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ABSTRACT: In this study, we developed a Python-based open-source algorithm compatible with the aqueous physical property
models provided in the electrolyte templates of AspenTech software. To validate the accuracy of the model, the results obtained
from the proposed algorithm were compared to experimental data for 37 binary aqueous mixture systems covering properties such as
density, heat capacity, viscosity, and thermal conductivity. The input variables included results from our previous research on pure
component property prediction and the nonrandom two-liquid (NRTL) model parameters based on the UNIFAC model
simulations. This open-source algorithm is compatible with AspenTech software. The mean absolute percentage errors (MAPE) for
density, heat capacity, viscosity, and thermal conductivity were 2.88, 0.355, 12.1, and 10.1%, respectively. In the case of density and
viscosity, the actual data trends could not be accurately reflected under high-concentration conditions for certain substances. In
addition, it was confirmed that inaccurate predictions of the viscosity and thermal conductivity in the commercial-scale falling-film
evaporator simulation for L-valine production led to inaccurate predictions of the overall heat transfer coefficient. Therefore, caution
is required when predicting missing property parameters using this approach as significant errors may occur. Nevertheless, this
algorithm can provide an initial parameter value for property models that are not included in existing databases without any
commercial package.

1. INTRODUCTION

Selecting appropriate models for calculating the physical
properties of process streams, such as the density, heat
capacity, viscosity, and thermal conductivity, is an essential
step in process design.1−4 Commercial software such as Aspen
Plus, Aspen HYSYS, PRO/II, DynSim, and gPROMS are
widely used for process modeling and simulation because they
provide various property models for calculating the physical
properties..5,6 However, these software packages only provide
information on the equations of the property models, and
specific algorithms have not been disclosed.7 This makes
providing a clear theoretical reference or customizing the
physical property models difficult. In addition, a commercial
license fee must be paid to use this software, which can be a
burden on individual users.

In aqueous solutions generated during the production of
biobased substances such as alcohol, amino acids, and organic
acids, there may exist various unfamiliar components for which
property databases do not exist.8−10 When resources are
inadequate for obtaining the experimental property informa-
tion, the Aspen Property Constant Estimation System (PCES)
method7 is useful. The normal boiling point,11−14 critical
properties,11−13 acentric factor,11−13 enthalpy of formation,15

ideal gas heat capacity,16 and activity coefficient17−19 have
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been estimated using PCES during process optimization,
technoeconomic analysis, or life cycle assessment.20−23 In our
previous study, we developed a Python-based open-source
algorithm that is compatible with the PCES method for
predicting the physical properties of pure substances.3

However, because almost all biobased liquids exist in aqueous
solutions,24 it is impossible to perform process modeling and
simulation using only the properties of pure substances.
In this study, we developed a Python-based open-source

algorithm compatible with the aqueous physical property
models provided in the electrolyte templates of the AspenTech
software. To verify the accuracy of the model, the results
calculated using the proposed Python-based algorithm were
compared with the experimental values of 37 binary aqueous
mixture systems, including the density, heat capacity, viscosity,
and thermal conductivity.1 Specifically, the 37 binary aqueous
mixture systems consisted of 20 amino acids, 6 organic acids,
and 11 sugar solutions. The experimental data used in this
study for the aqueous solutions consisted of 2009, 1311, 1247,
and 169 data points for density, heat capacity, viscosity, and
thermal conductivity, respectively.
In the model used in this study, the calculation of the heat

capacity of the mixture requires the parameters of the
nonrandom two-liquid (NRTL) activity coefficient
model.25,26 The AspenTech software allows us to obtain
NRTL model parameters by regression from the simulation
results of universal quasi-chemical functional group activity
coefficient (UNIFAC).7 We also developed a Python-based
open-source algorithm to estimate the NRTL model
parameters from UNIFAC model simulation results with a
higher accuracy than that of the AspenTech software
method,27 which was also applied in the current study.
One of the main objectives of this study is to introduce an

accurate algorithm of the Aspen PCES method for calculating
aqueous mixture properties to potential users of the
AspenTech software. Additionally, this study aims to explain

the limitations of the Aspen PCES method through a
comparison between experimental data and calculated physical
property results. The impact of inaccurate property models on
the overall heat transfer coefficient was also examined through
a simulation of the heat exchanger in a commercial falling-film
evaporator.
In summary, this study introduced a comprehensive method

for calculating the physical properties of aqueous solutions
compatible with AspenTech software, utilizing Python-based
open-source algorithms as part of an open-source initiative.28

The predicted results were rigorously compared with a wide
range of experimental data obtained from aqueous mixtures,
allowing for a detailed analysis of the accuracy and potential
industrial applicability of each calculated physical property.
The Python-based open-source algorithms that we developed
have the potential to serve as clear and standardized guidelines
for the development of property models within the industrial
biotechnology community. Nevertheless, the accuracy, limi-
tations, and precautions for using the Python-based open-
source algorithms based on the Aspen PCES method were
discussed.

