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“ssures. Therefore, gas production from shale gas reservoirsThe primary goal of this study is to develop a robust ML
is more complex in comparison to conventional gas resemodel able to determine the solubility of light hydrocar-
voirs (King2012 Siegel et al2015. Several environmental bons (G-C;) in agueous solutions for further application in
concerns have emerged surrounding shale gas developmérigher level numerical modelling. We used regression tree
such as groundwater contamination, induced seismicitgnd boosted regression tree tuned with a Bayesian optimiza-
climate impact from leaked stray gas into the atmospheré&pn algorithm to perform the regression task. The ML mod-
etc. The main risk difference in comparison with otherels were developed using a dataset containing 2129 experi-
technologies in the subsurface is that hydraulic fracturingnental data of methane, ethane, and propane solubilities in
is remunerative, thus it is necessary to distinguish betwegiure water and aqueous and electrolyte systems. A compari-
economic and environmental issues (Cahill 2@17 Rice  son analysis was designed to evaluate the performance of the
et al.2018 Taherdangkoo et &20208h. most accurate ML model with experimental data as well as
The occurrence of light hydrocarbons in groundwateBpivey et al. 2004), Duan and Mao2006), Chapoy et al.
in the vicinity of oil and gas operations is most commonly2004), and Pereda et aR@09 thermodynamic models.
associated with leakage from hydrocarbon wells (Jackson
et al. 2013 Nowamooz et al2015 Taherdangkoo et al.
20203. Natural and anthropogenic permeable pathways suéh Data
as leaky oil and gas abandoned wells, fault zones and exten-
sive fracture systems could facilitate stray gas migration arid/e reviewed publicly available experimental data of light
an early gas manifestation in groundwater wells (Cabhill et ahydrocarbons (&-C;) solubility in agqueous solutions to
2017 Rice et al2018 Tatomir et al2018). The presence of build a dataset to develop a robust machine learning model
low-permeability layers leads to gas migration along higheable to determine the gas solubility under a wide range of
permeability sediments, either up-dip or in the direction of eld conditions. The compiled dataset includes experimen-
groundwater dw, delaying the breakthrough to the shallowtal gas solubility data measured between 1855 and 2007.
aquifer system (Taherdangkoo et20203. There are instances in which experimental solubility data are
Numerical modelling of subsurface and transport incorrect or inconsistent with other gas solubility measure-
of stray gas plays an essential role in better evaluating timeents. Following Duan et al1992), the inconsistent solu-
relationship between groundwater quality and hydrocarbohility data, e.g., methane solubility in pure water reported by
development. Modelling of stray gas migration requiresMiichels et al. {936), were not considered in the dataset. The
phase equilibrium calculations to obtain the concentratiogas solubility has been reported in dient units. Most of
of each component in liquid and gas phases. The calculatitime experimental data in our dataset were originally reported
of gas solubility is usually performed by solving thermo-in mole fraction, i.e., the mole fraction of the gas component
dynamic equations, which contributes a siguaifit portion in the liquid phase, and thus the remaining solubility values
of the overall computational cost because compositions efere converted to mole fraction using appropriate conver-
liquid and gas phases must be calculated at each iterati@ion functions. Where feasible, to avoid a conversion, the
Therefore, due to the high computational time, amient  solubility data were taken from Clever and Youa§8&?7),
application of complex thermodynamic models in numericaHayduk (982 1986).
simulation of coupled multi-physics processes in the sub- The solubility of methane in pure water and brine has
surface is laborious (Grunwald et al. Grunwald e2@R0.  been reported over a broad range of pressure, temperature,
As an alternative to complex thermodynamic modelsand NaCl concentrations (Clever and Yol®87), but lim-
machine learning (ML) can be employed to describe thi#ed measurements are available for saline solutions contain-
phase behaviour of gas-water-salt systems (Mohammaitig other salts. The dataset contains a total of 1912 methane
et al.2022 Taherdangkoo et a0213. ML models can solubility experimental data (Amirijafari et dl972 Ben-
handle complex nonlinear relationships between inputs aridaim et al.1973 Blanco et al1978 Blount1982 Bunsen
outputs and can perform high precision interpolations (Qia®855 Byrne and StoesselBP82 Chapoy et ak004 Claus-
et al.2020. Optimization algorithms can also be employedsen and PolglasE952 Cosgrove and WalklelQ81; Cramer
to tune hyper-parameters of ML algorithms and thus improv&984; Crovetto et al1982 Culberson et al1951, Dhima
their overall performance (Taherdangkoo eP8R3). Equa- etal.1998 Du y et al.1961;, Eucken and HertzbetP50,
tions of state and predictive ML models estimate maximurKiepe et al2003 Krader and Franck987. Lannung et al.
gas solubility assuming perfect mixing and mass transfer96Q Lekvam and Bishndi997 Michels et al1936 Mish-
between gas and aqueous phases. The stray gas migratingiima et al.1962 Morrison and BillettLl952 Moudgil et al.
the subsurface typically does not result in maximum solubil1974 Muccitelli and Werll980 Namiot1961; O-Sullivan
ity manifesting as the mass transfer from gas to the aqueoasd Smith1970 Rettich et al1981; Stoessell and Byrne
phase is limited in porous media (Cahill et2018). 1982 Wang et al2003 Wen and Hund 970 Wetlaufer
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methane in pure water can be calculated using the followinghered,, [cm mo?l] is the hard sphere diameter of water,

