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Abstract: The prediction of phase equilibria for hydrocarbon/water blends in separators, is a subject
of considerable importance for chemical processes. Despite its relevance, there are still pending
questions. Among them, is the prediction of the correct number of phases. While a stability analysis
using the Gibbs Free Energy of mixing and the NRTL model, provide a good understanding with
calculation issues, when using HYSYS V9 and Aspen Plus V9 software, this shows that significant
phase equilibrium uncertainties still exist. To clarify these matters, n-octane and water blends, are
good surrogates of naphtha/water mixtures. Runs were developed in a CREC vapor–liquid (VL_Cell
operated with octane–water mixtures under dynamic conditions and used to establish the two-phase
(liquid–vapor) and three phase (liquid–liquid–vapor) domains. Results obtained demonstrate that
the two phase region (full solubility in the liquid phase) of n-octane in water at 100 ◦C is in the
10−4 mol fraction range, and it is larger than the 10−5 mol fraction predicted by Aspen Plus and
the 10−7 mol fraction reported in the technical literature. Furthermore, and to provide an effective
and accurate method for predicting the number of phases, a machine learning (ML) technique was
implemented and successfully demonstrated, in the present study.

Keywords: water; n-octane; vapor–liquid–liquid equilibrium; number of phases; phase stability;
machine learning

1. Introduction

Simulation software can be typically used in the oil and gas industry to provide a quick
process analysis and to facilitate engineering decisions. De Tommaso et al. [1] highlighted
the importance of process simulators to build digital twins, facilitating the implementation
of industry 4.0 guidelines. Usually, simulation software are used to establish the project
economics, through the optimization of each process step involved [2]. For instance, to
optimize the production from oil and gas fields, it is essential to have extensive knowledge
of the volumetric and phase changes taking place, from the petroleum reservoir to the
oil refinery [3]. When bitumen is extracted from oil sand and a naphthenic process is
employed for froth treatment, the Naphtha Recovery Unit (NRU) is employed to recover
naphtha from the tailings, for reuse in the process and to reduce the environmental impact
of the process. This is an energy-intensive step, with environmental guidelines for naphtha
recovery are required to be met [4]. Therefore, the thermodynamics for highly diluted
hydrocarbon in water systems is of particular interest. While HYSYS V9 and Aspen Plus V9
software may be used with this objective in mind, the results regarding hydrocarbon/water
mixtures from these simulations are not always reliable.

Hydrocarbons are separated from wastewaters before their disposal, usually by using
vapor–liquid equilibrium operations. In this sense, the knowledge of the thermodynamic
behavior of hydrocarbon/water systems is of importance. It is well established that the
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miscibility between water and hydrocarbons is limited. However, and while hydrocarbon
solubility in the aqueous phase is small, it can still be an issue vis-à-vis environmental
regulations and process footprint [3].

Liquids exhibit partial miscibility only when their interactions at the molecular scale
display strong positive deviations from ideality. In the case of hydrocarbon/water mixtures,
these interactions do not yield full liquid–liquid miscibility [5]. However, some partially
miscible systems may become fully miscible at higher temperatures, with the effect of total
pressure increase being negligible [5].

Water and hydrocarbons do not intermix well. Water tends to segregate from hydro-
carbons as a result of the strong polar forces acting between molecules [3]. As expressed
by Carlson (1996) [6], most equilibria calculations assume two phases only: vapor–liquid
equilibrium (VL). However, in hydrocarbon/water blends, three vapor–liquid–liquid (VLL)
phases may also contribute, with this behavior being a function of the separator operating
conditions. In this respect, the accurate establishment of the number of phases (two or
three phases) is critical for phase equilibrium calculations.

The selection of the proper thermodynamic method to represent hydrocarbon/water
mixtures is of major importance. To accomplish this, available decision trees were described
by others [1,6]. For non-ideal mixtures, however, as is the case of n-octane/water systems,
the NRTL model can be used.

Jia et al. (2018) [7] investigated the separation of the n-propanol/water azeotrope,
using Aspen Plus, with different thermodynamic models. According to their experimental
data, n-propanol/water systems form a homogeneous azeotrope, but Aspen Plus simula-
tions mispredicted it by calculating two liquid phases [7]. On the other hand, de Tommaso
et al. (2020) [1] calculated the absence of an azeotrope for the water and acetic acid blends,
using available binary parameters from the PRO/II database and the UNIQUAC model.

Moreover, Marcilla et al. (2017) [8] analyzed 25 papers with 70 cases considered
for the liquid–liquid equilibrium (LLE) of ternary systems using a Non-Random Two-
Liquid Model (NRTL) model. In the reported cases, 60% of the cases considered displayed
phase inconsistencies in 52% of the papers reviewed. Regarding the number of phases
discrepancies reported, they were assigned to (i) parameters representing partial miscibility
in systems that are totally miscible; (ii) tie-line inconsistencies that do not satisfy the
phase equilibrium criterion, showing meta-stable solutions and non-compliance with the
iso-activity condition; and (iii) the use of mass fractions instead of molar fractions for
model definition.

In Marcilla et al.’s study [8], 12 examples using Aspen Plus for the LLE data regression
were described. Three of them reported inconsistencies, with the cause being assigned
to the calculation algorithm. In this regard, as Marcilla et al. [8] stated, the use of unreli-
able parameters can create severe uncertainty, when used in chemical process simulation
software. Furthermore, given this situation, Marcilla et al. [8] recommended the use of
the minimization of the Gibbs energy of mixing function (∆Gmix/RT), as an additional
condition to ensure the phase equilibrium prediction consistency.

Machine learning (ML) techniques have been used in chemical engineering for more
than 35 years, helping to solve problems that require pattern recognition, and reasoning
and decision making under complex conditions [9]. In the case of flash calculations, the
phase stability test and phase splitting calculations have also been studied. From an
experimental point of view, phase thermodynamic equilibrium is usually measured in
experimental setups that provide a limited number of data points in manageable times.
Phase equilibrium measurements for dilute hydrocarbon/water systems were made in
a specially designed CREC-VL Cell were reported [10,11]. Unlike earlier experimental
techniques, the implemented CREC VL Cell is operated in the dynamic mode with a
temperature ramp [10,11], recording up to 10 points per second of Pmix values. This can be
considered as “big data” in the context of these experiments. Big data in ML is characterized
by data volume (size or scale), variety (multitype), velocity (batch or streaming), and
veracity (uncertainty, quality, and accuracy) [12–14]. ML is about modeling data [15] and
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combines statistics, optimization and computer science [16]. ML gives computers the ability
to learn without being explicitly programmed [17].