2. METHODS
2.1. Chemicals. Twenty amino acids (L-aspartic acid, L-

threonine, L-serine, L-glutamic acid, glycine, L-alanine, L-
cysteine, L-valine, L-methionine, L-isoleucine, L-leucine, L-
tyrosine, L-phenylalanine, L-lysine, L-histidine, L-arginine, L-
tryptophan, L-proline, L-asparagine, and L-glutamine), 6 organic
acids (citric acid, malic acid, succinic acid, lactic acid, formic
acid, and acetic acid), and 11 sugars (trehalose, arabinose,
galactose, glucose, mannose, xylose, fructose, sucrose, iso-
maltose, cellobiose, and maltose) were investigated. The
chemical formulas, chemical abstract service (CAS) numbers
of these chemicals, and simplified molecular input line-entry
specification (SMILES) strings are summarized in Table S1 in
the Supporting Information.

Figure 1. Algorithm for calculating the physical properties of mixtures. The pure component physical property calculation stage has been described
in our previous study.3
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2.2. Unit System. Aspen covers a wide range of property
models, and its built-in templates have different unit systems,
which can lead to confusion. Because industrial bioprocesses
are performed in aqueous solutions, a unit system of the Aspen
electrolyte template was used in this study. Summary of the
unit systems based on the property models and Aspen models
was summarized in our previous study.3

2.3. Algorithm. The algorithm developed in this study for
calculating the mixture properties uses the property values of
the pure components and NRTL parameters. The results of
our previous research on pure component property prediction3

and the NRTL model parameters based on the UNIFAC
model simulation results27 were used as inputs. As shown in
Figure 1, the molar volume, heat capacity, viscosity, and
thermal conductivity of the aqueous mixtures were calculated
by using various mixing rule models. The detailed models for
each property are described in Sections 2.3 to 2.6. The models
in this study do not provide mixture property predictions for
ionic species. The proposed algorithm is designed specifically
for molecular species.
2.4. Density Model. The molar density is the reciprocal of

the molar volume. Using the AspenTech software with the
electrolyte template, the molar volume of the solution can be
calculated using the following equation

V x V x Vsol s s e e= + (1)

where x and V denote the mole fraction and molar volume,
respectively. sol, s, and e denote the solution, solvent, and
electrolyte, respectively. Because, in this study, we assumed
that there were no electrolytes in the binary aqueous solutions,
the molar volume of the solvent, Vs, was considered to be the
same as the molar volume of the solution, Vsol.
The molar volume of solvent can be calculated by following

equation

V x V x Vs w w nws nws= + (2)

Table 1. Heat Exchanger Geometry and Process Conditions
Used in Commercial-Scale Falling Film Evaporators for L-
Valine Production

item case 1 case 2 case 3 case 4

tube length, L (mm) 10,260 10,260 8420 8420
effective tube length, Leff
(mm)

9918 9918 8139 8139

central baffle spacing, Lbc
(mm)

658 658 540 540

tube sheet thickness, Lts
(mm)

171 171 140 140

shell inside diameter, Ds
(mm)

1710 1710 1403 1403

shell outer tube limit, Dotl
(mm)

1689 1689 1384 1384

diametral bundle-shell
clearance, Δb (mm)

21 21 20 20

tube outside diameter, Do
(mm)

43 43 43 43

tube inside diameter, Di
(mm)

40 40 40 40

tube wall thickness, Ltw
(mm)

2 2 2 2

tube pitch, Pt (mm) 53 53 53 53
effective tube pitch, Pt,eff 53 53 53 53
tube layout characteristic
angle, θtp (deg)

30 30 30 30

number of tubes, Nt 861 861 580 580
heat transfer surface area, A
(m2)

1146 1146 633 633

tube-side flow rate (kg h−1) 195,000 190,000 115,000 150,000
tube-side temperature (K) 343 339 332 327
tube-side L-valine weight
fraction

0.081 0.0882 0.104 0.0915

shell-side flow rate (kg h−1) 7054 6783 6326 3245
shell-side temperature (K) 345 341 337 329
shell-side Reynolds number 172 157 204 93
overall heat transfer
coefficient, U
(W m−2 K−1)

1638 1471 1362 1422

Figure 2. Schematics of the heat exchanger geometry for the shell side (a) and the tube side (b).
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x xnws
m w

m=
(3)

where w and nws denote aqueous and nonwater solvent,
respectively. m indicates the molecular species. The term
“nonwater solvent” is used in AspenTech software and refers to
molecular species excluding water. The term “molecular
species” is used in AspenTech software and refers to
substances excluding ionic species. The molar volume of
pure water was obtained using the IAPWS-95 steam tables
provided by the International Association for the Properties of
Water and Steam.29 The modified Rackett model was used to
simulate the molar volume of nonwater solvent, Vnws.

30

V
RT Z

P

( ) T

nws
c,nws nws

RA 1 (1 )

c,nws

r,nws
2/7

=
+

(4)
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k
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c,m
1/3

c,n
1/3 3=

+ (6)

T

P
x

T

P
c,nws

c,nws m w
m

c,m

c,m
=

(7)

Z x Znws
RA

m w
m m

RA=
(8)

V x Vc,nws
m w

m c,m=
(9)

T T
Tr,nws

c,nws
=

(10)

where R, T, Tc, Pc, Vc, Tr, ZRA, and kV are the gas constant,
temperature, critical temperature, critical pressure, critical
volume, reduced temperature, Rackett parameter, and molar
volume mixing rule parameter, respectively. Both m and n
indicate the molecular species. Tc, Pc, Vc, and ZRA were
calculated using an algorithm described in a previous study.3 In
AspenTech software, user-defined kV values can be chosen.
However, if no specific values are chosen, then the default
values are set, as shown in eq 6. The default kV values were also
used in this study. Both kV,i,i and kV,j,j are zero.
2.5. Heat Capacity Model. The heat capacity at constant

pressure of an aqueous solution, Cp, sol, in cal mol−1 K−1 can be
calculated using eq 11, for infinitesimal changes of temper-
ature.

