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Reliability-constrained robust design optimization for multi-reservoir river systems
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Abstract Polynomial Chaos Representation of the Solutions Numerical Experiments Description

The robust design ObJ_eCt'Ve formulation Ut'l'?es a welgf_]ted comblna_tlon of the mean and. variance of Consider storage function S at a particular dam as one of the solution components. lts representation in terms of a degree p polynomial Here we compare the use of the probabilistic constraint formulation to a more common safety factor approach.
the performance function. We apply Stochastic Collocation to approximate a Certainty Equivalent from expansion Probabilistic Case: a-level 0.05

Utility Theory which allows efficient gradient computations. We then recycle collocation points to inform o M,  Utility function U — a + be¢!
a surrogate of constraint functions which is used in a First Order Reliability Method. The combined SP(t,€) = ‘Zo vi(t)di(§)- '

approach is applied to a multiple dam hydro-power revenue optimization problem with uncertain inflows.

i= » Assuming risk aversion, we set a =0, b = —1, ¢ = —3e — 5.

N Deterministic (safety factor) case: margin of safety ms = 0.05

ext- . .

M, _ _ _ > Sz-(t) > S 4 mS(SZmaX — Slmm)
LE are the N-variate orthogonal polynomial functions of degree up to :

> {qbZ}Z—O g poly g P p > Sz(t> < Sgnax - ms(simax _ Sirmn)_

> g: (&1,&9,...,&N) are r.v. in the representation of )

Reservoir System » if {&} areiid. N(0,1), {qbi}f\ipo are chosen as tensor products of univariate Hermite polynomials.

» The coefficients v;, © = 0, .., M, can be computed with the Gaussian quadrature rule. Numerical Experiments Description

Robust Optimization _ . . . . .
Col P » The KL expansion is truncated based on the magnitude of the eigenvalues. Here we choose three random variables to represent uncertainty in the inflows.
0

Robust optimization captures two design concepts: < 10° Inflow Predictions Eigenvalues
1.6 0.4

» Robustness of an engineered system is the insensitiveness of the system performance to noises from all possible sources,
including both external noises and control variable variations. @

» Reliability of an engineered system is the ability to fulfill its design purpose for some specified time. In a narrow sense, reliability I
is the probability that a system will not exceed a specified limit state (ultimate or serviceability) within the specified operating /|
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time frame.
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Monumental With respect to optimization under uncertainty,
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Flow (CFS)

Ice Harbor » Robustness is achieved by considering both the mean and variance of the original objective function

mpx (B[ (v)] — rVar{f(v)]},

McNary v - control variable. | 0 20 30
Decision maker has to specify risk aversion coefficient, . Time (hrs)

John day » r > 0 - risk-averse decision maker
The Dalles » 7 < 0 - risk-seeking decision maker

Bapngville > 7 =0 - risk-neutral decision maker Numerical Experiments Results
» Reliability is achieved by considering the constraints to be probabilistic.

Problem Description

Utility Theory Turbine flow rates

» Control variables are flow through turbines, which generate power, over a fixed time horizon, for each dam. ; Turbine Flow Rates for McNary

» Dynamic hydraulic routing determines flow through reservoir network. _
> Saint Venant Equations » Choice of control v defines an uncertain outcome f which corresponds to some certainty equivalent C'E. /

» Multiple forecasts of stream inflow, power demand, variable generation (wind), and market prices. » Assume there exists a monotonic utility function U, defined implicitly ﬁ ﬁ

» Objectives include: revenue generated, deviation from demand, mid-range planning end time condition. U(CE) = E[U(f(v))].

s Turbine Flow Rates for John Day sTurbine Flow Rates for The Dalles sTurbine Flow Rates for Bonneville
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» Constraints include: minimum oxygen levels, maximum flow through turbines, maximum change in flow
through turbines, max and min water elevation.
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» The Case study below considers a utility function of the form
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Problem Assumptions

o
o

a, b, ¢ - constants.

> Only considering Bonneville, The Dalles, John Day, and McNary dams » For this form, the representation of the certainty equivalent is simply Mean storage volume

» Most significant uncertainty due to hydrologic conditions (particularly stream inflows) |
. . . o Mean Storage Volume for McNary Mean Storage Volume for John Day Mean Storage Volume for The Dalles Mean Storage Volume for Bonneville
» Uncertainty inferred from the inflow forecasts. CE = E[f] + -cVar[f]. ‘ . ‘ . ‘ , ‘ , , [ , ‘ , ‘ . ‘
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Problem Constraints
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Stochastic Collocation
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Let S;(t) be the amount of water stored in reservoir i at time ¢, and Q);(t) be the flow through the turbines.
At each time t € (0, 7] and each dam i we need » Choose a set of N, collocation points Z; = (21, 2;2, ..., 2j ) in random space and weights w;, 7 =1, .., Ng,.