Schmitz et al. [18] proposed a classification methodology to solve the phase stability
test, by determining the number and nature of the phases present in the ethanol/ethyl
acetate/ water system, which show an heterogeneous azeotrope. They used Feedforward
Neural Networks (FNN) and Probabilistic Neural Networks (PNN) trained with the data
obtained from the NRTL model with literature parameters. Their model was able to
correctly predict the type of equilibrium for more than 99.9% of the cases.

Poort et al. [19] studied water/methanol mixtures, using classification neural networks
for the phase stability and regression networks to calculate thermodynamic properties.
The data for training was generated for 101 feed composition, 500 temperatures (273–700
K), and 500 pressures (1 × 104–3 × 107 Pa). Overall, phase classification showed accuracy
scores that were quite high (around 97%), although classification accuracy of the two-phase
region was considerably lower than that of the pure liquid and vapor phase regions. Many
property predictions showed good accuracy (R2 > 0.95).

Kashinath et al. [20] studied the isothermal phase equilibria at 260 K and 370 K using
a compositional model (3, 6, and 13 components). Data for reservoir conditions was
generated by a phase diagram using isothermal negative flash calculations. The authors
used relevance vector machines (RVMs) for a classification problem in order to solve
the phase stability. Following this, they solved the phase split by using artificial neural
networks (ANN), which predicted equilibrium K-values.

Given the above, the objectives of this work are as follows: (i) to establish the problems
faced with estimating the number of phases in highly diluted octane/water mixtures when
using HYSYS V9 and Aspen Plus V9, and (ii) to develop a methodology to predict the
correct number of phases, using experimental data obtained in a new CREC VL Cell [10,11].

2. Approach Adopted in the Present Study

A comparison between different thermodynamic models, using HYSYS V9 or Aspen
Plus V9, was first attempted through the simulation of a flash unit. Discrepancies in
simulation results were noticed depending on the software used. Then the NRTL activity
coefficient model was selected and implemented in Python, with the Gibbs energy of
mixing function (∆Gmix/RT) being used to explain the discrepancies between HYSYS
V9 and Aspen Plus V9 parameters. As well, experimental data from a CREC VL Cell
and a t-test data analysis were considered to establish the 2 phase (VL equilibrium) and
the 3 phase (VLL equilibrium) domains. Furthermore, machine learning methods were
implemented in order to obtain an accurate classification of the phase domains, in the
80–110 ◦C range. Accurate classification in this range is of great importance, as it is within
the NRU operation conditions.

3. Specific Strategy

An octane/water mixture can be considered as a good surrogate for naphtha/water
blends. As shown in Table 1, n-Octane has properties similar to those of naphtha, which is
one of the primary solvents used in bitumen processing.

Table 1. Properties for n-Octane and Naphtha.

n-Octane Naphtha [21]

Carbon number 8 6–13
Molecular weight (g/gmole) 114.23 145

Boiling point (◦C) 125.6 65–230
Density (kg/m3) 703 781

HYSYS V9 and Aspen Plus V9 software contain VL and VLL equilibrium modules,
which were used as a starting point for the evaluation of conventional thermodynamic
models, in the present work. Water/n-octane systems have been experimentally studied
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in previous works [10,11]. Furthermore, and regarding n-octane–water blends, there is
already a significant body of data in the technical literature, as shown in Table 2.

Table 2. Results in the Technical Literature Related to Experiments with Water/n-Octane Mixtures.

Conditions Ref.

Temperature: 5–25 ◦C Mutual solubilities. [22]

Temperature: 0–430 ◦C Mutual solubilities.
Liquid–liquid equilibrium. [23]

Temperature: 5–75 ◦C Vapor–liquid equilibrium [24]
Temperature: 0–568 ◦C Vapor–liquid equilibrium [25]

Temperature: 25 ◦C Mutual solubilities [26]
Temperature: 0–25 ◦C Mutual solubilities [27]

Temperature: 357–387 ◦C
Pressure: 19–23 MPa

Liquid–liquid–vapor
equilibrium [28]

3.1. Materials

Distilled water was used in all experimental studies. n-Octane was obtained from
Sigma-Aldrich. It has 99.0% purity and 0% water content. The molecular weight of n-octane
is 114.23 g/mol, and the molecular weight of water is 18.02 g/mol.

3.2. CREC Vapor Liquid Equilibrium Cell

The Chemical Reactor Engineering Center (CREC) recently developed a CREC VL
Cell which allows the measurements of VLL equilibrium (Figure 1) using a “dynamic
method”, with the temperature of the cell increasing progressively, using thermal ramp of
1.22 ◦C/min. As a result, every run provides a large amount of vapor–liquid equilibrium
data (10 Hz), with the vapor pressure data being recorded at various temperatures, every
0.01 s. Additional explanations about the cell operation are reported in [10,11]. Data
obtained from this dynamic method has been validated with static measurements [10,11].
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Figure 1. Chemical Reactors Engineering Center (CREC) vapor–liquid (VL) Cell: (1) Stirring head,
(2) Isolation shells, (3) Stirring hot plate, (4) Aluminum vessel, (5) VL Cell, (6) Thermofield, (7) Oc-
tane/water blend.

The VL Cell uses a marine type of impeller (propeller). The unit propeller helps to
ensure the homogeneous mixing of the phases, providing a good heat distribution inside
the CREC VL Cell. This special cell design proposed by the CREC team allows one to
analyze a process sample directly, avoiding losses of light volatile components due to
sample transfers.
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Two thermocouples are strategically located inside the CREC VL Cell which allows
measurement of both the gas and liquid phase temperatures inside the cell. These two
thermocouples are connected to a temperature data acquisition box. This data acquisition
box is interfaced with a USB desktop computer port. As a result, experimental data can be
stored and displayed on a PC, using an Omega Temperature data acquisition software.

In addition to these features, the CREC VL Cell includes a pressure transducer which
is logged into a desktop USB port. Thus, one can observe and register the changes of
pressure using the installed Omega software. Hence, one should note that the instrumentation
implemented into the CREC VL Cell provides accurate temperature and pressure data [10,11].
As well, the automatization of the current CREC VL Cell allows, as stated above, the
gathering of large amounts of vapor pressure data per experiment, that are very valuable
for VLL equilibrium simulations and modeling. Additional information regarding CREC
VL Cell is provided in Appendix A.3.

