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Abstract

An automated approach for large-scale solvent screening is presented based on
a comprehensive process-level assessment. In this solvent screening approach,
COSMO-RS is used to efficiently predict physical properties for large numbers of
solvents without the need for experimental data. The predicted thermodynam-
ical behavior is used in pinch-based separation models for a thermodynamically
sound and robust calculation of the minimum energy demand. With this ap-
proach, the performance of a hybrid extraction-distillation process is evaluated
fully automated for more than 4,600 solvents. The massive solvent screening
approach is successfully applied to purification of the bio-based platform chemi-
cal y-valerolactone (GVL). Novel promising solvents are identified. A reduction
of 63 % is achieved in minimum energy demand using the best predicted solvent
in comparison to the literature benchmark. Restricting the approach to known
classes of solvents, we still find a reduction of 31%. The process-level assess-
ment overcomes the limitations of heuristics based on physical properties only,
and allows for efficient and robust solvent screening.
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1. Introduction

The efficiency of chemical processes and thus economics and environmental
impacts often crucially depend on the employed solvents [I]. Therefore, solvent
selection is an important task in conceptual process design [2]. However, the
large number of possible solvents makes solvent selection tedious and computa-
tionally demanding. Thus, efficient solvent selection approaches are required.
They critically depend on two fundamental features: A sound thermodynamic
property prediction and assessment criteria for solvent performance that are
reliable, yet computationally tractable.

Current methods for solvent selection commonly employ simplified property
models, e.g., first-order group contributions (GC) methods [3] to be compu-
tationally tractable. Typically, GC methods require experimental data and
thus are restricted to parametrized classes of compounds. To overcome the
need for experimentally determined interaction parameters, recent solvent se-
lection approaches focus on the integration of property prediction based on
quantum mechanics (QM) [, B]. QM-based approaches are, however, com-
putationally demanding in general. Recently, promising approaches of QM-
based property prediction have been presented using the efficient thermody-
namic model COSMO-RS [6]. Zhou et al. used COSMO-RS for the design
of novel components in chemical reactions [7] and integrated solvent/process
design [8]. Some of the present authors successfully applied COSMO-RS in an
optimization-based computer-aided molecular design (CAMD) framework called
COSMO-CAMD [9]. COSMO-RS is generally applicable to systems without ex-
perimentally determined GC parameters and thus allows for the efficient evalu-
ation of large numbers of solvents in various mixtures. For these reasons, in this
work, COSMO-RS is employed for property prediction in large-scale databank
screenings for solvents.

Besides sound thermodynamic property prediction, the quality of the se-
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lected solvent depends strongly on the performance assessment criteria used
[2]. Currently, solvents are often selected based on single [10] or multi-objective
[11, 12] selection criteria. These solvent selection criteria are usually simpli-
fied process performance indicators based on physical solvent properties such
as selectivity, solvent loss or phase distribution coefficients [I3]. The choice of
a solvent selection criterion in the pre-selection stage is critical: A suboptimal
choice can lead to suboptimal process performance [10].

Papadopoulos and Linke [12] show that several targets for solvent properties
exist simultaneously in process flowsheets. In addition, desired solvent proper-
ties inherently include trade-offs. E.g., high affinity of the solute to the solvent
is desired for efficient extraction, whereas a low affinity between solvent and
solute helps to reduce the energy demand in solvent recovery by distillation.
Papadopoulos and Linke [I2] show by multi-objective optimization (MOO) that
these trade-offs in desired solvent properties cannot be captured by evaluating
single solvent properties. Preferentially, solvent performance is directly eval-
uated on the process-level to fully capture the relevant trade-offs in solvent
properties [14].

Various approaches for targeting solvent performance on process-level eval-
uation have been proposed. Bardow et al. [I5] identify a hypothetical opti-
mal molecule during process optimization. The resulting so-called continuous-
molecular targeting for computer-aided molecular design (CoMT-CAMD) has
been successfully applied to identify promising solvent candidates for physi-
cal absorption [I6] or working fluids in organic Rankine cycles [I7]. Similarly,
Pereira et al. integrate solvent and process design for methane recovery from
carbon dioxide [I8]. Other approaches have employed hybrid-stochastic op-
timization to identify solvent candidates for a coupled absorption-desorption
process [I9]. A comprehensive review of current CAMD approaches is given by,
e.g., Ng. et al. [I]. These studies show that the quality of the solvent selection
critically depends on the quality of the process models.

