(x,w) = {Max}i’mize qg(w)Ty,

s.t. Wy, <h,—T,x
Yo = 0}, Vo € Q

19
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Stochastic Programming with Recourse

Here-and-now/first-stage decisions

Max1mlze C(){{Q (x,w)}

Ax <b
x =0
bEing Wait-and-see/recourse/second-stage decisions
Q(x,w) = {Maximize g(w
Yw

s.t. Wy, < hy —Tyx
Vo = 0},Va) €

=
—
—
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vt Stochastic Programming with Recourse

Maximize c’x + E {Q(x, w)}

s. t. Ax <b
x =0
being Recourse problem
/Q(x, W) = {MaXJi,glize q(@)" Yo :
S.t. Wy, < hy — TiyX
. Vo = 0},Va) € Qj

=
—
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» Stochastic Programming with Recourse

i

Maximize c’x + E {Q(x, w)}

s.t. Ax <b L |
Feasibility is guaranteed for every scenario
x =0 (every possible state of nature)

being

0(x,w) = {Maximize g(a)Ty,,

w

s.t. Wy, < hy — Ty
Yo = O},Va) € ()

22
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Maximize c¢’x +[Ew{Q (x, a))}]

X
s.t. Ax <b \
x =20

] Function that takes a random
bemg variable and returns a real value

Q(x, w) = {Max}i}mize qg(w)y,
s.t. Wy, < hy —Tyx
Vo = O},Va) €

=
—
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Stochastic Programming with Recourse

Maximize c¢’x +[Ew{Q (x, a))}] { Expected value

X * Any other quantile
s.t. Ax <b \
x =20

] Function that takes a random
bemg variable and returns a real value

Q(x, w) = {Max}i}mize qg(w)y,
s.t. Wy, < hy —Tyx
Vo = 0},Va) €

=
—
—
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Probability

Probability
1-a
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CvaR VaR b Social welfare/profit
Expectation
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Stochastic Programming with Recourse

Two-stage setting:

New information

Decisions

Decisions
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NE

* Multi-stage stochastic problems deal with models in

which this “decide-observe-decide” pattern is
repeated more than one.

M

W
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Multi-stage setting:

New information

New information

Decisions

Decisions

Decisions
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Multi-stage tree:

Period 1

momss Stochastic Programming with Recourse

Period 2

Stage 1

—

Stage 2 Stage 3

p—

i
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* Multi-stage stochastic problems deal with models in
which this “decide-observe-decide” pattern is
repeated more than one.

- Modify the scenario generation procedure

- Non-anticipativity constraints to model the
observe-decide-observe pattern.
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Chance-constrained Programming

Maximize c¢T

s. t. )[CP[Abe] >p |
x =0

X

=
—
|
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Maximize c¢'x + G (x, )
X

s.t. Ax <b
x =20

being
G(x,w) = {Min max q’y,
WEN Y,
s.t. Wy, <h,—T,x
Yo = 0}, Vo € Q

32
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T Robust optimization

Maximize c¢'x + G (x, )

X
s.t. Ax <b
x =0 .
i Worst-case scenario!
being
G(x, ) 1ax qT v,
S. T Wy, <h,—T,x

Vo = O},Va) € Q

The solution remains feasible, thus robust, for any realization of
the uncertain parameters

=
—
=

i
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Lo Robust optimization

Maximize c¢'x + G (x, )
X

s.t. Ax <b
Just the support (range) of uncertain
x =20 .
_ parameters is needed
being
— : T
G(x,w) = max q' y,
Yw
s.t. Wy, < hy —Tyx

Vo = O},Va) €

)
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Recourse
Structure?

Uncertainty.
model?

Scenarios?

Feasible?

Optimal?

A rough comparison

Stochastic Chance-

programming constrained

Robust
optimization

s

WiIth recourse programming

Yes No
Probability Probability
distribution distribution

Usually Not necessarily
For every plausible “As much as
state of nature possible”

Quantile target vs. feasibility

Tradeoff: optimality Worst-

Not necessarily

Deterministic set

No

Immune to
uncertainty

case scenario

35
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To gain insight into ...

Stochastic
. programming

Robust
. optimization

«J. R. Birge and F. Louveaux, Introduction to
Stochastic Programming. New York: Springer-
Verlag, 1997

D. Bertsimas and M. Sym, “The price of
robustness,” Operations Research, vol. 52, no.
1, pp. 35-53, 2004

DeCiSion making A. J. Conejo, M. Carrién, J. M. Morales, Decision

In electricity
markets
&

Making Under Uncertainty in Electricity Markets,
International Series in Operations Research &
Management Science, Springer, New York. 2010
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Thanks for your attention!
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