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ARTICLE INFO ABSTRACT

The responses of hydrate reservoir during gas production are complex due to the spatially and temporally
evolving thermo-hydro-mechanical properties. Accurate modeling of the behavior, therefore, requires a coupled
multiphysics simulator with a large number of parameters, leading to substantial computational demands. This
makes it challenging to efficiently predict long-term reservoir responses. In this study, by utilizing an artificial
neural network (ANN) algorithm, a meta-model is proposed to deep learn the relationship between the material
properties and reservoir responses, including borehole displacement and fluid production. As such, a set of 950
coupled thermo-hydro-mechanical simulations of a one-layer sediment axisymmetric model is carried out for six-
day gas production via depressurization. Eighteen input parameters are considered in each simulation covering
four physical aspects, namely hydrate dissociation, thermal flow, fluid flow, and mechanical response. With this
comprehensive dataset of the responses, a meta-model is established based on the trained neural network, re-
sulting in an efficient prediction of the responses with significantly reduced computational demand. The model is
then further utilized to predict the future reservoir responses, and it is found that the results are in a good
agreement with those from the fully-coupled simulator.
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1. Introduction

Methane hydrate is a clatherate compound consisting of methane
gas and water molecules, which exists under high pressure and low
temperature conditions, such as deep sea or permafrost regions. When
such pressure-temperature condition is varied and moves outside the
stability zone, phase change occurs where the solid hydrate dissociates
into methane gas and water, thereby enabling extraction of methane
gas as a potential energy source. More than 200 gas hydrate sites have
been identified around the world (Makogon and Omelchenko, 2013;
Kvenvolden and Rogers, 2005), and many consider them as a possible
option to meet the growing energy demands (Kvenvolden, 1988;
Kvenvolden, 1998; Boswell, 2009; McCartney et al., 2016). There have
been a number of field-scale gas production tests from gas hydrate-
bearing sediments, including those in Canada (Hancock et al., 2005;
Dallimore et al., 2012), USA (Anderson et al., 2011; Schoderbek et al.,
2013), China (Wang et al., 2014) and Japan (Yamamoto et al., 2014).
Therefore, characterization of hydrate reservoirs and investigation of
their behaviors under various field conditions and operational
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procedures have attracted substantial research interests.

Gas production from hydrate reservoir involves dissociation of hy-
drates and the ensuing fluid flows towards the production well. This
accompanies the consolidation process that leads to deformations of the
sediments and also changes in the permeability. The multiphysics
processes entail unsaturated soil mechanics and seepage phenomena,
triggered by pressure- or temperature-induced hydrate dissociation
which is an endothermic reaction. Meanwhile, the dissociation of hy-
drate also affects the structure of the hydrate-bearing sediments and
leads to changes in their strength and stiffness (e.g. Uchida et al., 2012;
Uchida et al., 2016). Simulations of such coupled thermo-hydro-me-
chanical processes have been reported by various researchers (Sun
et al., 2005; Liu and Flemings, 2007; Kimoto et al., 2007; Rutqvist et al.,
2009; Moridis et al., 2011; Kim et al., 2012; Klar et al., 2013; Gupta
et al., 2015; Uchida et al., 2016; Sanchez and Santamarina, 2017; Shen
etal., 2016; Jiang et al., 2016; Sanchez et al., 2017). Among the various
approaches and constitutive models, simulating this complex coupled
processes is often computationally demanding and requires a large
number of material parameters to represent multiple facets of the
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Fig. 1. Single calculation cycle by the adopted FLAC THM simulator.