Rigorous process models lead to highly accurate results but are laborious to

solve and difficult to automate [20]. In particular, the initialization and thus
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the convergence limits the practical application to large sets of solvents. Thus,
current conceptual process design approaches reduce the numbers of solvent
candidates in pre-selection steps [I0]. E.g., Burger et al. [I1] extend the ap-
proach of Papadopoulos and Linke [12] using simplified process models in the
solvent pre-selection stage.

Simplified process models are typically classic shortcut methods such as the
well-known equations of Kremser [2I] or Underwood [22]. A drawback of these
classic shortcut methods models is that they strongly simplify the underlying
process model or thermodynamics which can cause inaccuracies, especially for
non-ideal separations [23].

In contrast, advanced pinch-based shortcut models provide a thermodynam-
ically sound objective [23] 24]. These pinch-based shortcut models exploit the
concept of vanishing thermodynamic driving force in the so-called pinch-points.
The identification of controlling pinch-points in each column section significantly
simplifies the calculation procedure while still being thermodynamically accu-
rate. The shortcut models assume an infinite number of separation stages and
thus operate at a point of minimum reflux or minimum solvent demand [25].
Accordingly, shortcut models give a tight lower bound of the minimum energy
demand of the process. This class of advanced pinch-based shortcut models
was used successfully in various applications, e.g., conceptual process design
[24], reaction-separation process design [26], extractive distillation [20], reactive
rectification [27], hybrid extraction-distillation [28], multi-component extraction
[29] and multi-component absorption [30].

In this work, we use pinch-based shortcut process models for a systematic
screening of the performance of solvents in a hybrid extraction-distillation pro-
cess. Shortcut process models for distillation [31] and extraction [29] are inte-
grated in a process flowsheet. Thereby, a reliable evaluation of the minimum
energy demand of the process is possible within seconds. The evaluation of the
minimum energy demand is combined with COSMO-RS property prediction in
a fully automated solvent screening approach. No pre-selection of solvents based

on simplified solvent performance indicators is required but databanks contain-
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ing several thousands of solvent candidates can be evaluated within hours by an
objective function reflecting the process performance. In the following sections,
the proposed approach is presented and challenged in a case study for the hy-
brid extraction-distillation of the bio-based platform chemical «-valerolactone
(GVL) [32]. In the final section, the results of the solvent screening for minimum

energy demand are compared to existing process performance indicators.

2. Methods

2.1. Process Flowsheet

In this work, we consider the purification of a diluted solute A from a carrier
C in a hybrid-extraction distillation process [23]. A fixed flowsheet structure
is used for the hybrid extraction-distillation. In this flowsheet, the process is
limited to a single distillation step and the solute A is recovered as a heavy
boiler (Fig. [I)).

In the hybrid extraction-distillation process, a feed stream F with the molar
composition zp enters an extraction column where a solvent stream S is used
to extract the solute A into the extract stream E. The raffinate stream R,
deprived of solute A, leaves the extraction column and can further be processed,
e.g., by wastewater treatment. The extract stream E is subsequently fed to a
distillation column for further purification. In the distillation column, the solute
A is separated from the solvent X and co-extracted carrier C. Solvent X and
co-extracted carrier C' are phase separated in a decanter stage and the solvent
rich-phase is recycled to the extraction column. The carrier-rich phase is sent
to wasterwater treatment. Solvent loss is replaced by solvent make-up.

The process flowsheet is modeled by advanced pinch-based shortcut process
models for extraction [29] and distillation [31]. For the extraction, isothermal
separation is assumed and for the distillation isobaric separation. The shortcut
process methods assume an infinite number of stages which allows for a sharp
split of the components in the separation steps. Thus, solute A is completely

extracted into the extract stream E and the raffinate is free of solute A. Sim-
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Figure 1: Process flowsheet for hybrid extraction-distillation. Feed stream F containing solute
A and carrier C, solvent stream S containing solvent X, raffinate stream R, extract stream
E, distillate stream D, bottom stream B, solvent make-up stream S;¢p with corresponding
compositions zg, zs, ZR, ZE, ZD, ZB- Smin 1S the minimum amount of solvent required for
the specified separation task, Qmin is the minimum energy demand required for the specified

separation task.

ilarly, the solute A is completely recovered as pure product in the distillation.
Consequently, the carrier-rich phase from the phase separation in the decanter
stage has an identical composition as the raffinate stream R.

