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Introduction
¢ ]

e In reservoir planning and operation problem, inflow, Q,, is a random
variable and is not known with certainty. Its probability distribution,
however, may be estimated from the historical sequence of inflows.

e Being functions of inflow, Q, storage S, and release R, are also
random variables.

e In a constraint containing two random variables, if the probability
distribution of one is known, the probabilistic behavior of the
second can be expressed as a measure of chance in terms of the
probability of the first variable.

e [f a constraint contains more than two random variables, we get
into computational complications, and we need to understand the
specific problem clearly to reformulate the problem, if necessary,
and avoid those complications.

D Nagesh Kumar, lISc Stochastic Optimization - Il

Chance Constraint

e The constraint, relating the release, R, (random) and demand, D,, (deterministic), is
expressed as a chance constraint, P [R, > D] > a,;

e It means that the probability of release equaling or exceeding the known demand is at
least equal to a,, which is referred to as the reliability level. The interpretation of this
chance constralm is simply that the reliability of meeting the demand in period t is at
least a;.

e Similarly, Chance constraints for the maximum release and the maximum and minimum
storage can be written as

PIR,<R™ ]2 a,
PIS,<K)> o
and PIS, 2 Sp,) 2 0

e To use the above chance constraints in an optimization algorithm, we must first
determine the probability distribution of R, and S, from the known probability distribution
of Q

e However, because S, Q, and R, are all interdependent through the continuity equation, it
is, in general, not possib\e to derive the probability distributions of both S, and R,
simultaneously.

e To overcome this difficulty and to enable the use of linear programming in the solution, a
linear decision rule is appropriately defined.
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Linear Decision Rule (LDR)

e The linear decision rule (LDR) relates the release, R,, from the reservoir as a
linear function of the water available in period t. The simplest form of such an
LDR is

R=S+ Q- b
where b, is a deterministic parameter called the decision parameter.

e In this LDR, the entire amount, Q, is taken into account while making the
release decision. Depending on the proportion of inflow, Q,, used in the
linear decision rule, a number of such LDRs may be formulated. A general
form of this LDR may be written as

R=S+ £ Q- by O<p=<1

e £, =0 yields a relatively conservanve release policy with release decisions
related only to the storage, S, =1 yields an optimistic policy where the
entire amount of water avallabfe (é +Q)), is used in the LDR.
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LDR — Contd.

e Consider the LDR
R=S+ Q- by
e Storage continuity equation is
St+1 = Sl + Qt- Rl
e Using above two equations
5”1: b[ . . P
e Thus, the random variable, S,,,, is set equal to a deterministic parameter b,.
e Thus, the role of the LDR in this case is to treat S;, deterministic in formulation.
e A main advantage of doing this is to do away with one of the random
variables, S, so that the distribution of the other random variable, R,, may be
expressed in terms of the known distribution of Q,.

e This implies that the variance of Q, is entirely transferred to the variance of R,.
e Including evaporation loss as a storage-dependent term in the storage
continuity equation, the linear decision rule is written as,
R=0 -[Ae] +[1 - (ae/} b - [1+@e/2] b,
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Deterministic Equivalent of a Chance
Constraint
. |

e Knowing the probability distribution of inflow, Q, , it is possible to obtain the
deterministic equivalents of the chance constraints using the LDR, as

follows:
PR, 2D] 2> 0 i
PIS,+ Q,-5,2D)2 o (a) i

Plb,+Q,-b2D]2 0
PO, 2D+ b -b )2 e
PIQ,<D,+ b~b_lS1-q

PlQ2 3+ P[Q<al=

a ==

e The term D, + b, — b,, is deterministic with b, and b, being decision
variables and D, being a known quantity for the period t.

Fau(D+ b —by)<1l-a,
(Dy+ b= byy) < For (1-ay)
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Deterministic Equivalent of a Chance
Constraint — Contd.