C
H

T
d

d
(for constant pressure)p,sol

sol=
(11)

In addition, using AspenTech software with the electrolyte
template, the molar enthalpy of the solution was calculated
using the following equation

H x H x H x H H
i

i i
E

sol w w
m w

m m= + + +
(12)

where H denotes the molar enthalpy. The subscripts m and i
denote the molecular species and the number of ionic species,
respectively. The superscripts ∞ and E denote the aqueous
infinite dilution property and excess property, respectively.

Because, in this study, we assume that there are no electrolytes
in the binary aqueous solutions, the third term in eq 12 is
negligible. The molar enthalpy of water Hw was obtained using
the IAPWS-95 steam tables.29 The molar enthalpy of the
molecular species Hm was calculated using an algorithm
developed in our previous study.3 The excess molar enthalpy
HE of the molecular species can be obtained using the
following equation31

H RT x
T

d ln

d
(for molecular species)E 2

m
m

m=
i
k
jjjjjj

y
{
zzzzzz (13)

where γ is the activity coefficient. d ln γm/dT was obtained by
numerical central differentiation with 1 × 10−3 dT. γ is
calculated using the NRTL activity coefficient model.32,33 The
NRTL model parameters were obtained using an algorithm
from our previous study,27 in which these parameters were
estimated from the results of the UNIFAC model.34

2.6. Viscosity Model. Using the AspenTech software with
the electrolyte template, the viscosity of the solution can be
calculated using the following equation

1sol s
ca

ca= +
i
k
jjjjjj

y
{
zzzzzz (14)

where η is viscosity. ca denotes the apparent electrolyte. Δηca is
a contribution to the viscosity correlation due to the apparent
electrolyte ca. Because we assume that there are no electrolytes
in the binary aqueous solutions in this study, the viscosity of
the solvent, ηs, can be considered the same as the viscosity of
the solution, ηsol. The solvent viscosity was calculated using the
following equation

x k x x l x xln ln ( )
i

m

j i

m

i j i j i j i js
m

m m
1 1

, , , ,
2 2= + +

= = +
(15)

k k
k

Ti j i j
i j

, , ,1, ,
,2, ,= +

(16)

l l
l

Ti j i j
i j

, , ,1, ,
,2, ,= +

(17)

where kη and lη are the viscosity mixing rule parameters. Both i
and j denote the molecular species. In this study, the values for
the viscosity mixing rule parameters kη,1,i,j, kη,2,i,j, lη,1,i,j, and lη,2,i,j
were set to zero, which is the default value in AspenTech
software. The viscosity of the molecular species, ηm, except for
that of water, was calculated using the algorithm from our
previous study.3 The viscosity of pure water, ηw, was calculated
using the Design Institute for Physical Properties (DIPPR)
equation 101, with the parameters implemented in the
AspenTech software database as follow

T
T

T

ln 45.93524472
3703.6

5.866ln

5.879 10

w

29 10

= + +

× (18)

This DIPPR equation 101 model for pure water viscosity is
the default option of the electrolyte template in AspenTech
software. The range of the temperature in eq 18 is from 273.16
to 646.15 K, which is also the range implemented in the
AspenTech software database. In eq 18, the units of ηw and T
are cP and K, respectively.

ACS Omega http://pubs.acs.org/journal/acsodf Article

https://doi.org/10.1021/acsomega.5c00424
ACS Omega 2025, 10, 16683−16694

16686

http://pubs.acs.org/journal/acsodf?ref=pdf
https://doi.org/10.1021/acsomega.5c00424?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


2.7. Thermal Conductivity Model. Using the AspenTech
software with the electrolyte template, the thermal conductivity
of the solution can be calculated using the following equation

T K a a
x
V

T
T

( 293 ) ( )

( )
( 293 K)

sol s
ca

c a
ca
app

sol

s

s

= = + +

=

i
k
jjjjjj

y
{
zzzzzz

(19)

where λ is the thermal conductivity. ac and aa are the Riedel
ionic coefficients of cation c and anion a, respectively. xcaapp is
the mole fraction of the apparent electrolyte ca. Because we
assume that there are no electrolytes in the binary aqueous
solutions in this study, the thermal conductivity of the solvent,
λs, can be considered to be the same as the thermal
conductivity of the solution, λsol. The thermal conductivity of
the solvent was calculated using the following equation

w( ) ( )k k
s

m
m m=

(20)

where w denotes the weight fraction. kλ is the thermal
conductivity mixing rule parameter. In this study, kλ was set to
−2, which is the default value in AspenTech software. The
thermal conductivity of the molecular species, λm, except for
that of water, was calculated using the algorithm from our
previous study.3 The thermal conductivity of pure water, λw, is
calculated using the DIPPR equation 100, with the parameters
implemented in the AspenTech software database as follows