hydrate reservoir behavior. In addition, heterogeneity and uncertainties
of in situ material properties affect the accuracy of model predictions to
various extents (Zhou et al., 2018). These uncertainties are com-
pounded by the temporal changes in the sediment properties as hydrate
dissociates, both hydrologic and mechanical properties of the sediments
are altered to different degrees (Waite et al., 2009; Zhou et al., 2018).
Therefore, accurate predictions of hydrate reservoir responses are dif-
ficult, while probabilistic approaches normally involve large numbers
of analyses, and are hampered by significant computational demands
associated with the coupled thermo-hydro-mechanical simulations.
Recent years have seen substantial developments in the field of
machine learning, particularly the development of neural network
models, for predictions of complex system behaviors including those in
various engineering disciplines. Some examples in civil engineering
include predictions of structural element behavior and building re-
sponse (Bal and Buyle-Bodin, 2013; Kewalramani and Gupta, 2006; Li
et al., 2011), groundwater level forecasting (Adamowski and Chan,
2011) and cost estimates of infrastructure projects (Cheng et al., 2010;
Hola and Schabowicz, 2010). Applications of machine learning
methods in geotechnical engineering range from predictions of soil and
rock properties (Goh, 1995; Yilmaz and Kaynar, 2011; Asghari et al., in
preparation), to approximations of system response for foundations
(Goh, 1996; Abu Kiefa, 1998; Shahin et al., 2002; Momeni et al., 2015;
Pooya Nejad and Jaksa, 2017), slopes and retaining structures (Goh
et al., 1995; Ni et al., 1996; Tien Bui et al., 2016). Many of these pre-
vious studies took advantage of machine learning algorithms to reveal
patterns of soil variability or field measurements of system response.
However, such approach may not be feasible for the investigation of
hydrate reservoir behaviors during gas production operations, since

there are only a handful of field tests around the world so far and the
number of data points is very limited. To date, only a few attempts of
machine learning applications have been reported on hydrate reservoir
characterizations. These applications include prediction of the dis-
tribution of hydrocarbon reservoirs (Lee et al., 2017; Lin et al., 2018),
classification of the reservoir facies (Saikia et al., 2019), and prediction
of reservoir lithology (Singh et al., 2019). There has been no published
work in the literature on the use of machine learning in predicting the
hydrate reservoir behaviour related to the production response.
Considering these unique features and challenges of gas hydrate
studies, this paper proposes a meta-modelling approach using neural
network, which is trained by a synthetic dataset produced by a series of
coupled numerical simulations. In the subsequent sections, the multi-
physics aspects of gas production from hydrate bearing sediments will
be described, through governing equations of the thermo-hydro-me-
chanical simulations and the associated material parameters. The
training and testing data for the neural networks are produced by a
series of coupled thermo-hydro-mechanical simulations, where the
material parameters are varied across the multi-dimensional sample
space. The neural network approach for meta-modelling will then be
introduced, and illustrated with a hypothetical scenario of gas pro-
duction from a hydrate reservoir. The meta-model represents the re-
lationships between material properties (i.e., thermo, hydrologic and
geomechanical properties of hydrate-bearing sediments) and the re-
servoir response (i.e., gas and water production and borehole dis-
placements), and is capable of reproducing the results from coupled
simulations with much higher computational efficiency. The robustness
of the meta-model is also demonstrated through predictions of the re-
servoir response beyond the time frame of the synthetic training data.
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2. Thermo-hydro-mechanical simulation of hydrate reservoir
2.1. Overview of the FLAC thermo-hydro-mechanical simulator

To create the synthetic dataset to train the neural network, this
study utilizes the thermo-hydro-mechanical formulation originally de-
veloped by (Klar et al., 2013) for hydrate-bearing sediments. This for-
mulation was implemented by (Klar et al., 2013) into a commercial
finite difference program, FLAC (Itasca Consulting Group), using the
programming language FISH that is embedded within FLAC to enable
definition of new variables and functions associated with hydrates.
Herein, this numerical tool is referred to as the FLAC THM (thermo-
hydro-mechanical) simulator in this study. Apart from the built-in
equation of motion, the FLAC THM simulator solves the newly-defined
governing equations as well as the coupled equations. Fig. 1 presents
how the FLAC THM simulator solves these governing equations in a
single calculation cycle. Each calculation cycle begins with known state
variables including pressures, saturations, porosity, temperature, ef-
fective stress, and plastic strain. Based on these state variables, thermo-
hydro-chemo-mechanical parameters are updated such as (from left to
right) bulk thermal conductivity, intrinsic permeability, hydrate phase
equilibrium pressure and the stiffness of hydrate-bearing soil. Next,
FLAC THM simulator solves the governing equations independently for
each thermo-hydro-chemo-mechanical component to determine heat
flux, fluid fluxes, hydrate dissociation/formation rate and incremental
strain. Finally, these quantities are then used to solve coupled equa-
tions, deriving increments of the state variables. Detailed description of
each equation can be found in (Klar et al., 2013).