The energy demand in the process is mostly determined by the heat demand
of the reboiler in the distillation column. Other heating devices (e.g., preheating
of the feed stream to boiling temperature) are assumed to be negligible. Thus, in
this work, the process energy demand is represented by the energy requirement
for distillation which is expressed by the minimum energy demand @i, This
minimum energy demand @i, depends on the minimum amount of solvent Spiy
required for solute extraction in the extraction column. Thus, the performance
of a solvent in the process is expressed by a single target function: The minimum

energy demand iy -
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Figure 2: Schematic procedure of the proposed solvent screening approach.

2.2. Solvent Screening

In the proposed solvent screening approach, the solvent X in the hybrid
extraction-distillation process in Fig. [I] is considered as a degree of freedom.
Thus, the aim of the screening is to identify a solvent candidate X with the
lowest minimum energy demand Q,i, from a specified set of solvents. The

solvent screening consists of the following steps (cf. Fig. :

1. Process specifications need to be set. Thus, the solute A and the carrier
solution C' are specified. In addition, the feed composition zr needs to be
specified. For the extraction temperature 7' is specified, for the distillation
pressure p is set.

2. Design specifications on the solvent candidates X are imposed. A pos-
sible set of solvent candidates is defined by imposing a desired range for

molecular size or specifying molecular constituents. E.g., certain groups



of atoms such as halogenes can be excluded from consideration. All sol-
vent candidates meeting these design specifications are selected in the
COSMO-RS databank for the screening. The COSMO databank contains
so-called COSMO files that result from quantum-mechanic structure opti-
mization. COSMO-RS uses these COSMO files to predict thermodynamic
properties. For a detailed description of the COSMO-RS method, see [6].

For each selected solvent candidate X in the COSMO-RS databank, relevant

thermodynamic properties are predicted by COSMO-RS:

3. The solvent candidates are tested to meet property constraints that pro-

160

hibit their application as solvents in a hybrid extraction-distillation pro-
cess. For this purpose, a preliminary evaluation of specific solvent prop-
erties is performed. The existence of a liquid-liquid equilibrium (LLE) in
the binary mixture of the solvent X and the carrier C' is mandatory for
the use of the solvent candidate as an extraction agent. Thus, all sol-
vent candidates are tested for the existence of this LLE using the binary
LLE calculation in COSMOtherm [33]. This calculation checks whether
an LLE exists. At this point, no constraint is added on the composition
of the phases. Solvent candidates without a LLE are discarded. Addition-
ally, solvent candidates are tested to be liquid at ambient temperature and
pressure by calculating the boiling point temperature T x for all solvent
candidates. Two limits are imposed on Ty x: First, solvent candidates
that are not liquid at ambient temperature with a safety margin of 15K
(Tp,x < 313.15K) are discarded. Second, to obtain pure solute in the
bottom product of the distillation column (cf. Sec. 2.I)), all solvents that

are heavy keys are discarded.

. For the solvent candidates meeting all requirements from step[3] pure com-

ponent data is calculated. In particular, Antoine parameters to predict

the vapor pressure pgat, x and the molar enthalpy of vaporization Ahyap, x

are calculated using COSMO-RS (cf. [Appendix Al). This pure compo-

nent data is used to estimate boiling temperature and the enthalpy of
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vaporization in the process shortcut models.

. In the next step, mixture data are calculated. Non-idealities in liquid-

liquid systems and vapor-liquid systems are described using activity co-
efficients v. Isothermal activity coefficients v can directly be calculated
using COSMO-RS. The mixture behaviour of the ternary system A-C-X
is described in the shortcut process models using parameters of the non-
random-two-liquid (NRTL) [34] model. NRTL parameters of the binary
systems A-C, A-X and C-X are used to predict phase equilibria in the
ternary system A-C-X over a specified range of temperature. Thus, a

regression for NRTL parameters based on isothermal activity coefficients

~ is performed. (cf. [Appendix Al).

. To limit the purification by distillation to a single distillation column,

no ternary azeotropes and azeotropes between solvent and solute can be
present. Thus, all azeotropes in the ternary system are calculated based
on the algorithm proposed by Fidkowski et al. [35]. Solvent candidates
with ternary azeotropes and azeotropes between solvent and solute are

discarded.

All solvent candidates X that meet the requirements from step [I] to step [f]
are considered valid solvent candidates X. For all valid solvent candidates, the

process model is evaluated:

7. For each valid solvent candidate, the extraction unit operation is evalu-

ated. The extraction unit operation is modeled using the shortcut process
model and solved using the procedure proposed by Redepenning et al.
[29]. For a given feed composition, the procedure calculates the minimum

amount of solvent Sy, as well as all outlet compositions and flow rates

(cf. Fig. [1)).