equation: dey [cm moFl] is the hard sphere diameter of water at the
wop 10 Tp W 7 cr!t!cal temperature, T [K] is temperature, daig, [K] is the
iplC2te” _ CoMe CoH critical temperature of water.
MeyHe RT (3)

In cpg TRy +In ¢, T,P.M

5 4 Results
wherer ;. [mol kg*'] is the solubility of GHg in pure

water,y; is the mole fraction of £l in the gas phase, P
[bar] is pressure, T [K] is temperature, R
[bar cn? molP? K>Y] equal to 83.14467 is the universal gas
constant, .2, is the chemical potential ot in the liquid

4.1 Model performance evaluation

We employed a Bayesian optimization algorithm with an

"CHg T _ ] expected improvement acquisition function to optimize
phase, andc y is the fugacity coecient. the hyper-parameters of the RT and BRT algorithms. The
(3) Chapoy model iteration number for running each algorithm was set to 300.

Chapoy et al.2004) developed a thermodynamic model tapje4 summarizes the optimum hyper-parameter values of
based on uniformity of the fugacity of each component ifhe models obtained after the optimization process.
all phases to calculate propangHlg) solubility in the lig- The input parameters of the RT-BO and BRT-BO models
uid phase. The Valderrama modétion of the Patel-Teja are pressure [bar], temperature [K], and concentration [m] of
equation of state (VPT-EoS) with non-density dependenyac| Kcl, CaCJ, MgCl, K,SO,, MgSQ, NaSO,, K,SO,,
(NDD) mixing rules was used to calculate fugacities in th€Na2C03, K,CQ,, and the corresponding gas solubility (mole
" uid phases. They acquired experimental propane solubiaction) is the output parameter. In the case of gas solubil-
ity data to adjust the binary interaction parameters betwegfy in pure water, the salt concentrations are set to zero. The
propane and water. Henryss constants for propane in watglyression plots (Figl) of predicted gas solubility values
can be calculated as: from the RT-BO and BRT-BO versus experimental ones,
() 21334.4 show accumulation of data points close to the 45-degree
In"H;,” = 552.64799 + 0.078453T 85.89736InT  reference line. The deviations from the reference line are
(4)  more evident in RT-BO model, indicating its lower accuracy.
where H,, [KPa] is Henryes constant and T [K] is 1he statistical indices ERMSE, and MAD) indicate
temperature. the superior performance of the BRT-BO model (Table
(4) Pereda model In this case, the MSE equals 9.97 x8@and the MAD is