The simulator used in this study is an extended version of the work
by (Klar et al., 2013). It includes the effect of residual saturations on the
multiphase flow and adopts the hydrate-bearing soil model that cap-
tures volumetric yielding. It has been used to analyze the responses of
actual gas hydrate reservoirs during field-scale gas production tests, for
example, at the Mallik gas hydrate site in 2007 and 2008 (Uchida et al.,
2012) and also at the Eastern Nankai Trough in 2013 (Zhou et al.,
2018). The simulator has been shown to be capable of matching fluid
production history and also of revealing the effects of mechanical re-
sponse on the reservoir behavior. In this coupled formulation, the ef-
fective water saturation, S,, is given by:

- Sw - Srw(1 - Sh)
(1 - Srw - Srg)(l - Sh) (1)

e

where S,, and S,; are the residual water and residual gas saturation,
respectively, and S, and S,, are hydrate and water saturation, respec-
tively. This leads to the modification of relative permeability relations
by (van Genuchten, 1980), so that the volumetric fluxes for the multi-
phase flow are given by:
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where q is the volumetric flux, k" is the relative permeability factor, K
is the intrinsic permeability, N is the power to correlate the intrinsic
permeability with effective permeability (Masuda et al., 1999), u is the
viscosity, P is the pressure, p is the density, with the subscript g and w
representing gas and water, respectively. g is the gravitational vector,
and a, b and c are the van Genuchten model parameters for the relative
permeability factor (van Genuchten, 1980). Through the effective water
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saturation, the residual saturations also affect the development of ca-
pillary pressure, P:

R=F PR, =R(s* -1 (6)

where P is the air entry pressure.

Mechanical behavior is modeled by the methane hydrate critical
state model (Uchida et al., 2012; Uchida et al., 2016). As the model
adopts an associated flow rule, the yield function, f, and the plastic
potential, g, are identical and given by:

f=g=q¢+M¥YP[p - R@, +p,)] @)

where q is the deviator stress, p’ is the mean effective stress, M is the
stress ratio (= q/p’) at the critical state, R is the subloading ratio to
accommodate smooth transition from elastic to plastic state
(Hashiguchi, 1989), pc’s is the preconsolidation stress of the host soil, pc’ ”
is the increase in the preconsolidation stress due to presence of hydrate.
The evolution of R, p; and p/, are given by:

dR = —uln(R)|d €?| ®
Py = eXP(% E")p’

= A= -n) ") ©)
ply = alexp(—m €f)s, 1P 10)

where u is the property that determines the evolution of subloading
ratio, €P is the plastic strain vector, n is the porosity, 4 is the slope of
compression line, x is the slope of reloading line, €} is the plastic vo-
lumetric strain (compression positive), p, is the initial preconsolida-
tion stress of the host soil, €] is the plastic deviatoric strain, m is the
parameter incorporates degradation of mechanical contribution of solid
hydrate caused by deviatoric deformation, and « and 8 determines the
increase in the preconsolidation stress due to hydrate. The contribution
of hydrate to elastic modulus is given by:

! E,
p ho exp(—m €})S,

K= a e T 30-m 11

where K’ is the bulk modulus of hydrate-bearing soil, Ej is the increase
in Young’s modulus due to presence of hydrate and v is the Poisson’s
ratio of hydrate-bearing soil.