T

T T

0.48765298680 0.00148670798

5.6345688 10 1.60017197 10
w

6 2 9 3

= +

× + ×
(21)

This DIPPR equation 100 model for pure water thermal
conductivity is the default option of the electrolyte template in
AspenTech software. The temperature range in eq 21 is from
0.01 to 360 °C, which is also the range implemented in the
AspenTech software database. In eq 21, the units of λw and T
are kcal m hr−1 m−2 °C −1 and °C, respectively.
2.8. Python-Based Algorithm Code. In this study, a

Python-based algorithm code was developed to calculate the
physical properties of the mixtures. The pure component
properties and NRTL activity coefficient parameters were
calculated and used based on an algorithm developed in our
previous study.3,27 All of the algorithms introduced in this
study were developed in Python, and the source codes are
provided in the Supporting Information.
2.9. Simulation of Heat Exchanger in Falling Film

Evaporator. Falling-film evaporators are commonly used in
amino acid production processes to remove water.35−37

Because the simulation of a heat exchanger in a falling-film
evaporator requires properties such as density, heat capacity,
viscosity, and thermal conductivity, it serves as an appropriate
example for the application of aqueous mixture property
models. The tube-side heat transfer coefficient ht is expressed
as follows38

h
C Re g

0.01t
p,t t t

t

1/3
t
3

t
2

f
2

1/3

=
i
k
jjjjj

y
{
zzzzz

i
k
jjjjjj

y
{
zzzzzz (22)

where ρ, Re, and g represent the density, Reynolds number,
and gravitational acceleration, respectively. The subscripts t

and f denote the tube side and film, respectively. The film
viscosity was calculated using the average viscosity of the tube-
side and wall temperatures. The wall temperature was
calculated as the average of the shell- and tube-side
temperatures.
Vapor condensation occurs on the shell side. The shell side

of the falling film evaporator is typically designed for a laminar
wavy regime (30 < Res ≤ 1600). The shell side heat transfer
coefficient hs for the laminar wavy regime is expressed as
follows39

h
Re

Re1.08 5.2

g

s

s
( )

1/3

s
1.22

s,l
3

s,l s,l s,v

s,l
2

=

i
k
jjj y

{
zzz

(23)

where the subscripts s, l, and v denote shell side, liquid, and
vapor.
The overall heat transfer coefficient, U, is calculated using

the following equations38,39

U
R R R

1

h h
D
D

1 1
tw F,s F,t

s t

o

i

=
+ + + + (24)

R
D D

D2
lntw

o

tw

o

i
=

i
k
jjjjj

y
{
zzzzz (25)

where Do and Di represent the diameters of the outer and inner
tubes, respectively. Rtw is the tube wall resistance. λtw is the
thermal conductivity of the tube wall, which is assumed to be
SUS316 and is set to 0.6490 W m−1 K−1. RF denotes the
fouling factor. Because the tube side undergoes frequent
cleaning-in-pipe operations, RF,t was assumed to be 0 m2 K
W1−. For the vapor and condensate flows on the shell side, RF,s
was assumed to be 0.0002 m2 K W1−. This value aligns with
the typical rule of thumb used by the CJ Cheil Jedang Co.
(South Korea).
Table 1 summarizes the process conditions and measured

values of the overall heat transfer coefficient for commercial-
scale L-valine production. Overall heat transfer coefficient was
obtained by dividing the measured vapor flow rate by both the
heat transfer surface area and the measured temperature
difference between shell and tube sides. Figure 2 illustrates the
geometric structures of the shell and tube sides. In this study,
the accuracy of physical property models and their impact on
heat exchanger simulations were analyzed by comparing the
actual measurements and simulation results.

3. RESULTS AND DISCUSSION
3.1. Density. The experimental values for 20 amino acids, 6

organic acids, and 11 sugars in aqueous solutions, totaling 2009
data points, were compared with the results obtained from the
Python-based algorithm, as presented in Table 2. The mean
absolute percentage error (MAPE), as shown in eq 26, is
applied to measure prediction accuracy.

n
M C

M
MAPE 100

1

i

n
i i

i1

=
= (26)

where M and C are measured and calculated values,
respectively, with the number of data points, n. MAPEs for
the density of amino acids, organic acids, and sugars in
aqueous solutions were 0.189, 5.43, and 5.05%, respectively.
Figure 3 shows that the accuracy for amino acids is high,
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whereas the errors observed for organic acids and sugars in
aqueous solutions are relatively large.
To analyze the sources of error, the correlation coefficient of

MAPE was calculated. The analysis revealed that the mass
fraction of the nonsolvent water exhibited a high correlation
coefficient of 0.820, and ZRA had the second highest correlation
coefficient of 0.365. The density model for the aqueous
mixtures follows the density of water at low concentrations.
Consequently, at higher concentrations, the model tends to
exhibit amplified errors, leading to increased discrepancies. In
practice, the organic acids and sugars, which had relatively
higher errors, were compared to experimental values within
higher concentration ranges, in contrast to the amino acids.
ZRA is a parameter of the Rackett model applied to the molar
volume model for the pure component. The parameter
estimated by Gunn and Yamada is based on experimental
data for 26 nonpolar substances,40 may introduce errors for the
substances used in this study. In particular, the densities of
formic acid and acetic acid exhibited a decreasing trend with
increasing concentration, which contrasts with the behavior

observed for other substances. This discrepancy arises because
the empirically applied ZRA values exhibited limited accuracy.
Unlike in eq 1, our previous study reported that by not

treating water as a separate solvent term, introducing a mixing
parameter between water and another substance, and fitting
the parameters to actual data, a good fit could be achieved.1