O+ b~ b)) < ot (1- ay)
e Fol(1-ay)is the flow, g, at which the CDF value is (1 - «,) as shown.
e Similarly, deterministic equivalent of Chance constraint
P(R,< R™) > o is
R+ b= by 2 o (a7) F&l@

(1-a)

Fal(l-a) >

e Since the storage, S, is set equal to the deterministic parameter, b, the
chance constraints contammg only the storage random variable are written
as deterministic constraints (without using the probability distribution of
inflows).
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Chance Constrained LP (CCLP)
G

e Complete deterministic equivalent of the CCLP is
thus written as

Problem
G

e For the following chance constrained optimization problem, formulate the equivalent
deterministic optimization problem using the LDR, R, = S;— b,. Storage continuity
should be maintained. Neglect losses. Following table glves the F1() values for the
inflows and R, and R,;;, values for different periods.

Minimize X

subject to

PlSn €85,€K]1209 V1
PR <R ,]2095 V¢
P[R,2D] 2075 ¥t

Min K
subject to
D+ b=, < gl (l-a) V4
While solving this model, for a problem with 12 Ll Fi
° per:ods (rnloglhs) in a year, e also setb, = b, for a B4 bi—by 2 By (o) \4
steady state solution b, <K Vi
e Further, depending on the nature of LDR used, the b, 2S5 v
decision parameters, b, may be unrestncted |n slgn. =1 = Omin
o For example, if we use the LDR, R = 6,20 v
decision parameter, b, may be allowed lo lake K=z0
negative values.
e CCLP can also be applied for Reliability based
reservoir sizing
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tF00) F'o.4) F025) F'075) F0.9) F'(095) Ry Ry Spa
! 0 12 33 60 90 93 90 24 2
2 0 3 20 48 60 80 84 20 2
3 0 6 21 36 72 85 84 20 2
. Deterministic.equivalent of
LDRis R, = S,— b, P[S, < S]2 0.9
S =S+ O~ PlSun € Oy + b,11209  (as Sy = 2)
=8+ 0, -S,+b, PO +b 25,1209
=Q,+b, 210012 Spu =1 209
= 1 S S = 8,,] (1 -09)
S5=Qu 1+ by PO, <2 b ] £0.1
Deterministic equivalent of
PlSi, £ 5, <K 20.9
. . Fo, 2-b.psol
The constraint can be written as o I;'AZ
PlSpn < 81209 Thasf, @ )
P[S, <K1209 2-5,< F' o F («)zvalzeigévem =1
— TP =
2-b < ' Q) 2-b<12  1=2
2-b,< 3! @O.1) 2-b,<3 =3
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tF0.0) Fod) F02s) F0.75) F0.9) FU095) Ry, Ry Soo
1o 12 33 60 90 93 90 24 2

2 0 3 20 48 60 80 84 20 2
30 6 21 6 72 85 84 20 2
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t F0.0) Fiod) F025) F0.75) F0.9) FU095) Ry Run Sua
1o 12 33 60 90 93 90 24 2
2 0 3 20 43 60 30 84 20 2
3 6 21 36 72 85 84 20 2

Deterministic equivalent of

Solutlon — Contd.
PIR, < RL, 12095
N - < > 093

PO, + b~ b S Ripy) 2095
PO,y S Rl + b,- b 112095
Fy (Rl + b —b,_) 2095
Rl +b— b 2 Fy' (095)

FQ (0.95)

Deterministic equivalent of
P[S,<K]1209

PIQ, ,+ b, <K]209
PIO, <K-b,,]209

K-b,_, 2 F;' (09

90+b —by2
84 + b, — ' (095)
84+ by—by 2 ng 0.95)

K-by272 90+ b —by285 t=1
K-b; 290 84+ b, b 293 1=2
K_blzﬁ() 84+ by;-5,280 =3
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Solution — Contd.

-1
@l Dcterministic equivalent of 24 + b1 - b < Fy (0.25)

PR, 2 D] >0.75 204 5,-b,< £ ©29)
PLO,i + by — b,2 D] 2075 Y
PIQ, = D, + by~ b,_1 2075 20+b,-b,< F, (025)
PIO,, <D, +b,— b, <(1 - 0.75)
Fo.,(Dy+ by~ b)) S 025 Uib—by<2l =1
D+ b,-b_ < F5' (029 20+ b,-b, <33 =2
204+ by~ b,<20 =3

The solution of this model results in
K=90;b,=0;b,=9; by=5.
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Thank You
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