4. Mathematical Formulation
4.1. Vapor–Liquid–Liquid Equilibrium Using NRTL Model

Given the issues reported in the previous sections, a NRTL activity coefficient model [29]
for VLL calculations, was implemented in the present study using Python. For low pres-
sures (close to 1 atm), as used in the NRU, an activity coefficient model was applied.

The proposed activity coefficient model involves correction factors for the chemical
potential and the fugacity, accounting as well for non-ideal interactions between chemical
species [5]. The activity coefficient models can be defined in terms of the excess Gibbs free
energy (Equation (1)), with excess variables representing deviations from the ideal behavior.

ln γi =
Gi

E

RT
(1)

The NRTL model is based on local composition theories and can be implemented
using Equation (2) to Equation (4), with gij representing the interaction energy and α
being set at 0.2–0.3 as recommended and accounting for local composition variations [5,29]
as follows:

GE

RT
= ∑

i
xi

∑j τjiGjixj

∑j Gjixj
(2)

τij =
gij − gjj

RT
, τii = 0, Gij = exp

(
−ατij

)
(3)

ln γi =
∑j τjiGjixj

∑j Gjixj
+ ∑

j

xjGij

∑k xkGkj

(
τij −

∑k xkτkjGkj

∑k xkGkj

)
(4)

NRTL model parameters were obtained from Aspen Plus V9 software and from Klauck
(2006) [30].

One should note as well that, the procedure for the calculation of VLL equilibrium,
at isothermal and isobaric conditions, considers the coexistence of three VLL phases, as
described in Figure 2 and Equations (5) and (6).

PTPR = ∑ Pi = xI
1γI

1Psat
v, 1 + xI I

2 γI I
2 Psat

v, 2 (5)

y1,TPR =
xI

1γI
1Psat

v, 1

PTPR
(6)

with Psat
v, i representing the vapor pressure of the i component (1 for water and 2 for n-

octane), γI
i representing the activity coefficient for phase I, and γI I

i representing the activity
coefficient for phase II.
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Regarding the cases with two liquid phases being present, as in water and hydrocar-
bons, the chemical species involved included partially miscible phases. As well, given that
both liquid–liquid phases contribute to vapor pressure, they form a three-phase system:
two liquid phases and a single vapor phase (VLL) [5]. This “Three Phase Region Domain or
(TPR)” can be represented using TTPR and PTPR, with all three phases (vapor–liquid–liquid)
containing the various chemical species [31].

Figure 2 reports the calculation procedure for the TPR conditions, in the case of
Pxy (fixed T) and Txy (fixed P) calculations. One can notice in Figure 2a that when the
temperature is fixed, the establishment of a Pxy involves a direct calculation. However, in
the case of calculating Txy at a set pressure (Figure 2b), the process of calculation becomes
iterative, and one has to use a Newton–Raphson or a successive iteration algorithm with
set objective functions.

Regarding the objective functions to be considered, these functions involve the mutual
solubilities of the phases. This condition is set given the need complying with the equality
of the liquid fugacities of both phases at equilibrium, and the calculation of the Three Phase
Region (TPR) pressure as follows:

Fobj 1, i =

√(
xI

i γI
i − xI I

i γI I
i
)2 (7)

Fobj 2 =

√(
P −

(
xI

1γI
1Psat

v, 1 + xI I
2 γI I

2 Psat
v, 2 + Pair

))2
(8)

Thus, to obtain Txy or Pxy equilibrium values, the mutual solubilities at VLL equi-
librium can be calculated by solving Equation (7), using the fsolve function in Python.
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This function is a wrapper around MINPACK’s hybrid and hybrid algorithm for solving
non-linear equations [32].

Finally, the VL equilibrium can be established using Equations (9) and (10), accounting
for the contribution to the vapor phase by the two components of the single liquid phase.

P = ∑ pi = xI
1γI

1Psat
v, 1 + xI

2γI
2Psat

v, 2 (9)

y1 =
xI

1γI
1Psat

v, 1

P
(10)

4.2. Gibbs Energy Analysis from Activity Coefficient Model

A detailed description of the thermodynamic equilibrium is essential for water/hydrocarbon
mixtures. To accomplish this, three key considerations can be adopted [33]: (i) equality of
chemical potentials, (ii) conservation of mass, and (iii) maximization of entropy.

One should note that while chemical potential equality is a “necessary” condition, it
is not sufficient to secure solution uniqueness in phase equilibrium calculations [34]. To
achieve this, the system should display a maximum entropy. One should note that at a fixed
pressure and temperature, the maximization of entropy is equivalent to the minimization
of the Gibbs free energy. Thus, the Gibbs free energy of mixing analysis helps to determine
this condition [5].

In the case of a binary system, where the reference state of each component is a
pure liquid, the Gibbs free energy of mixing for the liquid phase can be calculated, as in
Equation (11). Additional details of the derivation of these equations are provided in [5]:

∆GL
mix

RT
= ∑

i
xi ln(xiγi) = x1 ln(x1γ1) + x2 ln(x2γ2) (11)

With xi representing the molar fraction of each component in the liquid phase.
Thus, to establish the change of mixing Gibbs free energy for the liquid phase as per

Equation (11), one must vary the xi values in the 0 to 1 range. In this respect, a common
tangent plane criterion can be applied to multiple liquid phases as described in [5,35,36].
Furthermore, and to compare the Gibbs free energy of mixing curve for liquid and vapor
phases, it is important that both phases have a common reference state [35]. In this respect,
the pure component as liquid at the same temperature and pressure as the mixture, is

selected as the reference state
(

GL
i,o

RT = 0
)

.

On this basis, Equations (12) and (13) can thus be considered as applicable [34,35] for
the vapor phase as follows:

∆GV
mix

RT
= ∑

i
yi

GV
i,o

RT
+ ∑

i
yi ln(yi) (12)

GV
i,o

RT
−

GL
i,o

RT
= ln

P
Psat

i
(13)

Thus, given Equations (12) and (13), yi can be varied, establishing as a result, the Gibbs
free energy of mixing for the gas phase in the yi 0 to 1 range. This Gibbs free energy of
mixing phase can be also considered to be under the common tangent plane criterion as
suggested in [35].