In order to create the synthetic dataset, this study varies 18 para-
meters that constitute the aforementioned hydro-mechanical properties
described in Egs. (1)-(11)), and these are listed in Table 1. In total,
there are approximately 40 more thermo-hydro-chemo-mechanical
properties required to conduct the coupled analyses by FLAC, and they
are summarized in Table A.1. While all material properties may entail
certain degrees of variation, it is assumed in this study that the 40 other
physical or chemical properties are associated with less uncertainty.
Admittedly, the precise values of those parameters may also affect the
reservoir behaviour. These effects are, however, not considered within
the scope of this study, which focuses on the geo-mechanical and hy-
drological behavior and their coupled effects.

2.2. Model geometry and reservoir response

Fig. 2 presents the model geometry of a homogeneous hydrate re-
servoir, adopted herein for creation of the synthetic dataset. From the
modeling perspective, a reservoir with thick production zone can be
simplified into a single radial layer without thermal or fluid flow in the
vertical direction. The depth of the considered layer is assumed to be at
1300 m below sea level and 300 m below sea floor, corresponding to
the initial pore water pressure of 13 MPa and the initial effective ver-
tical stress of 3 MPa. The initial effective horizontal stress is assumed to
be 1.5 MPa. The initial porosity is 0.35, the initial temperature is 285 K
and the initial hydrate saturation is 50 %. These conditions are similar



M. Zhou, et al.

Table 1
18 model parameters selected for this study.

name symbol eq. mean max min
Hydrologic (8)
initial intrinsic IIK]| (2),(3) 107 m? 10-118 2 1p-142 2
permeability
effective permeability N 2), (3 6.0 7.2 4.8
power
air entry pressure Py 6) 10 kPa 12 kPa 8 kPa
van Genchten parameter a (4), 0.70 0.84 0.56
(5), (6)
van Genchten parameter b (&)) 0.5 0.6 0.4
van Genchten parameter c (5) 0.5 0.6 0.4
residual water saturation Srw [@D)] 0.30 0.36 0.24
residual gas saturation Srg (¢D) 0.25 0.30 0.20
Mechanical (10)
critical state stress ratio M 7) 1.30 1.56 1.04
slope of swelling line x 9), 0.010 0.012 0.008
an
Poisson’s ratio v (11) 0.30 0.36 0.24
slope of compression line A ) 0.15 0.18 0.12
initial preconsolidation Pc,so 9 6.0 MPa 7.2 MPa 4.8 MPa
stress
hydrate dependent a (10) 20 MPa 24 MPa 16 MPa
strength
hydrate dependent B (10) 1.0 1.2 0.8
strength
subloading ratio u (8 exp(4.0) exp(4.8) exp(3.2)
evolution
hydrate dependent Eno an 10 GPa 12 GPa 8 GPa
modulus
hydrate degradation m (10), 10 12 8
factor a1

to those observed from the actual hydrate reservoirs (Uchida et al.,
2012; Uchida et al., 2016). Under the initial temperature, the phase
equilibrium pressure Py~ 9.8 MPa and therefore there is no gas under
the initial condition (i.e., Sq0 = 0 and P,y = Fy). The well is assumed to
be open-hole completion with an initial radius of 0.15 m, which allows
deformation of the borehole. This is represented by the total stress
boundary at the well which is equal to the well pressure. The well
pressure, B, decreases linearly from the initial total radial stress of
14.5 MPa to 5 MPa, at the rate of 4 MPa/day to simulate the de-
pressurization process that follows the well-boring. The pore fluid starts
to flow into the well once the well pressure becomes lower than the
initial pore water pressure (= 13 MPa), occurring at 0.375 day. The
outer model boundary is set at 50 m, where the pore pressure, the total
radial stress and temperature remain unchanged. The layer is radially

homogeneous gas hydrate reservoir

b
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discretized into 20 elements with the size of 0.15 m adjacent to the
well, and increasing at a ratio of approximately 1.24.