. Next, for each valid solvent candidate X , the distillation unit operation

is evaluated. The distillation unit operation is modeled using the rectifi-
cation body method (RBM) proposed by Bausa et al. [3I]. Limitations

by continuous molecular overflow assumption are overcome by considering
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the enthalpy of vaporization in the RBM shortcut process model. Further
contributions to the energy demand due to temperature changes in vapor
and liquid phases are assumed to be negligible. Thus, no molar heat ca-
pacities are required in the calculation. The RBM shortcut process model
returns the minimum energy demand Qi,. All process streams for the
hybrid extraction-distillation process with all corresponding compositions
(cf. Fig. [1) are now determined.

9. As a result, a list is returned containing all valid solvent candidates X

ranked by their respective minimum energy demand @iy -

3. Case study: Purification of the platform chemical «v-valerolactone

In this section, the proposed screening approach (Sec. is exemplified for
the identification of novel solvents for the purification of y-valerolacton (GVL).
GVL is an intermediate in the production of bio-based value products and is a
promising precursor for fuel and commodity chemicals [32]. GVL can be pro-
duced from lignocellulosic biomass and needs to be recovered and purified from
aqueous solutions for further processing. A recent approach for the recovery of
GVL is a hybrid extraction-distillation process proposed by Murat Sen et al.
[36]. In their work, Murat Sen et al. use n-butyl acetate as extraction solvent
which is considered as benchmark is this case study.

A massive databank screening of more than 4,600 solvent candidates is per-
formed to identify novel promising solvents for GVL purification. The minimum
energy demand Qi, is used as the target function.

For the solvent screening, the following process specifications are set (step|[1).
A feed composition of zg = (0.05,0.95,0.00) for the ternary system GVL-water-
X is assumed. Pressure and temperature in the process are set to p = 1bar
and T = 25 °C. Bio-compatibility of the solvent candidates X is desirable, thus,
possible solvents candidates X are limited to molecules only containing carbon,
hydrogen and oxygen atoms (step [2)).

All considered solvent candidates are tested to meet the required property

10
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constraints (step . For 4,331 solvent candidates X in the databank, a binary
LLE in the system water-X exists. Additionally, the boiling temperature Tg x
is evaluated. Solvents with a boiling temperature higher than the predicted
boiling temperature of GVL (Ip gvi, = 507K) are discarded. Overall, 1,715
solvent candidates also meet the required property constraints on the boiling
temperature T, x and are further evaluated. For those solvent candidates,
pure- and mixture-data are computed (step |4] and . The computational time
to evaluate all 1,715 solvent candidates X is =~ 14h on a 3.2 GHz desktop
computer using 4 parallel cores. This computational time demand is almost
exclusively due to the computation demand of COSMO-RS property prediction.
In particular, the generation of (temperature-dependent) NRTL parameters is
computationally expensive. The calculations can easily be accelerated using
parallel computing. In contrast to COSMO-RS property prediction, the process
shortcut models are evaluated within minutes (& 5 min). The calculated NRTL
parameters are stored and can be re-used. E.g., for the ternary system A-C-
X, three sets of binary NRTL parameters are calculated: A-C, A-X and C-X.
Binary NRTL parameters for the system A-C' are independent from the solvent
candidates X and have to be calculated only once. In addition, binary NRTL
parameters for the systems C-X are independent from the solute A. Since the
binary NRTL parameters for the systems C-X have already been calculated
in this work for C' = water, screening for a different solute A in water would
require ~ 50 % less time: Only binary NRTL parameters for the system A-X
would have to be re-calculated for all solvent candidates X.

For all 1,715 solvent candidates X, azeotropes are calculated and evaluated
(step @ Overall, 1,439 solvent candidates X meet the requirements from (step
to @) and thus are regarded valid solvent candidates X. For all valid solvent
candidates X, the hybrid extraction-distillation process is evaluated (step|7|and
. As a result, all 1,439 valid solvent candidates are ranked by the correspond-
ing minimum energy demand Qi,.

Fig. shows the result of the solvent screening. Promising solvent candi-

dates are identified in Tab. [I} In particular, 155 solvents are predicted to have

11



270

1000

o

S 100 -

S
=

)
E I n-butyl acetate (benchmark) l
£ 10

S

o

1 T T T

0 0.5 1 15 2
Siin / Kmol/kmolg..q

Figure 3: Minimum energy demand Qpnj, and minimum amount of solvent Sp;, for 1,439
valid solvent candidates X (blue diamonds) and Qmin for benchmark solvent n-butyl acetate

(red line).

a lower minimum energy demand @i, than the literature benchmark n-butyl
acetate. Tab. [I] shows that the top 5 identified solvents are aliphatic alkynes.
The molecule with the lowest minimum energy demand is 1,5-hexadiyne with
63 % reduction of Quin (67 % reduction of Spi,) in comparison to the bench-
mark solvent n-butyl acetate. Thus, 1,5-hexadiyne is highly promising in terms
of the energy saving potential.