In practice however, it is always useful to know, before conducting the mixing calcula-
tions, whether the liquid–liquid blend considered yields a single liquid phase solution, or
whether species in the liquid phase may split in more than one liquid phase [5]. This Gibbs
free energy of mixing evaluation involves NRTL activity coefficients. This is based on an
excess Gibbs energy model and can be applied at low total pressures (≤10 bar), as is the
case of the system under study.
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5. Results and Discussion
5.1. Issues with Available Models while Evaluating VLLE

The three-phase equilibrium (VLL) of n-octane/water systems was first considered
in the present study, using Aspen Plus V9 and HYSYS V9. To accomplish this, activity
coefficient models (NRTL and UNIQUAC), a Peng Robinson Cubic Equation of State and a
COMThermo model were evaluated. One should note that activity coefficient models offer
an alternative to models which consider equations of state for low pressure systems [5].
For the case of COMThermo, the vapor phase is modeled using the Antoine vapor pressure
model and the liquid phase is modeled using the Margules activity coefficient model. For
a thorough comparison between models, both models (activity coefficient and fugacity
coefficient) were considered in the present study using Aspen Plus V9 and HYSYS V9 and
octane/water blends.

For the simulation, a 100 kgmol/h blend with a 50% mol water/50% mol n-octane
mixture was fed into a flash separator working at different temperatures from 20 to 120 ◦C.
The bubble point pressure (vapor fraction = 0) and dew point pressure (vapor fraction = 1)
were then calculated. A 3-phase separator was specified in HYSYS V9. In Aspen Plus V9, a
flash3 separator was set, with water being selected as a key component in the liquid phase.

One should note that while using these models for VLLE, two dominant issues
were found:

1. Discrepancies between models when running with two different available software
(e.g. HYSYS V9 and Aspen Plus V9).

2. Inconsistency of the available thermodynamic model predictions (e.g. Aspen Plus V9)
with available experimental data.

Figure 3 reports bubble point pressure calculations with Aspen Plus V9 and HYSYS
V9, while the estimates for dew point pressure can be found in Appendix A.1 (Figure A1).
One can see that the results from HYSYS V9 differ by a large amount as compared to those
from Aspen Plus V9 (differences up to 104.66%) except when the Peng–Robinson EOS is
employed (mean error = 7.98% for boiling point and 3.91% for dew point). Summary of the
differences is provided in Table 3.

Thus, VLL results when applying HYSYS V9 software must be used with extreme
caution and this given these results are indicators of phase prediction inconsistency, as will
be done in the upcoming Section 5.2.
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Table 3. Comparison between HYSYS V9 and Aspen Plus V9.

Model Boiling Point
Difference

Dew Point
Difference

Peng Robinson
Min: 5.67%

Mean: 7.98%
Max: 11.58%

Min: 1.78%
Mean: 3.91%
Max: 6.83%

NRTL
Min: 92.88%

Mean: 99.95%
Max: 104.66%

Min: 34.12%
Mean: 49.96%
Max: 66.45%

UNIQUAC
Min: 83.20%

Mean: 86.28%
Max: 90.39%

Min: 37.86%
Mean: 62.98%
Max: 48.89%

Furthermore, and while reviewing HYSYS V9 VLL results for water/n-octane streams,
it was possible to identify than only the Peng–Robinson (PR) Model accounts for two
liquid phases, with the activity coefficient models (NRTL and UNIQUAC), considering
the octane/water stream as two totally miscible liquids. This single liquid phase misrepre-
sentation does not agree with experimentally observed liquid–liquid phase separations as
reported by Kong (2020) [10], and shows the need for developing a reliable methodology
for the prediction of the number of phases of hydrocarbon/water systems.

Given the above, the proposed methodology reported here is planned to allow the
software user to develop a better than “black box” model, with the user being fully aware
of all equations involved. With this end, a NTRL thermodynamic model was chosen for
the various calculations. This model was programmed using Python, with the Gibbs free
energy analysis considered using binary interaction parameters (BIP) from HYSYS V9,
Aspen Plus V9 and the technical literature [30,37]. The aim was to better models leading
to two-phase simulations, predicting vapor pressures and three phases region. Finally,
experimental data from the CREC VL Cell was also used, and a methodology to predict the
number of phases of the n-octane/water system was proposed.

5.2. Theoretical Discussion of Model Discrepancy

The Gibbs Energy Analysis from the Activity Coefficient Model described in Section 4.2
was used to understand the differences between simulation software. Figure 4 reports the
∆GL

mix using the NRTL model at 70 ◦C and 100 ◦C. One should note that the temperatures
selected were one lower, and the other higher than the Three Phases Region (TPR) at
1 atm, as reported by Tu et al. [24]. Concerning the BIP (Binary Interaction Parameters),
the ones from HYSYS V9, Aspen Plus V9, and Klauck et al. [30] were used. In the case of
HYSYS V9, two cases were considered: (a) the BIPs parameters for HYSYS V9 were set
at the zero default values and (b) the BIPs were estimated by HYSYS V9 assuming liquid
phase immiscibility.

Figure 4 reports that the HYSYS V9 results having the BIPs set to zero, display a
catenary shaped curve (in yellow), with only one anticipated liquid phase for the mixture
at both 70 ◦C and 100 ◦C. One should note that the ∆Gmix/RT in HYSYS V9 is inconsistent
with experimental observations where a liquid–liquid phase equilibrium is observed [10].
Furthermore, and when considering HYSYS V9 with the non-zero BIPs as reported in
Table 4, predicts a phase splitting behavior. Nevertheless, the ∆Gmix/RT differs signifi-
cantly from the other ∆Gmix/RT calculated with Aspen Plus V9 and Klauck et al. [30] BIPs.

Furthermore, the calculation of mutual water/n-octane solubilities, assuming a single
liquid phase, is considered as shown in Table 4. One can see the significant difference of BIP
parameters for the various models. As expected, BIPs from HYSYS V9, when set to zero,
give a trivial single-liquid phase solution which is not in agreement with experimental
results [10]. Furthermore, and when Aspen Plus V9 or Klauck et al. [30] are employed,
the solubility of water in the hydrocarbon phase is as expected, higher than the one for
the hydrocarbon in a water phase. On the other hand, one can also observe that in the
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case of HYSYS V9, with non-zero estimated parameters, the predicted relative solubility
is the reverse in magnitude. This means, that there is a discrepancy between the mutual
solubilities obtained using the BIP default parameters of the NRTL, and the ones calculated
with the HYSYS V9 method.
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Table 4. Predicted Mutual Solubilities for Water(1)/n-Octane(2) Blends at 70 ◦C and 100 ◦C in liquid phase molar fractions.