Table 1 also shows the mean values of the 18 parameters, which are
based on values reported in previous studies on actual hydrate re-
servoirs (Uchida et al., 2012; Uchida et al., 2016). The maximum and
minimum values of the ranges are taken as +20% of the mean values. It
is important to state that the parameter values, and the associated
ranges in Table 1, may be considered as ’site specific’ parameters, in a
way similar to the model geometry and other site conditions. Subse-
quently, the established meta-model is applicable only to these site
conditions and parameter ranges. By demonstrating the capabilities of
meta-modelling approach through this study, it becomes possible to
work towards developing universal model for various site conditions in
a future study.

It should also be noted that among the 58 properties used to define
the analyses (Table 1 and Table A.1), some are model parameters of the
constitutive relationship (e.g., specific heat, bulk modulus, and critical
state stress ratio) while others are state variables that represent specific
site conditions (e.g., initial stress conditions, porosity, hydrate satura-
tion, temperature). While the state variables are important factors that
affect the reservoir responses during production, their initial values are
treated as known quantities for a target location at a specific site, and
are therefore not considered as varied inputs in the meta-model de-
velopment in this study. These state variables during gas production are
constantly updated within the FLAC THM simulator.

Fig. 3 presents spatial and temporal changes in the thermo-hydro-
mechanical state variables over a six-day period of gas production,
when the mean values are adopted. At t = 1 day, the well pressure is
10.5 MPa, which is above the initial phase equilibrium pressure
(Fig. 3a). Thus, no hydrate dissociation occurs and S, remains at 50%,
so does S,, while S; remains at zero (Fig. 3b). During well-boring pro-
cess from t = 0 to 0.375 days, the borehole contracts due to the de-
crease in the well pressure, leading to the increase in g under constant
p' as the effective radial stress reduces while the effective circumfer-
ential stress increases by the same amount. After ¢t = 0.375 days when
the well pressure becomes lower than the in situ pore pressure, p’ starts
to increase while g keeps increasing, especially at the well boundary.
This results in the increase in g/p’ at the well boundary from its initial
value of 0.75 (Fig. 3c). On the other hand, the sediments away from the
well experience an increase in p’ due to depressurization while devel-
oping relatively small g due to relatively small radial displacement,
leading to the decrease in q/p’ (Fig. 3c). Att = 2 days, the well pressure
is 6.5 MPa and hydrate dissociation occurs. When hydrate is present,
the pore gas pressure can only reach as low as the phase equilibrium
pressure. Therefore, B, (= F, — R) and F, are almost identical in the
area where hydrate dissociation is ongoing, up to r ~ 2 m (Fig. 3a). Due

AV

C Po=13MPa
—_— — —_— B Swo =S50 =50 %
analyzed section: in this:study::::: 0= Pyel : 11 ng=0.35 0,0 =14.5 MPa
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Fig. 2. Hydrate reservoir considered for this study.
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Fig. 3. Spatial and temporal changes in (a) hydrate, gas and water saturation; (b) pore water pressure and the phase equilibrium pressure; and (c) stress ratio.

to the endothermic nature of hydrate dissociation, the phase equili-
brium pressure decreases, where hydrate dissociation occurs. Both B,
and R, are the lowest near the well simply because the temperature is
lowest, as it is associated with the largest amount of hydrate dissocia-
tion, i.e., the smallest S, (Fig. 3b). The value of q/p’ reduces further
away from the well due to depressurization that leads to increase in p’
(Fig. 3c). This implies that the sediments away from the well deform
more in a volumetric manner. Att = 6 days, the well pressure is 5 MPa,

inducing more reduction of B, as well as B, (Fig. 3a). Correspondingly,
more hydrate dissociation is evident (Fig. 3b), accompanied by larger
volumetric deformation (Fig. 3c).

