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Equations of State
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Thermodynamic relations
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Insights to Modeling with Helmholtz Energy

A Helmholtz energy explicit equations of state are fit to and
accurately represent multiple thermodynamic properties

0 U 0

O O 0] 0]
- &opra. ¢
N ) 3
T od Qoo &kfﬁ
NP B UL Y (Sures
S AL L
C 2 N ST ik
§, }tf*t 'Y}‘
Complex mixture of #/ ,. I*",%{ . “‘II
CL 08 (3. el
#1,( ,# 4



Helmholtz Energy EOS for Pure Components

Helmholtz free energy can be related to thermodynamic properties by partial
derivatives of density and temperature
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where T Is the reduced density and + “Y£Vis the inverse reduced

temperature
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Multicomponent Mixtures

|deal Residual Departure

@ Rty | O Rty | G Ry M 1 Riof

where]l "1 (df) is the reduced density of the mixture, ¥ Y (a)fYis the
Inverse reduced temperature of the mixture, and afis the vector of molar
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Mixing behavior

A Ideal mixing behavior
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A Residual mixing behavior
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A Departure mixing behavior
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Helmholtz Mixture Formulations

A The current large mixture models are
I GERG focusing on natural gases (Kuntz and Wagner, 2012)

I EOS-CG focusing on combustion gases and combustion gas-like mixtures (Gernert and
Span, 2016)

I Both build on the reference equations made prior

Reference Helmholtz Helmholtz equations Cubic equations
energy equation for optimization of state
[
Accurate, but Simple, but
complex deviates
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Best Subset Selection
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We propose a possible model
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where the temperature exponents are positive and density exponents are positive
Integers
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Mixture Model Regression

A Given

i Measurements of the predictors ( , T, o

I Measurements of the thermophysical properties (Z, Cp, ¢€)
A Solve MINLP

Minimize fitting error

S.t. Binary variables to select best subset of basis
functions

Calculate the thermophysical properties in terms of
predictor values and the selected basis functions

Enforce physical constraints, such as
compressibility curvature and magnitude
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import helmet
import helmet.Helmetas Helmet

IDAES

HELMET Code Example

Import python package
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HELMET Code Example

import helmet
import helmet.Helmetas Helmet

Import python package

# (critT, critP, critD, M, triple, acentric) = Fluids[molecule]

Fluids ={ ¢ h(%9Q.75, 4.126, 3.169, 92.13, 178, 0.2657)} Pass molecule SpeCiﬁC data and

Helmet.initializmolecule=V ¢ h [ O Initialize settings
fluid_data= Fluid§¥ ¢ | [
props = Pt +4¢/ D Q)S\
Critical values, molar
density, acentric factor,

and triple point

Molecule of interest Properties to be regressed
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HELMET Code Example

import helmet
import helmet.Helmetas Helmet Import python paCkage

# (critT, critP, critD, M, triple, acentric) = Fluids[molecule]
Fluids = ¢ h(p9Q.75, 4.126, 3.169, 92.13, 178, 0.2657)} Pass molecule specific data and
Helmet.initializmolecule=V ¢ h [ O Initialize settings

fluid_data= Fluidg¥ ¢ |y [ Q

props = Pt £4¢/ X D)5 Q

Helmet. prepareAncillaryEquationg Prepare ancillary equations with ALAMO
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HELMET Code Example

import helmet Import python package

import helmet.Helmetas Helmet

# (critT, critP, critD, M, triple, acentric) = Fluids[molecule]
Fluids = ¢ h(592.75, 4.126, 3.169, 92.13, 178, 0.2657)} Pass molecule specific data and

Helmet.initializmolecule=V ¢ h [ O Initialize settings
fluid data= Fluids? ¢ Ty [ O
props = Pt £4¢/ D5 Q

Helmet. prepareAncillaryEquationg Prepare ancillary equations with ALAMO

Helmet.viewPropertyDatd) Plot pPro perty data

Pressure Data
Isobaric Heat Capacity Data
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HELMET Code Example

import helmet
import helmet.Helmetas Helmet

Import python package

# (critT, critP, critD, M, triple, acentric) = Fluids[molecule]

Fluids ={ ¢ h(%9Q.75, 4.126, 3.169, 92.13, 178, 0.2657)} Pass molecule SpeCiﬁC data and

Helmet.initializmolecule=V ¢ h [ O Initialize settings
fluid data= Fluids? ¢ Ty [ O
props = Pt £4¢/ D5 Q

Helmet. prepareAncillaryEquationg Prepare ancillary equations with ALAMO

Helmet.viewPropertyDatd) Plot pPro perty data

Helmet. setupRegressiofnumTerms= 12, gams3rue) Setup the MINLP regreSSion

\

Key arguments for
controlling the regression

IDAES
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HELMET Code Example

import helmet
import helmet.Helmetas Helmet

Import python package

# (critT, critP, critD, M, triple, acentric) = Fluids[molecule]
Fluids = ¢ h(592.75, 4.126, 3.169, 92.13, 178, 0.2657)} Pass molecule Specific data and
Helmet.initializmolecule=V ¢ h [ O Initialize settings

fluid_data= Fluidg¥ ¢ h [ Q

props = Pt £4¢/ X D)5 Q

Helmet. prepareAncillaryEquationg Prepare ancillary equations with ALAMO

Helmet.viewPropertyDatd) Plot property data
Helmet. setupRegressiofnumTerms= 12, gams3rue) Setup the MINLP regression
Helmet. viewResultglstFile= WolRegression.|€p View results including parity p|0t5

and extrapolated behavior

IDAES
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Case study: H,O + CO,

A We regressed a departure equation for the mixture of CO, and H,O with a restriction
of 8 terms to match the number of terms in the departure term of EOS-CG

gn | gnd | gRH Y At

( / equation by Wagner and Pruss (2002) #/ equation by Span and Wagner (1996)

A 56 term equation A 42 term equation
A Valid from 240 K to 1273 A Valid from 215 K to
K and up to 1000 MPa 1100 K up to 800 MPa

]
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Mixture Compressibility
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Mixture Isobaric Heat Capacity
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Regression to PVT and C;

# -( | PVT fit
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Over estimated
compressibility

Under estimated
compressibility
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Work Plan
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Future work 2018

Preprocessing of Pure component

feature selection models
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Conclusions

A HELMET implements nonlinear ALAMO methodology for thermophysical
properties

A Heuristics and GPU algorithms to expedite the MINLP problem solution

A Available from idaes.org
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