Pereda et al2009 used a group contribution plus asso-1.72 % 10* The RT-BO model also has a relatively high
ciation equation of state (GCA-E0S) to describe the phag¥edictive capability; MSE and MAD equal 2.15 xiénd
behavior of water + hydrocarbon 4@ n-G, cy-G, i-C, ~ 2-33* 10% respectively.
and i-G) system. They acquired experimental solubility The predictive capabilities of the models are further illus-
data on the solubility of n-hexane, cyclo-hexane and isdfated in Fig55. The experimental and predicted solubility
octane in pure water to adjust the parameters of GCA-Eo%alues of the BRT-BO model mostly cover each other, indi-
The following equation was presented for the hard sphe,qgting its good performance. The results show that the model
diameter of water to take into account the temperatur Slightly less accurate in determining high gas solubility

dependency of the hydrocarbon solubility in water and thialues, especially where the solubility in the aqueous phase
vapor pressure of water. is higher than 0.01 mol fraction because most of the data

points have lower solubility values (see S&gt.The maxi-

[ [ 11 [ 1 o
2Tcw 2Tew mum and mean values for methane solubility are 0.0185
dy = dcy 0.554 ex| 0.543ex + 1.097 '
W Tew P37 P37 and 0.0024. These values for ethane are 0.0041 and 0.00052,
(5)  respectively, and for propane are 0.00366 and 0.00012. The
Table 4 Optimal hyper- Model Hyper-parameter Range of variation Optimum value
parameter values of the ML
models and their range of RT-BO Minimum leaf size 1-1064 1
variations - ]
BRT-BO Minimum leaf size 1-1064 22
Number of learners 10-500 492
Learning rate 0.001-1 0.19136
Number of predictors to sample 1-15 15
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%1073 with experimental data and Spivey model in the tem-
perature range between 298.2 and 344.3 K and pressure

10 between 22.8 and 680 bar. The BRT-BO and Spivey mod-
els capture the solubility trend observed in the experimen-
8 5 tal data; increase of the methane solubility in liquid phase
x with increasing of pressure. The BRT-BO model can accu-
rately determine methane solubility values at low pres-
0 sure and temperature conditions. Furthermore, the com-
3000 parison analysis with O<Sullivari970), and Culberson

etal. 1951) shows the e ciency of the model in determin-
ing the solubility values at high pressures. The modeling
700 800 deviations, i.e. the dierence between experimental and

2000

P (bar) 1000 500
500 predicted values, are minor showing the potential of the

o 00 T(K) BRT-BO for future applications.
Methane solubility in NaCl solutions was compared

Fig. 7 Partial dependence of the gas solubility in aqueous phasgt temperatures ranging from 324 to 378 K, and NacCl
obtained from the BRT-BO on pressure and temperature concentration between 0.88 and 2.5 m. The gas solubil-
ity in liquid phase decreases with the increase in salinity,
which was e ectively modeled (Figl0). The BRT-BO is
highly accurate in predicting the experimental data at wide
ranges of pressure (41.8-1339 bar) demonstrated by the
comparison analysis. The overall performance of the BRT-
BO model is slightly better than Spivey. The comparison
analysis shows that the methane solubility predictions are
accurate in the Cj4+H,0-NacCl and Cii-H,O systems.
The analysis shows that the BRT-BO can be employed for
modeling of two-phasedw and transport of methane in
shallow and deep subsurface, e.g. freshwater and saline
water aquifers, with an accuracy needed for hydrogeologi-
cal applications.

The BRT-BO model was compared with Maoss model
to calculate ethane solubility in pure water. The predictive
ability of both models is satisfactory, showing only minor
deviations from the experimental data in some conditions
BRT-BO model to detect suspected experimental data ar{éfig. 11). For instance, Mao model is slightly more accu-
high leverage points, which are outliers falling outside ofate than the BRT-BO to determine experimental ethane
the applicability domain of the model. The analysis (B)g. solubility values taken from Mohammadi et &2004) at
shows that bulk of the gas solubility data falls in the validemperature of 298.3 K, while the BRT-BO model per-
domain, 0 Hat 0.0019 and -3 standardized residuals 3, forms better at 313 K. The BRT-BO model provides better
indicating the reliability of the compiled dataset and the stgpredictions on Wang et al2Q003) dataset. The BRT-BO
tistical validity of the model. model demonstrates a good covering of experimental data