70 ◦C 100 ◦C

BIP reference
Water in

Hydrocarbon phase
(x1

I)

n-Octane in
Aqueous phase (x2

II)

Water in
Hydrocarbon phase

(x1
I)

n-Octane in
Aqueous phase (x2

II)

Klauck et al. (2006) [6,29] 3.32245 × 10−3 9.1571 × 10−7 9.56125 × 10−3 9.3652 × 10−7

Aspen Plus (Python) 7.50095 × 10−3 8.1543 × 10−6 2.644388 × 10−2 2.1395 × 10−5

HYSYS (estimated BIP) 8.9570 × 10−6 0.02069 1.3065 × 10−5 0.05936
HYSYS (zero) (* one single phase) −6.1590 × 10−10 1 −6.1590 × 10−10 1

To address these issues, both the “unstable” and the “metastable” regions of the
liquid–liquid equilibrium for a n-octane/water system were calculated, as reported in
Figure 5a–d. Furthermore, and to establish the boundary between unstable and metastable
regions, inflection points complying with the second derivative criteria as in (Equation (14))
were considered [5,38]. As explained by Soares et al. (1982) [39], a feed with a composition
in the metastable region, may either present as a single liquid phase or alternatively may
split and form two liquid phases under external perturbations.

d2∆Gmix

dx2
1

= 0 (14)

Furthermore, it is possible to observe in Figure 5a–d, that a “stable” region boundary
can be established by using a “double tangent line” (black broken line) connecting two
∆Gmix points. These “double tangent line” shared points correspond to the mutual misci-
bility of both phases. The double tangent condition shows the system stable state [34,40].
One should note that in the case of the “metastable” region, the temperature and model
parameters that are used have an influence over the region, adding uncertainty over the
mixture stability.
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Figure 5. Unstable and Metastable Liquid–Liquid Equilibrium Regions for a Water/n-Octane
Blends using: (a,b) Klauck et al. parameters [30] and (c,d) Aspen Plus V9 parameters. Parame-
ters reprinted with permission from Klauck, M.; Grenner, A.; Schmelzer, J. Liquid–liquid(–liquid)
equilibria in ternary systems of water + cyclohexylamine + aromatic hydrocarbon (toluene or propy-
lbenzene) or aliphatic hydrocarbon (heptane or octane). J. Chem. Eng. Data, 2006, 51, 1043–1050,
doi:10.1021/je050520f. Copyright 2021 American Chemical Society.

Figure 6 reports the VLLE at 1 atm and 89.5 ◦C, for the water/n-octane blends. This
condition corresponds to the calculated TPR (Three Phase Region) at 1 atm. One should
note that TPRs at 89.89 ◦C [24] and 86.76 ◦C [23] were previously reported. It is possible
to observe, as is suggested in Figure 6a, that the tangent line now contacts the “three”
∆Gmix minima points, instead of two, with this corresponding to two liquid phases and one
vapor phase condition (Three Phase Region). One can notice as well, that the “three-point
tangent line” is better described by Klauck et al. [30] parameters. However, and as shown
in the “close up” in Figure 6b, in practice, none of the available models present an exact
three-point tangent line. This suggests that there are errors in this prediction and that a
better model still needs to be developed.

Figure 7 provides a closer view of the ∆Gmix for VLLE at 70 ◦C, for n-octane–water
blends, at low and high n-octane concentration levels, with this showing that evaluating
mutual miscibility of hydrocarbon/water systems remains a challenge. In fact, for the
low water molar fractions, the solubility of water in the hydrocarbon phase is described
as a change of slope in the ∆Gmix. In the same way, it is possible to notice that for high
water fraction regions (aqueous phase) the solubility of hydrocarbon in water experiences a
flattening of the Gibbs Free energy of mixing. In this sense, the n-octane in the water mixture
presents partial miscibility, which is a critical condition to be identified for environmental
reasons and process optimization purposes.
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However, as presented in Figure 8, when the ∆Gmix is calculated using published data
at 1 atm, for the different phases [30], the need of a better prediction of number of phases is
confirmed. This is given the fact that the reported technical literature experimental data
points are not located at the minimum value of the Gibbs energy of mixing.

Specifically in the case of Figure 8b, the vapor phase ∆Gmix varies significant when
calculated at 89.5 ◦C or alternatively at 89.89 ◦C, the experimental reported value [24].
As a result, the shared tangent line criterion does not strictly adhere in any of these two
cases. In this respect, one can only agree that the availability of VLLE data at different
temperatures and pressures, such as the ones provided by the CREC VL Cell, are imperative
for establishing the TPR region. These data are required to obtain improved modeling of
the number of phases of hydrocarbon/water mixtures.
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5.3. Analysis of Experimental Results

Figure 9 reports the various phase regions that one can anticipate when using n-
octane/water blends. One can notice that at a given temperature, the following is expected:

(a) Three coexisting liquid–liquid–vapor (VLL) phases with the vapor pressure remaining
unchanged, while the initial water composition is varied (horizontal broken line).

(b) Two liquids phases at higher pressures, with every phase involving highly diluted blends,
(c) Two phases, vapor and liquid, with the liquid phase encompassing completely solubi-

lized species.
(d) A mixed vapor phase at low pressures.

In the present study, however, one is specially interested in the behavior described by
the VLL dashed line in Figure 9, which corresponds to the Three Phase Region (TPR) and
the two vapor–liquid phase domains, in the highly diluted region of a separator unit.

Regarding the experimental data considered in the present study, they are extensively
described in Kong (2020) [10]. These vapor–liquid equilibrium measurements were devel-
oped at the CREC laboratory using a CREC VL Cell. These experiments were conducted
using 17 different mass compositions of n-octane in water and were repeated at least three
times with good reproducibility. Standard deviations for repeats were +/− 4.85 kPa in the
80–110 ◦C range of interest. Given the high density of the experimental data points, curves
reported were obtained via linearization of data neighbors, followed by interpolation as
needed for comparison of thermal levels.

Figure 10 reports the experimental points at different temperatures and octane con-
centrations, in the range of interest. The experimental setup considers the presence of air,
as would occur in industrial operation. In that sense, the pressure of each experimental
point and the models used for comparison, consider air.