However, in the Aspen electrolyte template, the solubility of
water is fixed, which prevents the introduction of a mixing
parameter. In this case, to improve accuracy in Aspen, one
could either use a different template that does not fix the
density of water as a solvent, such as a chemical template, or
modify ZRA.
Although they require high computational performance and

user expertise, molecular dynamics simulations are a good
alternative for calculating the density of aqueous solutions. In
molecular dynamics simulations of aqueous solutions of 20
amino acids using the GROMOS, OPLS-AA, and CHARMM
force fields, the percentage absolute residuals were reported to
be within 0.5%.41 In the simulations of the densities of high-
concentration (10 to 50 wt %) aqueous sucrose solutions using
the OPLS-AA force field, the percentage of absolute residuals
was reported to be within 3%.42

3.2. Heat Capacity. The experimental values for 20 amino
acids, 6 organic acids, and 11 sugars in aqueous solutions,
totaling 1311 data points, were compared with the results
obtained from the Python-based algorithm, as presented in
Table 3. MAPEs for the heat capacity for amino acids, organic
acids, and sugars in aqueous solutions were 0.157, 0.544, and
1.81%, respectively. As shown in Figure 4, the overall accuracy
was high, with an average absolute residual percentage of
approximately 0.355%.
The cases in which crossovers occurred within the

temperature range of the heat capacity measurements, such
as those of lysine and threonine, were difficult to model using
the proposed algorithm, as shown in Figure 5. The activity
coefficient influences the rate of change in the heat capacity
with respect to the model fraction of amino acids in aqueous
solutions. Previous research has confirmed that the NRTL
model accurately represents this gradient.2 Similarly, this study

Table 2. MAPE Results of the Density of Amino Acids,
Organic Acids, and Sugars in Aqueous Solutions

chemical
data
points

MAPE
(%)

temperature
range (°C)

solute mass
fraction range

L-aspartic acid 39 0.0604 15−55 0.255−0.496
L-threonine 52 0.259 15−55 0.104−1.97
L-serine 54 0.330 15−55 0.203−3.17
L-glutamic acid 40 0.143 15−55 0.488−0.894
glycine 49 0.344 15−55 0.0840−3.38
L-alanine 43 0.106 15−55 0.207−2.43
L-cysteine 5 1.10 25 6.84−14.6
L-valine 65 0.0349 15−55 0.220−3.85
L-methionine 48 0.420 20−45 0.372−2.90
L-isoleucine 45 0.111 15−55 0.471−3.14
L-leucine 28 0.100 15−55 0.273−2.230
L-tyrosine 120 0.00802 15−55 0.0264−0.0445
L-phenylalanine 53 0.184 15−55 0.525−2.16
L-lysine 10 1.17 20−40 5.00−10.0
L-histidine 40 0.398 15−55 0.327−3.75
L-arginine 27 0.536 15−55 0.513−4.80
L-tryptophan 71 0.132 15−55 0.165−0.906
L-proline 53 0.0177 15−55 0.0600−7.44
L-asparagine 47 0.163 15−55 0.181−2.25
L-glutamine 41 0.200 15−55 0.0815−1.98
citric acid 36 19.8 25−40 0.0643−0.450
malic acid 19 5.29 10−60 0.00200−0.442
succinic acid 16 1.11 25 0.00717−0.0680
lactic acid 24 7.51 20−80 0.0916−0.455
formic acid 130 6.43 15−55 0.00179−0.479
acetic acid 225 2.65 5−85 0.00127−0.497
trehalose 6 0.603 25 0.0350−0.0735
arabinose 6 1.50 25 0.00752−0.0433
galactose 6 1.83 25 0.00889−0.0512
glucose 117 7.61 15−40 0.000449−0.423
mannose 90 6.24 15−25 0.000435−0.256
xylose 5 1.75 25 0.0148−0.0433
fructose 117 10.1 15−40 0.000470−0.423
sucrose 73 4.98 15−55 0.0168−0.461
isomaltose 132 0.792 5−95 0.0102−0.158
cellobiose 77 0.541 5−95 0.0109−0.0955
maltose 132 0.792 5−95 0.0102−0.158

Figure 3. Density of amino acids, organic acids, and sugars in aqueous
solutions with experimental and calculated results.
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achieved high accuracy using the NRTL model; however,
modeling the phenomenon of crossover in the considered
temperature range for some amino acids remains challenging.
In cases requiring a highly accurate property design, the
regression of NRTL parameters based on experimental data is
necessary.
3.3. Viscosity. The experimental values for 20 amino acids,

