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Context

The Organic Rankine Cycle (ORC) is a viable technology for the exploitation of renewable energies like concentrated solar power, geothermal power, biomass or waste heat
recovery. In these applications, it usually outperforms classic steam cycles for its simplicity, the lower operational costs and the higher thermodynamic efficiency.
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As a drawback, due to the aleatory of the heat source, to the properties of the organic fluids and to the need for reducing manufacturing costs, ORCs are by nature subject
to several forms of uncertainty.

Uncertain parameters Surrogate Models for Uncertainty Propagation

5 uncertain parameters are considered, all varying with uniform distribution.

Tcon P eva Tt A 7-sh Tlp
Lower Bound | 288 K @ 1.8E+06 Pa @ 75% 1.0 K 70%
Upper Bound | 315 K = 23E+06 Pa 90% @ 16.0K @ 85%

The Bayesian framework is a powerful tool for dealing with uncertain data.
The quantity of interest y(&) depends on a vector of uncertain variables &.

Sampling Distribution X Prior — p(y*|y) p(y)
Marginal Distribution N p(y*|€)

In this work surrogate models are used to relate the Qol to the uncertain input.

» Bayesian Kriging (BK) [2].

» Gradient Enhanced Bayesian CoKriging (CK) [3].

Posterior = p(y|y*) =

Quantity of Interest (Qol)

W h5(P57 T5) — h6(P67 56)

Qi hs(Ps, Ts) — ho(Py, To)

» W = power output » Q;, = power input
» h = enthalpy

ORC Efficiency norc = (1)

The latter is an enhancement of Kriging using also the information about gradient on
data as covariables.
oy

The gradient of the Qol w.r.t. the inputs — is evaluated analytically from Eq.1.
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» s =entropy P P = pressure P» [ = temperature

Benchmark of surrogate models Statistics

The response surfaces of BK and CK are constructed by using several experimental
designs with different numbers of samples of the 5 uncertain parameters (Latin
Hypercube). The surfaces are then evaluated on a full factorial grid of 5° points in
order to get the predicted values, which are compared to the exact ones (from Eq.1).

For both surrogate models the convergence is verified by monitoring the trend of the
average value of the coefficient of variation on the response surface w.r.t. the
number of samples in the experimental design.

————— Method N samples| u 0
» Kriging 16 samples » CoKriging 4 samples g e BK 50 0.148 4. 80E-04
© 1.2E-01- _ _ -
c - c - 8 106014 CK 10 0.147 4 .97E-04
O 1.8E-01 o O 1.8E-01 e -
% 15E-0197 @ o m-----’_-‘h”;“..------ -IL__)’ 1.5E-01 - . e 5 e ,&1.-.------ B 8.0E-02 -
1kt reo|{ == g coro- » Computational time for BK:
o - | | | o - | | | = 4.0E-02- —— KR N
1.2E-01  1.4E-01  1.6E-01  1.8E-01 1.2E-01  1.4E-01  16E-01  1.8E-01 g  ok.0n CK sample— BK tcpu—oRC T tBK
true value true value O Y T . .
o o 00E+00 . 3 | | . | » Computational time for CK:
» Kriging 20 samples » CoKriging 5 samples 0 20 40 60 80 100
N samples Nsample—ck tcPu—oRC + Qlder + tck
C .'-‘. - __,-""
O 1.8E-01 1 O 1.8E-01 - -
+ = = o L
> 1.5E-01 | 2 1.5E-01 -
812E01_ '/ 812E01 ”;}M
o L4L- o L1.4k- 1T ® ® o . = . . . . . .
S et | | | S el | | | An ANOVA decomposition is carried out to identify the greatest contribution to the
12601  14E-01  16E-01  1.8E-01 12601  1.4E-01  16E-01  1.8E-01 :
true value true value variance of the Qol. X 70.0% -
- . - . t x
» Kriging 25 samples » CoKriging 7 samples Sobol 1% Order Sobol Total Index @ soo%
C 50.0% -
2.0E-01 7-c:ond 4 % 74 % — o
- ’_“ — ‘/ O 40.0% A
i 0 0 o)
9 2 18501 Pev 4 % 4 % Q 30.0%
@) 01 L 1.5E-01 1 0
= 1.5E-01 8 1.5E-01 Ny 21 % 29 % — 20:0%
O .,,-v"" a1.2E-o1— /_,a 0 D 10.0% A
T1oe0r ' ' ' ' 12601  1.4E-01  1.6E-01  1.8E-01 Ip O 0 7 oo ' '
1.2E-01 1.4E-01 1.6E-01 1.8E-01 2E- AE- .6E- .8E- 0 T, P n AT
true value true value ATsh 0 0 % o Ur:?ertainnpgarametper ”

Next steps
Extension of CK to surrogate modelling of ORC turbines with CFD simulations.
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