Baselines with the mean values of pressure at 20% to 98%wt octane compositions were
calculated and reported as blue lines in Figure 10. These baselines represent two coexisting
liquid phases, as confirmed with visual observations in a Plexiglass unit [10,11]. In the same
way, the blue band reports the 95% confidence intervals, calculated from the experimental
data. One should also note that the red line in Figure 10 describes the fully immiscible
Two Liquid Model given by (Poct + Pw). As expected, the immiscible assumption does not
represent the experimental values but rather overestimates them.
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The Pmix for highly diluted octane in water (aqueous phase), and Pmix for highly
diluted water in octane (hydrocarbon phase) are reported in Figures A2 and A3 respectively.
One can notice in both cases, there are significant Pmix reductions, with this being attributed
to the solubility of highly diluted mixtures. It is also important to notice, that at 100–110 ◦C
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the highly diluted mixtures change from the TPR to the two-phase region domain. This
is consistent with Figure 9, where a three-point straight line can be used to explain the
presence of the three-phase region (TPR), with two liquid phases and a vapor phase
being present.

Furthermore, when the NRTL model results are plotted as in Figure 11, together
with the experimental data points obtained in the CREC VL Cell, similar trends for the
immiscible model can be observed. Here, one can see that the TPR pressure predicted
by the NRTL is higher, than the experimental values. Thus, better BIPs are needed for
enhanced Pmix predictions, as is being considered in a future work, with the emphasis of
the present study being on the establishment of the right number of liquid phases.
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Figure 11. Comparison of Pmix for the NRTL Model with Experimental Data. Notes The Pmix from
NRTL Aspen Plus is represented as a green horizontal line while the Pmix from the NRTL from
Klauck [30] is represented as a red line. Parameters reprinted with permission from Klauck, M.;
Grenner, A.; Schmelzer, J. Liquid–liquid(–liquid) equilibria in ternary systems of water + cyclohexy-
lamine + aromatic hydrocarbon (toluene or propylbenzene) or aliphatic hydrocarbon (heptane or
octane). J. Chem. Eng. Data, 2006, 51, 1043–1050, doi:10.1021/je050520f. Copyright 2021 American
Chemical Society.

Figure 12 reports the ∆Gmix/RT calculated for n-octane/water blends at 80 ◦C, with
those for liquid phases represented with blue lines and those for the vapor phase with
a red line. Regarding the ∆Gmix/RT values, one should note that the experimental Pmix
pressures were used to calculate the vapor phase, including the uncertainty related to the
95% confidence intervals (red band) using estimates from Figure 10. Furthermore, the blue
bands in Figure 12 represents the ∆Gmix/RT for the liquid phases, which was calculated
with the experimental temperature measurement uncertainty in the CREC VL Cell (±2 ◦C).

Thus, and as Figure 12 shows, there is an important intrinsic uncertainty when the
classical, three-point tangent line criteria [35] is applied to experimental data with the
available models. As was reported already when discussing Figure 8, the data from the
technical literature did not exactly match the three-point tangent criteria condition. The
fact, that this condition does not precisely agree with a TPR tangent line criteria, reflects
the inability of the classical stability analysis to include the experimental uncertainty, when
predicting the number of phases. Thus, and to address this issue more effectively, a new
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machine learning approach is proposed, as will be discussed in the upcoming section of
this manuscript.
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6. The Machine Learning Approach

Classification is one of the most commonly tasks in ML. It can be seen as converting a
regression prediction problem of a target continuous variable, into a discrete function [41].
Past data (labeled items) are used to place new predictions into their respective groups
or classes [41]. To establish the method reliably, standard metrics such as accuracy, true
positive rate, true negative rate, precision, and a confusion matrix can be used.

In this respect, and to predict the number of phases, a classification task is implemented
in the present study, with the goal of classifying the experimental data into two different
equilibrium phase regions: (i) three phases (VLL) and (ii) two phases (VL). One should note
that the experimental data points from the CREC VL Cell are included without averaging
them, with this allowing one to incorporate the typical variations of the temperature and
pressure measurements within the classification task.

The first step in this classification was to determine if the mean value of the experimen-
tal measured pressures was outside the 95% confidence interval of the VLL equilibrium
baseline value.

To test this hypothesis, a t-student test was applied. This was done using the fact that
the pressure baseline for highly diluted experiments displayed a difference in some liquid
fraction regions. This approach allowed us to establish that the mean of the baseline was
different from the experimental pressures, for highly diluted octane and highly diluted
water points, with a 95% confidence interval leading to a p-value that was smaller than
α = 0.05 [42].

Figures 13 and 14 describe the p-values calculated for the highly diluted mixtures
at different temperatures. The red line represents the α = 0.05 value while the blue line
the p-values from experiments. When the experimental p-values were found to be higher
than 0.05 (p-value > α), as is shown in Figure 13a for the 0.1%wt of octane in water below
85 ◦C, the TPR assumption was considered suitable. At temperatures above 85 ◦C the
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opposite was true, with a shift occurring from three-phases (VLL) to two-phases (VL), with
octane/water being fully soluble in each other at these conditions.
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On the other hand, Figure 13b,c also display the p-value for 0.25%wt and 0.5%wt of
n-octane in water, with a similar transition from the TPR domain to the two-phase region,
occurring at higher thermal levels of 99 ◦C and 108 ◦C, respectively.

Figure 14 considers the case of a p-value for highly diluted water in an octane blend.
One can see that for 0.25%wt water in octane, there is a change from the TPR to the
two-phase region at 102 ◦C, with the 0.1%wt water in octane blend displaying complete
miscibility in the entire temperature range of interest.

Figure 14. T-student test for Highly Diluted Water in Octane Experiments (a) 99.75%wt octane, (b) 99.9%wt octane.
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Figure 15 summarizes the transition temperature for highly diluted octane in water
mixtures showing a progressive increase of the transition temperature from the TPR to two-
phases at initial increasing feeding separator concentrations. For instance, at concentrations
in the 0.02–0.04%molar range the transition temperature rate seems faster than the one
in the 0.04–0.08%molar range. Demonstrating the importance of studying the phase
transitions of highly diluted hydrocarbons in water.
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6.1. Classification Methodology

Four classification methods were applied to the experimental dataset from the CREC
VL Cell with the objective of establishing the value of these methods to predict the number
of phases in n-octane/water mixtures. To prepare the data, an identifier label was assigned
according to the t-test, to experimental results as two phases or three phases (Section 5.3.).
The main features involved were temperature (◦C), absolute pressure (kPa, including air),
zi (mol) and phase number. The first step was to apply a min–max scaler to T and P
data., zi was already in the 0 to 1 range, and no modification was required. Furthermore,
and for the phases number label, the phase class was encoded as 1 for two-Phases and 0
for three-Phases.