6 organic acids, and 11 sugars in aqueous solutions, totaling
1247 data points, were compared with the results obtained
from the Python-based algorithm, as presented in Table 4.
MAPEs for the viscosities of the amino acids, organic acids,
and sugars in aqueous solutions were 5.81, 30.0, and 61.8%,
respectively. Figure 6 indicates that the accuracy of the
viscosity predictions is generally not high.
As shown in Figure 6, the calculated values were generally

lower than the measured values. This indicates that the rate of
change in the calculated values with respect to the mass
fraction was consistently lower than that in the measured
values. In this study, the Letsou−Stiel model was applied to
obtain the viscosity of the pure components.43 Because the
Letsou−Stiel model was developed based on hydrocarbons

that exhibit lower interactions than other substances, it is
expected that the model does not adequately account for the
characteristics of bioderived substances with strong inter-
actions. To address these discrepancies, a mixing rule
parameter should be introduced in the model. Currently, the
value of this term is set to the default value of zero in the
Aspen electrolyte template. However, it is necessary to
introduce substance-specific values based on experimental
data to improve the accuracy of predictions.
The simulation of the viscosity of aqueous solutions remains

challenging even with sophisticated molecular dynamics
simulations. In the viscosity simulation of aqueous solutions
of glycine, valine, phenylalanine, and asparagine using the
OPLS-AA, GROMOS, Amber, and CHARMM force fields, the
absolute percentage error residuals were reported to be as high
as 80%.44 In the simulations of aqueous sucrose solutions using
the OPLS-AA force field, the absolute percentage error
residuals were reported to be within 40%.42 Nevertheless,
these results are more accurate compared with those obtained
using the Aspen PCES method.
3.4. Thermal Conductivity. The experimental values for

20 amino acids, totaling 169 data points, were compared with
the results obtained by using the Python-based algorithm, as
presented in Table 5. The thermal conductivity data for the
organic acid and sugar aqueous solutions were not obtained.
MAPE for the thermal conductivity of the amino acids in
aqueous solutions was 22.1%. Figure 7 suggests that the
accuracy of the thermal conductivity predictions for the amino
acid solutions is low. The correlation coefficient of MAPE was
calculated. The analysis revealed that the mass fraction of
nonsolvent water exhibited a high correlation coefficient of
0.789. The results of the thermal conductivity model for
aqueous mixtures followed the thermal conductivity of water at
low concentrations. At higher concentrations, the model tends
to exhibit amplified errors, leading to increased discrepancies.
In eq 20, the mixing rule parameter kλ is fixed at −2, which

restricts the ability to apply substance-specific values to
AspenTech software. This algorithm follows the Aspen
electrolyte template to establish a basis for predicting the

Table 3. MAPE Results of the Heat Capacity of Amino
Acids, Organic Acids, and Sugars in Aqueous Solutions

chemical
data
points

MAPE
(%)

temperature
range (°C)

solute mass fraction
range

L-aspartic acid 39 0.0813 15−55 0.00255−0.00496
L-threonine 50 0.0804 15−55 0.00104−0.0197
L-serine 45 0.406 15−55 0.00203−0.0317
L-glutamic acid 40 0.0852 15−55 0.00488−0.00894
glycine 45 0.682 15−55 0.000840−0.0338
L-alanine 42 0.169 15−55 0.00207−0.0243
L-cysteine 20 0.137 5−75 0.0120−0.0571
L-valine 64 0.172 15−55 0.00220−0.0385
L-methionine 75 0.0446 15−55 0.00644−0.0152
L-isoleucine 44 0.343 15−55 0.00471−0.0314
L-leucine 28 0.281 15−55 0.00273−0.0223
L-tyrosine 97 0.0180 15−25 0.000264−0.000445
L-phenylalanine 53 0.138 15−55 0.00525−0.0216
L-lysine 40 0.442 15−55 0.00562−0.0286
L-histidine 39 0.102 15−55 0.00327−0.0375
L-arginine 28 0.0622 15−55 0.00513−0.0921
L-tryptophan 71 0.0178 15−55 0.00165−0.00906
L-proline 100 0.113 15−55 0.000600−0.0744
L-asparagine 39 0.241 15−55 0.00181−0.0196
L-glutamine 39 0.178 15−55 0.000815−0.0198
citric acid 5 2.07 0 0.0201−0.103
malic acid 5 3.60 0 0.0202−0.104
succinic acid 15 0.813 30−100 0.0280−0.0426
lactic acid 1 5.25 25 1.00
formic acid 44 0.644 0−100 0.0221−0.116
acetic acid 186 0.350 0−100 0.00193−0.153
trehalose 5 0.255 25 0.0200−0.100
arabinose 10 0.380 30 0.0291−0.139
galactose 7 2.08 30 0.0591−0.165
glucose 22 1.51 25 0.0348−0.260
mannose 7 2.02 30 0.0594−0.171
xylose 10 0.583 30 0.0298−0.142
fructose 12 1.67 30 0.0365−0.165
sucrose 12 5.61 10−60 0.105−0.398
isomaltose 7 0.917 30 0.0781−0.156
cellobiose 5 0.277 25 0.0200−0.100
maltose 7 0.917 30 0.0781−0.156

Figure 4. Heat capacity of amino acids, organic acids, and sugars in
aqueous solutions with experimental and calculated results.
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initial properties of the mixed solutions. However, to obtain
accurate values rather than merely initial estimates, it is
imperative to introduce substance-specific mixing rule
parameters derived from experimental data. This approach
was successfully implemented in our previous research, where
we confirmed that MAPE could be enhanced to within 2%.1