All top solvents identified in Tab.[[|have lower Q i, and lower Sy, compared
to the benchmark. This indicates that the extraction contributes significantly to
the good performance of the top solvents in the distillation. A comparison of the
ternary diagram of n-butyl acetate (benchmark) and 1,5-hexadiyne (best solvent
identified) reveals the excellent extraction agent properties of 1,5-hexadiyne.

Fig. @ shows a larger miscibility gap and steeper tie lines for 1,5-hexadiyne

12
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Table 1: Selected results for solvent screening using shortcut model and reduction of min-
imum energy demand compared to benchmark (BM). Available experimental boiling point

temperature T, x (exp.) and melting point Theit, x (exp.) are provided for further solvent

assessment.
Solvent Smin Qmin Qmin reduction  Rank | Therr,x (exp.) Ref. Tp x (exp.) Ref.
kmol/kmolpeea  MJ/kmolpeca % °C °C

1,5-hexadiyne 0.05 3.70 63 1 -4 B 88 B
1,6-heptadiyne 0.05 3.94 61 2 -85 137) 112 137)
1,3-hexadien-5-yne 0.06 3.99 61 3 82 138]
1,7-octadiyne 0.05 4.12 59 4 136 [39]
1-penten-4-yne 0.06 4.14 59 5 42 [40]
furan 0.07 4.64 54 9 -86 A1 31 A1
3-methylfuran 0.09 5.26 48 15 65 [A2]
2-methylfuran 0.11 6.36 37 27 64 [37]
2,3-hexanedione 0.10 6.98 31 34 128 3]

3,4-hexanedione 0.11 7.15 29 36
n-butylacetate 0.14 10.11 - 156 -74 137) 126 [37]

compared to the benchmark. Thus, a high selectivity and a high capacity for
the solute GVL are achieved which results in a low minimum amount of solvent
Smin- In turn, a low Sy, consequentially leads to a reduced extract stream E
which reduces the minimum energy demand in the distillation Q iy .

Rigorous process model calculations using ASPEN Plus V8.4 are performed
to validate the results from shortcut process models. The minimum energy
demand in ASPEN Plus Qmin,aspen is calculated for a flowsheet according to
Fig. (1). The flowsheet is initialized with results from the shortcut process
models and converged to minimum solvent flow and minimum reboiler heat
duty (for calculation details see SI).

Overall, the results of the shortcut process models are in good agreement with
the rigorous process calculations. The mean average percentage error for the top
50 solvents is +9 %. In particular, the minimum energy demand in ASPEN Plus
for the best solvent identified 1,5-hexadiyne is Qumin,aspEN = 3.97 MJ/kmolpeeq
(+7 %) and for the benchmark n-butyl acetate Qumin, aspen = 11.10 MJ /kmolpeeq
(+9%). Additionally, the high selectivity and capacity of 1,5-hexadiyne for GVL

is confirmed by the low minimum solvent demand in ASPEN Plus (Siin,ASPEN =

13



Figure 4: Ternary diagram of literature benchmark n-butyl acetate (blue thin line) and best

solvent identified by solvent screening 1,5-hexadiyne (red thick line).
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0.05 kmol /kmolpeeq). Thus, rigorous process model calculations in ASPEN Plus
validate the predicted potential to reduce the minimum energy demand and
determine a reduction by 64 % with 1,5-hexadiyne. This validation supports
the presented approach for identification of promising solvents by the shortcut
process models. An extended list with validated results for the top 50 solvents is
provided in the SI. The solvent ranking by minimum energy demand generated
by the screening approach and the ASPEN Plus simulations are in very good
agreement with a Spearman’s rank correlation coefficient of 0.93, where an ideal
correlation corresponds to a rank correlation coefficient of 1 [44]. However,
the ASPEN Plus simulations also show that two components, trans-3-penten-
1-yne and furan, ranked #7 and #9 by the screening (Tab. [1|) require even less
energy demand than 1,5-hexadiyne according to the ASPEN Plus simulations.
This effect is due to the different settings in the flowsheets (lower convergence
tolerance and finite number of stages in ASPEN Plus, see SI). This finding
also highlights the importance to not focus only on the top candidate from the
screening but to consider the list of top candidates generated by our approach.