In terms of the classification models, logistic regression, decision tree, k-neighbors,
and support vector classification from the Sklearn library in Python, were used to predict
the number of phases of the experiments, available in the Temperature range of interest
(80–110 ◦C) (refer to Table 5 and Appendix A.1). One of the main challenges of this
classification problem is that it consists of an imbalanced dataset, with 4056 (approximately
23%) experimental data points for the two-phase region and 13,402 data points for three-
phase region as shown in Figure 16.

To address the data imbalance issue, two strategies are considered: (i) to undersample
or downsize the three-Phase class so that the proportion of data to train the models is
the same for both phase classes; (ii) to use a weighted algorithm, in the case of logistic
regression and support vector classifier (SVC), with a class weight hyper-parameter option
being used. The objective of this approach is to compare the behavior of the various models
and establish which one better predicts and represents the two-Phase region.
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Figure 16. Distribution of Three Phase (liquid–liquid–vapor) and Two Phase (Liquid–vapor)
Data Available.

Table 5 summarizes the four models implemented with the logistic regression, the
k-neighbor classifier (KNN) and the support vector classifier (svc), using default parame-
ters [43]. Regarding the decision tree classifier, a shallow tree (max depth = 3) with entropy
as the classification criteria was considered to establish the split quality. The default hyper-
parameters were selected as provided by the Scikit Learn library, to make of the model a
predictive one and to demonstrate the applicability of the ML Classification.

Table 5. Classification Models Implemented.

Model # Type Hyper-Parameters Class Weight
Option

1 Logistic Regression penalty: 12, tol: 0.0001, C: 1.0, fit_intercept: True,
intercept_scaling: 1 Yes

2 Decision Tree Classifier criterion: entropy, splitter: best, max_depth: 3,
min_samples_split: 2, min_samples_leaf: 1 Yes

3 K-Neighbors Classifier n_neighbors: 5, weights: uniform, algorithm: auto,
leaf_size: 30, p: 2, metric: Minkowski No

4 Support Vector Classifier (SVC) C:1.0, kernel: rbf, degree: 3, gamma: scale, shrinking:
True, probability: True, tol = 0.001 Yes

In order to better evaluate the classification methods, 20% of the temperature data was
excluded randomly from the original training dataset. This 20% of excluded data was kept
aside to be included later, in the final testing dataset. After dropping these temperature
data points, the remaining ones were split at 20% test data using a “train test split” function
from the Sklearn library, which considers the classes ratio while performing the train
splitting. Additionally, and to deal with the imbalance of the dataset, the majority class of
the three phases data was randomly downsized with the idea of having two datasets with
a similar class ratio.

To establish the performance of these classification models, precision, recall, and
F1-score were calculated as reported in the following Equation.

precision =
TP

TP + FP
(15)

recall =
TP

TP + FN
(16)
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F1score =
2

1
precision + 1

recall
(17)

Where TP refers to a true positive, TN to a true negative, FP to a false positive and FN
to false negative.

Furthermore, the receiver operating characteristics (ROC) and the areas under the
ROC curve (AUC) were also considered in the analysis. These parameters are commonly
used in binary classifiers. ROCs plot the true positive rate (also known as recall) versus
the false positive rate (FPR) [44]. It is important to note that the selected models could be
calibrated, with calibrated probabilities reflecting the likelihood of true events.

6.2. Classification Models Results

In the classification analysis developed, the more abundant class (Major Class or
Class 0) was randomly downsized to match the size of the less abundant class (Minor
class or Class 1). Figure 17 reports the resulting confusion matrix for this strategy, with
the classification report being given in Table 6, and AUC and ROC results being shown
in Figure 18a. It can be observed that the k-neighbors classifier and SVC presented the
best results for the two-Phase case, which is the most valuable one in the present study.
One can thus see that the k-neighbors classifier and SVC can predict both two-Phase and
three-Phase experiments with high precision, recall and F1 scores.
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Table 6. Classification Phase Report—Strategy 1.

Logistic Regression

Precision Recall F1 score
3-Phases 0.92 0.93 0.94
2-Phases 0.78 0.83 0.80

Decision Tree Classifier

Precision Recall F1 score
3-Phases 1.00 0.90 0.95
2-Phases 0.75 0.99 0.85

K-Neighbors Classifier (KNN)

Precision Recall F1 score
3-Phases 1.00 0.97 0.98
2-Phases 0.91 1.00 0.95

SVC

Precision Recall F1 score
3-Phases 1.00 0.93 0.96
2-Phases 0.80 0.99 0.88

Figure 18a presents the AUC-ROC curves for the first phase classification strategy. It
is possible to observe that Logistic Regression is the one with the worst performance with
an AUC of 0.97, with the KNN being the best one with an AUC of 0.998.
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Figure 18. Area under the ROC curve (AUC) and receiver operating characteristics (ROC)—Results for Strategies (a) 1 and
(b) 2.

One should however, consider that under sampling (downsized sample) one phase
class can bias the posterior probabilities of the classifier [45]. To address this issue, strategy
2, which uses weighted algorithms without changing the size of the testing dataset was
considered. Figure 19, Table 7, and Figure 18b report the results for the confusion matrix,
classification report and AUC and ROC results using Strategy 2. One can notice an
improvement using the weighted algorithms, without under sampling, the KNN and
weighted SVC results were able to improve for the two-Phase predictions, reducing the
number of false positives and false negatives.
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Table 7. Classification Reports for Strategy 2.