Fig. 4 presents the reservoir responses in terms of histories of pro-
duced gas (in mass per unit height per unit radian), produced water (in
mass per unit height per uni radian), and borehole displacement for
6 days, evaluated at 0.2-day time intervals. Unlike conventional gas
reservoir, hydrate reservoir does not contain gas at the initial state. In
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Fig. 4. Response in terms of (a) gas production, (b) water production and (c) borehole displacement.

this study, hydrate dissociation commences at around ¢ = 2 day so that
gas production becomes visible only after t = 2 days (Fig. 4a). Ac-
cording to Egs. (2),(3), the permeability of the sediments reduces with
the presence of hydrate, which also means the sediments become more
permeable with hydrate dissociation, leading to the increase in the rate
of water production (Fig. 4b). As the stiffness and strength of the se-
diments are also hydrate-dependent, the rate of borehole displacement
also increases when hydrate dissociation commences, as shown in
Fig. 3c. Although the displacement rate reduces after ¢ ~ 3 days, the
borehole displacement keeps developing. This implies that the stress
state of the reservoir continues to evolve even after the well pressure
becomes constant, due to the ongoing hydrate dissociation away from
the well that reduces the sediment stiffness and strength, increases the
sediment permeability and hence reduces pore pressure.

2.3. Synthetic data creation

To development the meta-model, this study creates synthetic data
numerically through varying 18 material properties (Table 1) and ob-
taining the corresponding reservoir responses, namely, the amount of
produced gas, produced water and borehole displacement, an example
of which is presented in Fig. 4.

There are a number of approaches to sample a multi-dimensional
parameter space, such as Latin hypercube sampling, and generations of
Halton sequence or Sobol’ sequence (McKay et al., 1979; Halton, 1960;
Sobol’, 1967). This study utilizes the sampling method adopted by
(Morris, 1991) because of its capability of comprehensive sampling
with relatively small number of simulations. In this method, the k
parameters (i.e. the 18 varied parameters in Table 1) associated with an
output Y (i.e., gas and water production and borehole displacements)
are normalized and mapped to a k-dimensional unit cube. The cube is
then discretized into p levels, leading to p* crosspoints. Out of these
crosspoints, p — 1 sampling points are selected to form a trajectory.
Between two adjacent sampling points on one trajectory, only one di-
mension is varied by a predetermined step A. The direction of the step
can be randomly selected. In this study, the number of investigated
parameters is k = 18, while p = 20 and 50 trajectories are adopted to
thoroughly search the sampling space. A = 0.5p/(p — 1) based on the
recommendations by (Morris, 1991), and these settings lead to alto-
gether 19 sampling points multiplied by 50 trajectories, resulting in 950
cases.

It is worth noting that this sampling approach does not explicitly
consider the potential correlation among the parameters, such as the
positive correlation between 1 and . It may be possible to include such
cross-correlation effects, by modifying the current method or adopting
alternative methods that incorporate multivariate distribution.
However, both approaches would lead to additional sampling

parameters to be defined or assumed, i.e., the cross-correlation coeffi-
cients between the 18 parameters. Many of these coefficients have not
been widely studied and would likely introduce more uncertainty into
the analyses, and the drawbacks may outweigh the advantages of the
current approach, which covers the sampling space comprehensively
through the multiple sampling trajectories. Arguably, some uncommon
(but not necessary impossible) combinations of parameters may arise in
this process, e.g., a high 4 value together with a low x value. In fact,
even if cross-correlation coefficients are introduced into the framework,
such combinations can still arise when generating correlated random
variables. In this study, such combinations are not ruled out simply
based on intuition or experience, as long as the ranges of parameters
(upper and lower bounds) are physically feasible. Perhaps more im-
portantly, the key objective of the sampling approach is to cover the
entire sampling domain, and the focus of this work is to show that ANN
is capable of constructing an accurate meta-model for various combi-
nations. The outcome of this process and the accuracy of ANN would
not be affected by assumptions of cross-correlation between para-
meters.

Subsequently, with the FLAC THM simulations described earlier,
these 950 cases provide history of reservoir responses, including gas
production, water production and borehole displacement, recorded at
every 0.2 days for a 6-day period. As a result, at every recorded time
there are 17100 data points regarding material properties (950 X 18),
which are ”inputs” for the neural network, and also 2850 data points
regarding reservoir responses (950 x 3), which are “targets” for the
neural network. This dataset is visualized in Fig. 5.