3.5. Effect of Mass Fraction and Temperature on
Error. The correlation coefficients between the solute mass
fraction and MAPE for the density, heat capacity, viscosity, and
thermal conductivity data were 0.672, 0.618, 0.799, and 0.623,
respectively. Because an accurate model was applied to predict
pure water properties, it is expected that a high accuracy is
observed at low solute mass fractions. However, as the solute
mass fraction increases, the impact of the inaccurately
predicted pure properties of the solute becomes more
significant. As a result, the MAPEs increase with increasing
the solute mass fraction. The correlation coefficients between
the temperature and MAPE for the density, heat capacity,
viscosity, and thermal conductivity data were 0.0105,

Figure 5. Heat capacities of L-lysine (a) and L-threonine (b) in aqueous solutions with experimental and calculated results.

Table 4. MAPE Results of the Viscosity of Amino Acids,
Organic Acids, and Sugars in Aqueous Solutions

chemical
data
points

MAPE
(%)

temperature
range (°C)

solute mass fraction
range

L-aspartic acid 24 2.10 15−45 0.000688−0.00200
L-threonine 8 8.02 25 0.00979−0.0733
L-serine 27 2.67 5−35 0.00307−0.0300
L-glutamic acid 24 2.03 15−45 0.00162−0.0044
glycine 40 4.74 15−45 0.000905−0.0580
L-alanine 40 9.05 15−45 0.000836−0.0664
L-cysteine 25 40.9 30−50 0.0475−0.276
L-valine 36 10.6 15−45 0.000650−0.0449
L-methionine 48 1.86 20−45 0.00372−0.0290
L-isoleucine 42 7.43 20−45 0.000−0.0193
L-leucine 7 0.994 25 0.00257−0.0106
L-tyrosine 20 0.9435 25−40 0.00181−0.00906
L-phenylalanine 18 1.65 25−40 0.00329−0.0194
L-lysine 30 3.20 30−50 0.00420−0.0209
L-histidine 20 0.988 25−40 0.00309−0.0153
L-arginine 13 14.5 25 0.000−0.123
L-tryptophan 48 3.83 25−50 0.000−0.00756
L-proline 10 50.2 25 0.000−0.353
L-asparagine 5 0.407 25 0.00264−0.0130
L-glutamine 4 0.345 25 0.00291−0.0116
citric acid 28 27.5 20−50 0.0300−0.210
malic acid 2 40.8 20 0.000−0.500
succinic acid 14 3.15 35 0.000681−0.0554
lactic acid 42 61.9 25−80 0.0916−0.853
formic acid 153 27.4 15−55 0.00230−1.00
acetic acid 169 27.8 15−55 0.000700−0.691
trehalose 21 1.39 20−34 0.000−0.450
arabinose 15 20.5 35−50 0.0292−0.131
galactose 6 61.8 25 0.0336−0.151
glucose 79 51.8 0−85 0.100−0.600
mannose 20 37.7 15−45 0.0801−0.410
xylose 6 18.3 25 0.0282−0.132
fructose 112 52.1 0−85 0.000−0.600
sucrose 112 46.6 0−85 0.000−0.600
isomaltose 15 32.9 35−50 0.0641−0.255
cellobiose 20 51.9 15−45 0.139−0.529
maltose 15 32.9 35−50 0.0641−0.255

Figure 6. Viscosity of amino acids, organic acids, and sugars in
aqueous solutions with experimental and calculated results.
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0.00000553, 0.00900, and 0.0653, respectively. This indicates
that the temperature did not affect the accuracy of the model.
3.6. Overall Heat Transfer Coefficient Simulation. In

the simulation of the overall heat transfer coefficient, the
reference values for density, heat capacity, viscosity, and
thermal conductivity were calculated using a practical mixing
rule model from a previous study.1 This model demonstrated
high accuracy because its mixing rule parameters were
estimated based on actual experimental data. For aqueous L-
valine solutions, MAPEs of the practical mixing rule model for
the density, heat capacity, viscosity, and thermal conductivity
were 0.0155, 0.0240, 0.880, and 0.722%, respectively. In
contrast, the Python-based model used in this study did not
use the mixing rule parameters, and MAPEs for the density,

heat capacity, viscosity, and thermal conductivity were 0.0349,
0.172, 10.6, and 16.3%, respectively.
Table 6 compares the results for the density, heat capacity,

viscosity, and thermal conductivity of the four commercial-
scale falling-film evaporators. The density and heat capacity
values obtained from the Python-based model were similar to
those obtained from the practical mixing rule model. However,
the viscosity and thermal conductivity results of the Python-