Logistic Regression (penalized)

Precision Recall F1 score
3-Phases 0.92 1 0.96
2-Phases 1 0.72 0.84

Decision Tree Classifier (penalized)

Precision Recall F1 score
3-Phases 0.95 1.00 0.97
2-Phases 1.00 0.82 0.90

K-Neighbors Classifier (KNN)

Precision Recall F1 score
3-Phases 1.00 0.99 0.99
2-Phases 0.97 0.98 0.98

SVC (penalized)

Precision Recall F1 score
3-Phases 0.98 1 0.99
2-Phases 1 0.94 0.97

Given the promise of obtaining ML results for phase classification, the calibration plot
for the KNN model and the weighted SVC, which represent the best models, were further
validated as reported in Figure 20a,b. As a result, one can conclude that the ML model
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was well calibrated with the predicted probabilities corresponding closely to the expected
distribution of probabilities for each class.
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As well, one can notice that the KNN classifier shows near perfect calibration, with
this being an improvement over the weighted SVM classifier. In addition, the KNN
model presents the better results overall, and is selected for our future work. Thus, it is
shown in the present study, that machine learning provides a valuable tool to accurately
discriminate between two-Phase and three-Phase equilibrium regions. This prediction is
critical while implementing phase equilibrium calculations, where the identification of
the number of phases is a critical starting point for the flash calculations. This is achieved
using to train the ML classifiers the abundant CREC VL Cell experimental data, instead of
available thermodynamic models or simulation software, securing the good quality of the
data considered and the adequate successful application of ML techniques. Classification
models are provided in Picke format in the Supplementary Materials Section.

7. Conclusions

1. It is shown that reliable models, based on fundamentals principles, are still needed to
represent the number of phases, in diluted hydrocarbon in water mixtures at phase
equilibria.

2. It is proven that a phase stability analysis involving the Gibbs energy of mixing, can
be used to explain calculation result discrepancies, in water/n-octane mixtures when
using available simulation software.

3. It is demonstrated that runs in a CREC VL Cell employing a dynamic technique
(1.22 ◦C/min temperature ramp), can provide the “big data sets” required to ac-
curately determine the fully miscible, partially miscible, and fully immiscible oc-
tane/water blend states.

4. It is proven that ML models based on the obtained “big data sets” can be proposed for
the prediction of the number of phases under the studied conditions, with the KNN
model and the weighted SVC model, identified as the ones with best performance.
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Supplementary Materials: The following are available online at https://www.mdpi.com/2227-971
7/9/3/413/s1, Classification models are reported in Pickle format.
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Abbreviations

Symbols with Latin letter
F Function
G Gibbs Free Energy
P Pressure
R Universal Gas Constant
T Temperature
x Molar Fraction of Liquid Phase
y Molar Fraction of Vapor Phase
z Overall Molar Fraction
α Parameter for accounting local composition variations (NRTL method)
γ Activity coefficient
g Interaction energy (NRTL method)
τ Dimensionless interaction parameters (NRTL method)
Subindex and Superindex
i identifies component i of the solution
j identifies component j of the solution
k identifies a subgroup
L Liquid
mix mixing
obj objective
sat Saturation
V vapor
I Phase I
II Phase II
Acronyms
ANN Artificial Neural Networks
AUC Area Under Curve
BIP Binary Interaction Parameters
CREC Chemical Reactors Engineering Center
EoS Equation of State
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FN False Negative
FNN Feedforward Neural Networks
FP False Positive
FPR False Positive Rate
KNN K-Nearest Neighbors
LL Liquid–Liquid
LLE Liquid–Liquid Equilibrium
ML Machine Learning
NRTL Non-Random Two-Liquid Model
NRU Naphtha Recovery Unit
PC Personal Computer
PNN Probabilistic Neural Networks
PR-EoS Peng–Robinson-Equation of State
ROC Receiver Operating Characteristic
RVM Relevance Vector Machines
SVM Support Vector Machine
SVC Support Vector Classification
TN True Negative
TP True Positive
TPR Three Phase Region
UNIQUAC Universal Quasichemical model
USB Universal Serial Bus
VL Vapor–Liquid
VL Cell Vapor–Liquid Cell
VLE Vapor-Liquid Equilibrium
VLL Vapor–Liquid–Liquid
VLLE Vapor–Liquid–Liquid Equilibrium

Appendix A.

Appendix A.1. Brief Description of Classification Models

Appendix A.1.1. Logistic Regression

The logistic function is an S-shaped sigmoid function with an output value between
0 and 1. Logistic Regression estimates the probability of an instance to belong to a given
class. If this probability is higher than 50%, the model predicts that the instance consider
belongs to that class [44].

Appendix A.1.2. Decision Tree Classifier

Decision Tree algorithms can perform regression or classification tasks and are capable
of fitting complex datasets. Decision Trees build the classification models based on a chain
of partitions of the dataset [46]. They are robust to noise, tolerant to missing information
and have a low computational cost. The main tuning parameters for these models are
(a) the maximum depth of the tree (max_depth), (b) the function that measures the quality
of a split (criterion), (c) the minimum number of samples of a node that the tree must
have before the split (min_samples_split), and (d) the minimum samples of a leaf node
(min_samples_leaf) [44].

Appendix A.1.3. K-Nearest Neighbors (KNN)

KNN is based on the Euclidian distance between the training and testing datasets.
It finds the K neighbors that represent the lowest distance. The main parameter of this
model is the number of K neighbors. The classifier compares the attributes related to the
datapoint [47,48].

Appendix A.1.4. Support Vector Machine (SVM)

A Support Vector Machine (Ref. Cortes and Vapnik) can be used for regression or
classification problems. The objective of this model is to map the X input vectors via a
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kernel function (e.g., polynomial kernel, radial basis, multilayer perceptron kernel) and
to make a linear regression. In this study, a radial basis function was used. The tuning
parameter characteristics of this model are the regularization parameter C and the kernel
scale width [49].

Appendix A.2. Additional Figures
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Appendix A.3. The CREC VL Cell and Its Instrumentation

Table A1. CREC-VL-Cell Volumetric Capacity.

Name Volume

Thermofluid 2.4 L

CREC-VL-Cell 275 mL

Sample analyzed 100 to 140 mL

Table A2. CREC-VL-Cell Data-based Process Instruments.

Instrument Parameter Data Range Uncertainty (±) [10,11]

OMEGATM Transducer
PX409-50GUSBH Series

Pressure 0–345 kPa5 Hz frequency ±0.28 kPa

OMEGATM USB TC-08 Unit
Temperature data acquisition

rate 10 Hz frequency 1%

OMEGATM PID Controller
Temperature increase rate in

the Cell 4 to 20 mA ±0.5 ◦C

Thermocouple:OMEGATM type k Temperature −200 to 1250 ◦C ±2.2 ◦C

VELP® DLS Digital Overhead Stirrer
Torque Maximum 40 Ncm

N/A
Mixing speed 50 to 2000 rpm

Table A3. CREC-VL-Cell Operational parameters.

Operation Set Value

Impeller Mixing Speed 1080 rpm

Heating Rate 1.22 ◦C/min

Temperature Range 30 to 120 ◦C

Run Time 90 min
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