3. Neural network approach to construct meta-model

The objective of the meta-model is to predict the reservoir responses
for a desired period of time from any arbitrary combination of the
eighteen input model parameters. To this end, two blocks of artificial
neural networks (ANNs) are utilised in this study, hereinafter referred
to as the first- and the second-block ANN, respectively. A schematic
diagram of the meta-model is shown in Fig. 6. The first-block ANN of
the meta-model predicts the reservoir responses at each recorded time,
which is the time point (i.e., 0.2-day, 0.4-day, ..., 6-day) when the
corresponding FLAC simulation outputs are recorded. The second-block
ANN of the meta-model uses the six-day continuous data points ob-
tained from the first-block ANN to establish a time series predictor that
anticipates the future reservoir responses beyond the six days.

3.1. The ANN for THM responses

The first-block ANN is developed to approximate the gas produc-
tion, the water production, and the borehole displacement at any
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recorded time within the first 6 days. It is implemented in four steps: (1)
Data pre-processing, (2) Establishment of the overall network structure,
(3) Network training, and (4) Assessment of the first-block ANN accu-
racy.

The first step is to pre-process the data, including 18 different ma-
terial properties for 950 cases and their corresponding FLAC outputs,
namely gas production, water production, and borehole displacement
over six days. Before using the dataset, the material properties and the
reservoir responses at every 0.2 days are stored in different vectors, and
the maximum and minimum values of each variable are calculated.
Then, the dataset is normalized as follows:

X(0) = 2( X () = Xoin(0) ) .

Xmu.x (l) - Xmin (l) (12)
Y*(l) — 2( Y(i)._ Ymm(l) ) -1

Ymax(l) - Ymin(l) (13)

where i represents the case number (from 1 to 950), X (i) and Y (i) re-
present the original value of the material parameters or response va-
lues, the subscripts min and max present the minimum and maximum
values of each parameter or response, respectively, and X* (i) and Y* (i)
denote the normalized data. This normalization is performed for all of
the 18 material parameters (X) and the 3 aspects of reservoir response
(Y). At the early stage before any gas is produced, Y*(i) is set to be 0 as
both Y., (i) = Yy (i) = 0 at that particular time. The normalization
process facilitates the calculation by making the data dimensionless.

Additionally, it limits the range of data to vary between [—1, 1], and
consequently controls the algorithm search domain, which results in
less complexity and higher accuracy of the ANN.

Based on the processed data, 20% of the normalized data is selected
as the testing data and the remaining 80% is selected as the training
data. This data division (i.e., 20/80 percent) is proposed by most of the
studies available in the literature (Mia and Dhar, 2016; Ghorbani et al.,
2020; Ranasinghe et al., 2017; Premalatha and Arasu, 2016; Panja
et al., 2018) to ensure that there are enough testing samples which have
not been used during the training process of ANN but used to test its
accuracy. However, a higher percentage for testing can also be used if
the amount of raw data is large enough. As a result, 760 simulation
cases (80% of the 950 simulation cases) are allocated for the training
process, and the remaining 190 simulations (20% of the 950 simulation
cases) are stored for network testing.

After creating the training dataset and the testing dataset, the basic
structure of the neural network is established. In this study, a multi-
layer perceptron (MLP) is used to implement the ANN. The proposed
network structure, as shown in Fig. 6, consists of the dataset, two
hidden layers with 10 and 5 neurons, respectively, and the predictions
of the reservoir responses. The prediction consists of 3 classes, each
with 30 neurons, which represent the simulation results of gas pro-
duction, water production, and the borehole displacement at the 30
time intervals (0.2-day intervals for 6 days). The hyperbolic tangent
sigmoid transfer function (tansig function) was used as the activation
functions in the hidden layers. The ANN was first trained using one
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Fig. 8. The analysis output for testing data, reporting (a) primary testing data versus ANN results for t =

histogram, and (d) the relative error histogram.

hidden layer, but it could not achieve satisfactory accuracy even with a
large number of neurons in one layer. Therefore, two hidden layers
were implemented in this study to accomplish accurate predictions. By
adopting a trial-and-error method to adjust the number of neurons in
each hidden layer, the MLP model with ten neurons in the first hidden
layer and five neurons in the second hidden layer led to a good per-
formance. Thus, the ANN for THM responses was finalized with two
hidden layers without adding any further layer.