Only 59 of the 100 best solvents could have been evaluated using the modified
UNIFAC (Dortmund) group-contribution method [45]. This is mainly caused by
the lack of parametrized groups for promising furanes and missing interaction
parameters for alkynes with water. This highlights a key feature of the presented
approach that is independent of experimentally parametrized group interaction
parameters.

To be a solvent of practical relevance, further criteria need to be evaluated
next to minimum energy demand, e.g., design limits on melting point tem-
perature or boiling point temperature as well as toxicity and chemical stability.
These criteria are currently evaluated by human post-processing. For the present
case study, we find that all available experimental melting point temperatures
indicate that the selected solvents are liquids at room temperature (Tab. .
Similarly, experimental boiling points in Tab. [I] show that all components are
within the desired design limits on boiling point temperature. We further find

that alkynes have a tendency to decompose and are usually stored under low

15
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temperatures to prevent degradation. Thus, the alkynes ranked as top solvents
candidates in Tab. [1] seem questionable for practical application. However, an
advantage of the proposed solvent screening approach is that a ranked list of sol-
vents is generated (extended list of all top 155 solvents can be found in the SI).
Further criteria for practical relevance can be evaluated by the design engineer.

For practical relevance, promising solvents are diketones and furanes which
are already discussed in the literature as fuel candidates and solvents [46]. Tab.
shows that promising furanes (#9, #15, #27) are identified in the solvent
screening, which are stable under relevant process conditions according to man-
ufacturer data. The identified furanes reduce the minimum energy demand
Qmin by = 40-50%. The experimental boiling point temperature of furan is
T8 furan = 31°C (Tab. which is close to ambient temperature. Here, sol-
vent loss by evaporation should be considered for practical applications. Future
screening studies could add this constraint explicitly to the design problem. If
further criteria such as toxicity are applied, 2,3-hexanedione (#34) seems to be
a very promising candidate for GVL extraction. In contrast to the furanes, this
diketone is non-toxic according to manufacturer data. 2,3-hexanedione reduces
the minimum energy demand Quin by 31% in comparison to the benchmark
and is thus proposed as the most promising solvent from a practical perspec-
tive. Additionally, 2,3-hexanedione is commercially available and can further be

evaluated experimentally.

4. Comparison to conventional process performance indicators

In this section, the results from solvent screening based on minimum energy
demand are compared to conventional process performance indicators. All iden-
tified 1,439 valid solvent candidates X are considered for the comparison. The

following conventional screening criteria are evaluated (for calculation details

see |Appendix Bj):

1. Phase distribution coefficient P (at infinite dilution of solute A) is com-

monly used to assess the solvent extraction selectivity (e.g., [47])

16
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2. Relative volatility « is commonly used to assess the energy demand in the

distillation (e.g., [13])

To quantify the correlation between conventional process indicators and the
results from the shortcut process models, the Pearson correlation coefficient r
is evaluated. The Pearson correlation coefficient determines the correlation of
sample values a; and b;. The Pearson correlation coefficient 7, can take on
values from 7, = —1 to rq, = 1. Pearson correlation coefficients of 7, = —1
and 7, = 1 correspond to an ideal linear correlation of a; and b;. In contrast,
Ta,b = 0 indicates no correlation.

Fig. shows a comparison of conventional process performance indicators
to the results obtained from the screening approach based on minimum energy
demand.

A very good correlation is found between phase distribution coefficient P
and Syin (Fig. [FJA). This is reflected in the high Pearson correlation coefficient
Tlog Plog Smin = —0.97. Accordingly, all top solvents (green triangles in Fig.
(5lA)) achieve high P values. Similarly, Fig. shows that P is moderately
good correlated to the minimum energy demand Qmin (Tiog Plog Qumin = —0-76).
A solvent screening based on phase distribution coefficient P would identify
2-methylphenol as the best solvent. 2-methylphenol can be considered a good
solvent candidate since it has a lower minimum energy demand @i, than the
benchmark molecule. However, a solvent assessment based on the phase distri-
bution coefficient P has significant drawbacks. Firstly, the best solvent identified
based on the phase distribution coefficient P has a Quin of 9.63 MJ/kmolgeed
which is &~ 160 % higher than the best solvent found in the screening based
on shortcut process models. The reason for the high minimum energy demand
is the comparably high boiling point temperature predicted for 2-methylphenol
T8, 2-methylphenol = 201 °C, which is in agreement with experimental findings (ex-
perimental TB 2-methylphenol = 192 °C [48]). Secondly, Fig. (pB) shows that a
screening based on the phase distribution coefficient P does not identify all sol-