The quantitative analysis shows that the standardizggbints and can be applied for ethane solubility prediction
residuals of 36 data points (1.69% of the compiled data) aqueous phase at pressures ranging from 4.39 to 573.6
are outside the range of S3 to 3, which are considered asr.
suspected data. Additionally, 112 data points (5.26%) have The BRT-BO and Chapoy modelss calculations regarding
high leverage (Hat value 0.0019). However, the BRT-BOthe propane solubility in pure water are close to experimen-
modelss performance analysis (F&.shows that the pre- tal values taken from Chapoy et &004) (Fig.12). Similar
dicted gas solubility residuals are in an acceptable range.to previous cases, the BRT-BO predictions follow the gas

solubility behavior observed in experimental data. Chapoy
4.2 Comparison analysis model is the most accurate model in predicting propane

solubility followed by the BRT-BO and Pereda models. The
In Fig. 9, the predictive ability of the BRT-BO model to BRT-BO is slightly more accurate than the Pereda model
calculate methane solubility in pure water was comparednder the conditions studied.

Fig. 8 Williams plot of gas solubility dataset for the BRT-BO model
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Fig. 11 Comparison of experi-
mentally determined solubility
of ethane in KO at 298.3 K
(Mohammadi et al2004), 303.2
K (Wang et al2003), 313.19

K (Mohammadi et al2004),

and 444.26 K (Culberson et al.
1951) with the calculated values
from the BRT-BO model and
Mao model

Fig. 12 Comparison of experi-
mentally determined solubility
of propane irH,0O at 298.12,
338.15, and 353.18 K (Cha-
poy et al.2004), and various
temperatures (Mokraoui et al.
2007 with the calculated values
from the BRT-BO, Chapoy, and
Pereda models

for predicting light hydrocarbon solubility in aquatic systemgo the solubility calculations of ethane in aqueous systems.
Numerical modeling of the transport of light hydrocarbons
One of the main advantages of the BRT-BO is itdbetween deep gas reservoirs and shallow groundwater aquifers
is complex as it involves multi-phase, multi-component

under diverse conditions.

applicability to calculate the solubility of,€C; gases

in a wide range of conditions. Although thermodynamic’ ow through di erent media such as fault zones, fracture
approaches are highly eient, they are usually complex and networks, and low permeability layers. The BRT-BO model

have a limited application domain. For example, the Magan serve as an alternative to thermodynamic models needed
model, which requires many empirical parameters, is limitetb calculate the phase behavior of various gas components
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during the transport. This would reduce the complexity ofunding Open Access funding enabled and organized by Projekt
numerical models making groundwater contamination modef8EAL-
more e cient. Therefore, the BRT-BO model can be further . _ _ _
imol ted | ical deling f ks to add Data availability The data used for this study is available from the
!mp emen edin num?rlca mo e'”g ramewor stoa I’F"Scsorresponding author upon reasonable request.
issues in the éld of science and engineering.
Future studies might explore incorporating the impact ofonflict of interest  N/A.

ionic strength and sped‘ion e ects on gas solubility directly . , o

ithin th hine | . lqorith imina to furth . Consentto participate Informed consent was obtained from all indi-
WI in _e _mac In€ learning fa_gon m, a|m|ng_o W CINE" \idual participants involved in the study.
its predictive accuracy. Additionally, the application of alter-
native optimization algorithms could er improvements Ethical approyal All procedures performed in this study were in
in the performance of machine learning models. While th&ccordance with the ethical standards.
dataset used for model development was adequately exten-
sive, expanding this dataset could further improve the model&pen Access This article is licensed under a Creative Commons

accuracy and its ability to generalize across a broader rang[éribution 4.0 International License, which permits use, sharing, adap-
of conditions tion, distribution and reproduction in any medium or format, as long

as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
6 Conclusions were made. The images or other third party material in this article are
included in the articless Creative Commons licence, unless indicated

We employed regression tree (RT) and boosted regression totherwise in a credit line to the material. If material is not included in
ploy 9 g {R& articless Creative Commons licence and your intended use is not

(BRT) algorithms optimized with a Bayesian optimizationpermitted by statutory regulation or exceeds the permitted use, you will
algorithm to build a model able to calculate solubility ofneed to obtain permission directly from the copyright holder. To view a

methane, ethane, and propane in aquatic systems over a wiQey of this licence, visttttp://creativecommons.org/licenses/by/4.0/
range of pressure, temperature, and salt concentrations. The

RT-BO and BRT-BO are able to determine the solubility
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