Qilt) < QM () " " m
Qilt) = Q™ (1) Silt) = 57 > S(T) = 2 5i(0)
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» Given values for all control variables @; (assigned by optimizer), simulate storage S;(t) and compute revenue R;(t). 0 20 30 40 50 » 0 20 30 40 50 - 0 20 30 40 50 » 0 20 30 40 50
Time (hrs) Time (hrs) Time (hrs) Time (hrs)

Si(t) < Szmin AQi(t) < AQ™™(1) » For each j =1, .., N, evaluate the inflow function QI (t) == QN.(¢, Z;). — Robust I S p— —Robust ‘ ——
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» Estimate expected utility as a function of revenue

Nep
Methods EU(R)] “El w;U(1;)- Numerical Experiments Results Current and future work

» Pool routing model

» Computes the inflow into the reservoir from the river and the storage level of the reservoir.
» Assumes that water leaving a dam is instantaneously available at the next dam.

> Allows for efficient computation of gradients. Consider constraints as probabilistic, i.e., given a reliability level o for a constraint function g Safety Factor | Robust » Gradient-based optimization (currently gradients are only used in the
» Random parameterization of inflows a-constrained optimization for the Inverse Reliability Method).

» Karhunen-Loéve Expansion Plg>0) <o Individual 0.1259 0.0491 » Flexible-robust optimization: providing the largest possible range of robust
» Robust objective For example, options to the decision-maker.

> Stochastic Collocation P(S™™ — (¢, ) > 0) < ™, 0.1198 0.0479 » Design space dimension reduction using historical decisions.
» Probabilistic constraints .

» Inverse Reliability Method P(Si(t, &) — 5" > 0) < ™. 0.1137 0.0478 » SDE model for price market.
» Statistical representation of demand and wind power.

Probabilistic Constraints Comparison of robust and safety factor approaches » Implementation of Saint Venant model for the reservoir network simulation.

» Multi-objective optimization.

. . . N, . . .
) 1. Using the same collocation points {Z}},;-%, we can use the simulations above to evaluate ¢(Z;), j =1, .., Nep.
Karhunen-Loéve Expansion ’ 0.1075 0.0471

2. We build a degree p PC representation (or surrogate model) of the constraint surface g , g”, using the values calculated at References

{Zy}ﬁpl For convenience of notation, we denote the PC expansion, as well as further improved surrogate models, by g. 0.1014 0.0471

> Given M predictions of the tributary inflow Q' forecasted for the same points in time {¢;}"_;.

0.0953 0.0459 » Chen, D., Leon, A. S., Gibson, N. L., Hosseni, P., “Dimension reduction of

We take d form I, _ 1y Ot _ M decision variables for multireservoir operation: A spectral optimization
> We take data transform Lnlt;) = In G5 (t) , m =1, ., M- 0.0071 0.0458 model”, Water Resources Research 12/2015; DOI: 10.1002/2015WR017756.

We compute the expectation L and covariance C' of the log stream inflows - : : : : PP
" P P s 1. Find &* as a solution to the a-constrained problem (note ® is the standard Normal cummulative distribution function) 0.0001 0.0335 > Gibson, N. L., Gifford-Miears, C., Leon, A. 5., and Vasylkivska, V., "Efficient
1 M : ' : computation of unsteady flow in complex river systems with uncertain

S Lo, . — S
M n=1 (%) max g subject to (||{]]) = a. inputs”, Int. J. Comp. Math., 2014.
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C<tj,tl<:) _ 1 > . . 0.0001 0.0020 » Gibson, N. L., Hoyle, C., Mclintire, M., and Vasylkivska, V., “Applying

M —1m=1 2. Sample the system to get g(£*). Update the surrogate model g by accountin_g for the new data point (£*, g(£%)). 0.0011 Robust Design Optimization to Large Systems”, DETC2014-35244,
» The random process Q" (¢, é’) can be represented as 3. Repeat steps (4)-(5) stopping when the difference between two subsequent &* is smaller than a prescribed tolerance. Proceedings of the ASME 2014 International Design Engineering Technical
. ) N Joint 0.1259 0.0622 Conferences & Computers and Information in Engineering Conference
Q' (t,&) ~ Qo = exp (L(t) + 3 VYE()E ) - Acknowledgments IDETC/CIE 2014, August 17-20, 2014, Buffalo, NY.
=1 » Leon, A. S., Gibson, N. L. and Gifford-Miears, C. H., “Toward reduction of

> Where (Ag, ¥y): M(t) = [ O(s, 1)y (s)ds. This work was supported by Bonneville Power Administration’s Technology Innovation Program, grant number TIP-258 and TIP-342. > Once t.h.e optimal SOIUtlor.]S e determined, the actual fallur.e uncertainty in complex multi-reservoir river systems”, Proceedings from the
. {g}é\fﬂ is a sequence of standard normal random variables. probability for each case is estimated by Monte Carlo sampling. XIX International Conference on Water Resources 2012.
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» Assume that the logarithm of the inflow function Q“** can be represented as a Gaussian process. Inverse Reliability Method