vents with a lower minimum energy demand Q,;n than the benchmark. Thus,

17
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Figure 5: Comparison of phase distribution coefficient P to to minimum amount of solvent
Smin (A) and minimum energy demand Qmin (B). Solvent screening based on phase distribu-
tion coefficient P and relative volatility a (C). Red lines: benchmark (BM), green triangles:
promising solvents (Qmin < Qmin(BM)), blue diamonds: other solvents (Qmin > Qmin (BM)),

orange square: most promising identified solvent 2,3-hexanedione.
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promising solvents with a low phase distribution coefficient P would be missed
in a solvent selection based on the phase distribution coefficient P.

Further refinement of solvent selection based on conventional process indi-
cators commonly employs the relative volatility a (JI3]). The best identified
solvent based on « is 2-methyl-1-buten-3-yne with a Quin = 4.28 MJ/kmolpeed,
which is 16 % higher than the best solvent found in the screening based on short-
cut process models. The good performance of 2-methyl-1-buten-3-yne can be
explained by its low boiling point (T8 2-methyl-1-buten-3-yne = 51 °C) and low en-
thalpy of vaporization (Ahyap 2-methyl-1-buten-3-yne = 0f 31.8kJ mol~1). The low
correlation of the relative volatility « and the minimum energy demand Quin
(correlation coefficient 71og  log Quin = 0.24) does not allow for an evaluation of
the solvent process performance solely based on «.Yet, relative volatility o seems
to be a good heuristic process performance indicator for further solvent selection
in combination with distribution coefficient P (Fig. ) In a solvent screening
based on both conventional process indicators P and a, most solvents with lower
minimum energy demand Q,;, than the benchmark are properly identified as
promising. However, a solvent selection based on process indicators P and «
still comes with major drawbacks: First, not all solvents with lower minimum
energy demand Q,;, than the benchmark are identified: Overall, 16 % of all
promising solvent candidates are missed in a solvent selection based on P and
a. Moreover, 116 components with a higher minimum energy demand Quin
than the benchmark are falsely identified as promising. Further conventional
process performance indicators, i.e., constraints on the boiling point tempera-
ture, would thus be necessary to rule out more candidates which comes at the
risk of losing further promising solvent candidates. Second, there is no direct
correlation between the conventional process indicators and Qpiy,, i.e., it is not
known whether favorable a is more important than favorable P. Importantly,
many promising solvents with low @i, are not located at extreme values of P or
o but at intermediate values of P or « (cf. Fig.[5C). In particular, the solvents of
practical relevance discussed above, e.g., 2,3-hexanedione with log P = 0.99 and

logaw = 3.37, are identified at intermediate values of P and « (orange square
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in Fig. (5[C)). Thus, for a reliable identification of all promising solvents, a
quantitative ranking of the solvents is necessary. This quantitative ranking by

minimum energy demand Q,, is provided by the shortcut process models.

5. Conclusions

A massive solvent screening approach based on COSMO-RS and pinch-based
shortcut process models is presented. Automated evaluation of pinch-based pro-
cess models for extraction and rectification devices was established to screen
solvents by the minimum energy demand. The approach is not limited to a re-
duced number of components which is highlighted for a fully automated solvent
screening of a large-scale databank.

Results show that more than 4,600 solvents can be screened fast and effi-
ciently with the presented screening approach. Novel promising solvents for the
hybrid extraction-distillation of GVL are identified with predicted better perfor-
mance than the literature benchmark n-butyl acetate. A theoretical reduction
of the minimum energy demand Qui, of 63 % is predicted for 1,5-hexadiyne
and 31% for 2,3-hexanedione. The most promising solvent candidate for prac-
tical application, 2,3-hexanedione, is commercially available and can further be
evaluated experimentally.

A comparison to conventional screening criteria provides insight in the inher-
ent trade-off of desired solvent properties in the process whereas heuristic criteria
based on phase distribution coefficient or relative volatility lead to suboptimal
solutions. The proposed screening approach captures this trade-off and yields
quantitative information on process performance. Thus, the presented screen-
ing approach provides a comprehensive process-level assessment of the screened
solvents and successfully takes into account inherent process trade-offs.