Table 5. MAPE Results for the Viscosity of Amino Acids in
Aqueous Solutions

chemical
data
points

MAPE
(%)

temperature
range (°C)

solute mass fraction
range

L-aspartic acid 5 6.39 30 0.000950−0.00364
L-threonine 17 13.1 25−60 0.0196−0.0782
L-serine 5 3.88 30 0.00930−0.0347
L-glutamic acid 4 0.252 30 0.00184−0.00405
glycine 5 20.3 30 0.440−0.175
L-alanine 5 20.0 30 0.0333−0.126
L-cysteine 4 2.87 30 0.00183−0.00744
L-valine 12 16.3 30−60 0.0125−0.0500
L-methionine 12 21.9 25−60 0.0130−0.0686
L-isoleucine 16 4.32 25−60 0.00445−0.0181
L-leucine 9 9.77 25−60 0.00645−0.0224
L-tyrosine 5 2.50 30 0.000100−0.000350
L-phenylalanine 5 1.70 30 0.00189−0.00717
L-lysine 12 9.77 25−60 0.00645−0.0224
L-histidine 5 11.2 30 0.0101−0.0400
L-arginine 9 21.3 25−60 0.0608−0.173
L-tryptophan 16 4.64 25−60 0.00276−0.0110
L-proline 9 1.41 30−60 0.00286−0.00822
L-asparagine 5 1.16 30 0.00492−0.0300
L-glutamine 9 14.1 25−60 0.0142−0.0675

Figure 7. Experimental and calculated results of the thermal
conductivity of amino acids in aqueous solutions.

Table 6. Simulation Results of Density, Heat Capacity,
Viscosity, and Thermal Conductivity in a Commercial-Scale
Falling Film Evaporator for L-Valine Production

model property case 1 case 2 case 3 case 4

practical mixing
rule model
(reference)

density
(kg m−3)

994 998 1005 1005

heat capacity
(kJ kg−1 K−1)

4.10 4.09 4.06 4.07

tube-side
viscosity (cP)

0.551 0.598 0.700 0.727

film viscosity
(cP)

0.546 0.592 0.687 0.719

thermal
conductivity
(W m−1 K−1)

0.599 0.591 0.575 0.579

Python-based
model (this
study)

density
(kg m−3)

997 1001 1009 1009

heat capacity
(kJ kg−1 K−1)

4.04 4.02 3.98 4.00

tube-side
viscosity (cP)

0.415 0.441 0.492 0.533

film viscosity
(cP)

0.412 0.437 0.482 0.527

thermal
conductivity
(W m−1 K−1)

0.405 0.395 0.377 0.393

Figure 8. Measured and calculated overall heat transfer coefficients
for the commercial-scale falling film evaporator used for L-valine
production. The black circles represent the results of the practical
mixing rule model (reference). The red crosses, blue triangles, green
squares, and orange diamond symbols represent the results of
replacing the values of the density, heat capacity, viscosity, and
thermal conductivity with the values obtained from the Python-based
model (this study), respectively.
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based model were lower than those of the practical mixing rule
model.
Figure 8 presents a comparison of the measured and

calculated overall heat transfer coefficients. In the simulations,
replacing the reference conditions, where the practical mixing
rule parameters were applied, for the density or heat capacity
with values obtained from the Python-based model did not
result in any significant differences. MAPE for the overall heat
transfer coefficient was 3.63% under the reference conditions.
When the density and heat capacity simulations were replaced
with values obtained from the Python-based model, MAPEs
were 3.67 and 3.62%, respectively.
In contrast, replacing the viscosity value with that obtained

from the Python-based model significantly increased the
overall heat transfer coefficient, with the MAPE increasing to
9.27%. Similarly, replacing the thermal conductivity value with
that obtained from the Python-based model caused a
significant decrease in the overall heat transfer coefficient,
resulting in a MAPE of 9.35%.
In summary, inaccurate physical property predictions can

lead to significant changes in the heat exchanger calculations. If
the overall heat transfer coefficient is overestimated in the
simulations, it may result in an excessive initial investment
costs. Conversely, underestimating the overall heat transfer
coefficient may result in a unit process capacity that falls short
of the design target. Therefore, it is recommended to consider
the mixing rule parameters based on actual experimental data
for estimating the solution properties during the process design
phase of a commercial plant.

4. CONCLUSIONS
In this study, we developed a Python-based open-source
algorithm that is compatible with the physical properties of
aqueous mixtures provided in the electrolyte templates of
AspenTech software. To verify the accuracy of the model, the
results calculated using the proposed Python-based algorithm
were compared with the experimental values of the properties
of 37 binary aqueous mixture systems, including the density,
heat capacity, viscosity, and thermal conductivity. MAPE for
the density was 2.88%. However, the density of formic acid and
acetic acid decreased as the concentration increased, which
contrasted with the pattern observed for the other substances.
MAPE for heat capacity was 0.355%. However, the model does
not have the level of precision required to predict the
temperature crossover point of the heat capacity of certain
substances accurately. MAPE for viscosity was 12.1%. As the
concentration of the aqueous solution increased, the calculated
viscosities tended to be lower than the experimental values.
Similarly, the MAPE for the thermal conductivity was 10.1%,
and the calculated values tended to be lower than the
experimental measurements as the concentration of the amino
acid solutions increased.
The results of this study showed that parameter estimation

using the Aspen PCES method, which is widely used in process
simulations and serves as the basis for TEA (Technoeconomic
Analysis) and LCA (Life Cycle Assessment), can lead to
significant errors in the simulation of mixture properties. If
experimental data are available, methods that use parameter
regression can provide the most accurate results. Even in the
absence of experimental data, molecular dynamics simulations
can yield more accurate predictions of the density and viscosity
of aqueous solutions. Nevertheless, this algorithm provides
acceptable property values for substances that are not included

in existing databases without the use of any commercial
packages. In addition, this open-source software is fully
compatible with the AspenTech software.
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