Overall, the proposed solvent screening approach efficiently combines COSMO-
RS property prediction with a comprehensive process-level assessment. Using
COSMO-RS, quantum mechanics-based property prediction is achieved over-

coming the need for experimental data. The shortcut process models allow for
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a fast and reliable process-level evaluation. Thus, the proposed screening ap-

proach significantly enlarges the range of current solvent selection approaches

and increases confidence in solvent pre-selection.
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Appendix A. Property prediction using COSMO-RS

All thermodynamic properties in this work are predicted by COSMO-RS
[6]. COSMO files are used from the 1501-BP-TZVP databank and COSMO-RS
calculations are performed using COSMOthermX Version 15.

Pure component properties used in this work are vapor pressure, psat, x, and
molar enthalpy of vaporization, Ahy,p x, for each solvent candidate X. The

vapor pressure is calculated using the Antoine equation

Cx+T
The solvent specific coefficients, Ax, Bx and Cx, are calculated by COSMO-
RS.

B
psat,X = exXp (AX - X ) (A].)

The molar enthalpy of vaporization, Ahyap, x, is estimated by combining the

Antoine equation, Eq. (A.1), with Clausius-Clapeyron

dln (pSﬂt7X/psO'at7X) _ Ahva\p,X (A 2)
dT - RT? '

which leads to

Bx ,
_RT?. (A.3)

Ahyap, x = m

Non-ideal liquid mixture properties are expressed using activity coeflicients
vi(z,T) that are calculated by COSMO-RS. With ~;(z, T), vapor-liquid equilib-
ria (VLE) and liquid-liquid equilibria (LLE) are calculated.

In this work, activity coefficients 7;(z,T') are expressed by the non-random-
two-liquid NRTL model [34].

The extraction shortcut process model uses isothermal binary NRTL param-
eters to calculate 7;(z). Isothermal binary NRTL parameters 7;;, 7j;, o;; and

aj; are defined by
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Ga1 2 T12G12
| _ n , A4
i) = [Tﬂ (21 + Z2G21> (22 + 21G12)* A
G1s )2 T21Go1
| _ 4 , A5
bl = A [712 (22 + 21G12 (21 + 22Ga1)? A
InGia2 = —oa7i2, (A.6)
InGo = —a21721. (A1)

Generally, a12 = ag; = « is assumed.

In this work, we use an equally-spaced concentration grid for z € [0, 1] with
n, = 11 evaluations of v(z) to determine 7;;, 7, o;; and «;;.

The distillation shortcut process model uses temperature-dependent binary
NRTL parameters to calculate v;(z,T). In this work, temperature-dependent
binary NRTL parameters are calculated using polynomial coefficients a;;, bsj,

¢ij, dij, e;; which are defined by

T

Tijg = CLij + bf + Cij InT + dijT, (A8)
ij

Oéij = eij =+ flJT (Ag)

To determine the parameters a;;, b, cij, dij, €;5, in this work, we use an
equally-spaced temperature grid for T' € [298.15K,473.15K] with ny = 10
temperature grid points. Overall, n, = 11 evaluations 7(z) on each of the

nr = 10 temperature levels are performed, i.e., 110 evaluations for each solvent.

Appendix B. Conventional screening criteria

The phase distribution coefficient P is defined as

p_ ZovLe _ Y(Zvir) (B.1)
ZGVL,R Y(ZavL,E)

Here, E denotes the extract phase and R the raffinate phase of a binary LLE
between a solvent candidate X and water. P is evaluated at T = 298.15K and

infinite dilution of the solute GVL is assumed.
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The relative volatility a (JI3]) is calculated according to

o ’Yx?vc:;ter,X (T) * Psat,water (T)
&L x (1) - Psat,avn(T)

o(T) (B.2)

where «(T) is evaluated at T' = 298.15 K with infinite dilution of water in solvent
candidate X for 755, x(7') and infinite dilution of GVL in solvent candidate
o35 X for &5, x (1)

The Pearson correlation coefficient 7, 4 is defined by
Z?:l (ai — E) (bl — B)

Tab = .
’ n —\2 n 7\ 2
\/21:1 (a; —a@)”- \/Zi:l (bi - b)
In Eq. (B.3), r is the Pearson correlation coefficient, a = {a1, ..., a;, ..., an }

and b = {by,...,b;,...,b, } are data sets of possibly correlated sample values a;
and b; and @ and b are mean values of a and b respectively. The Pearson cor-
ea0 relation coefficient 745 can take on values from rq = —1 to rqp = 1. Pearson
correlation coefficients of r, , = —1 and 7, = 1 correspond to an ideal correla-
tion of the sample values a; and b;. In contrast, r,, = 0 indicates no correlation

of a; and bl
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