The initial MLP model was then generated using the training dataset
with the proposed layer structure. The training data was introduced
into the ANN to train the network by determining the biases and
weights through minimization of the root mean squared error (RMSE).
Once the minimum RMSE was obtained, the network training process is
complete and the ANN can be used to make predictions and its accuracy
can be evaluated using the testing data set.

The performance of the neural network was evaluated by comparing
the results obtained from the neural network, Y ny, with the actual
primary values, resulted from FLAC simulation, Y,uq. The comparisons
between the predictions from the ANN network and the training data
over all the 760 cases for gas production at the third day are presented
in Fig. 7(a). The two lines are almost identical and thus Yy is only
visible in the figure. Similarly, the comparisons between Y yy and the
Yaema for the testing data (= 190 cases) are plotted in Fig. 8(a). The
absolute difference between these two, termed herein as absolute error,
is calculated as follows: 6Y = Y,.ua — Yann, and plotted in Figs. 7(b)
and 8(b), respectively. The relative error is calculated as follows:
de = M The histograms of the absolute and relative errors are

also plottéda in Figs. 7(c) & (d) and 8(c) & (d), respectively.

(@

3 days, (b) the absolute error, (c) the absolute error

To assess the overall accuracy of the first-block ANN, the whole set
of FLAC simulation results was plotted against the prediction results
obtained from the first-block ANN (Fig. 9). A reference line with gra-
dient of 1 is included on the plot, and shows the almost perfect match
between the ANN predicted results and the FLAC simulation results.
The RMSE values for the training and testing dataset for all three pre-
diction results are computed and summarised in Table 2. The RMSE
values for both the training and the testing sets are very small, which
suggest that the proposed first-block ANN can make accurate predic-
tions.

By combining the predicted results of the first-block ANN into a
single vector, the predicted time histories can be compiled for the first
6 days. The time history of 3 simulations (Case #300, #600 and #900)
out of the 950 simulations were plotted in Fig. 10 and compared with
the corresponding FLAC THM simulation results. The comparison sug-
gests that the resulting time history matched well between the simu-
lation results and the first-block ANN predictions.

3.2. The ANN for forward prediction

The second-block ANN adopts the prediction results of the first six
days from the first block to predict the future reservoir responses.
Therefore, a time history prediction is required in the second block and
is implemented by an incremental algorithm.

Based on the data imported from the first-block ANN, there is only
one data point available at each 0.2 day, i.e., 30 data points for the
whole six days. This amount of data may not be large enough to allow
the second-block ANN to learn the trend of the target time history
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Fig. 9. Simulation results against the ANN predictions for (a) gas production, (b) water production, and (c) borehole displacement.

Table 2
RMSE values of the three prediction results.

Predictions RMSE for training data RMSE for test data
Gas production (kg) 2.324 2.933
Water production (kg) 2.569 4.123
Borehole displacement (mm) 0.124 0.145

effectively. To resolve this issue, an up-sampling process is im-
plemented to extract more data from the time history and feed it into
the learning process of the second-block ANN. For this purpose, the
interval between each two time step is divided into 10 smaller intervals,
and the corresponding data points are estimated via linear interpola-
tion. Therefore, the new time step is set to be dt = 0.02 days, and 300
data points are stored for each input time history. A smaller time step
enriches the training and testing dataset for the second-block ANN,
which subsequently helps obtain better convergence and estimation
results with smaller computational errors. The results of the up-sam-
pling process for water production data (Case #300) is shown in Fig. 11.

Denoting the resulting time history as a sequence of data, i.e.,
{y, Y5, ..., Y,}, it can be assumed that each component of the sequence
depends on a set of previous responses. For example, taking the re-
sponse at each time step as a function of those in the five preceding
steps, a new equation can be established as follows:
Y, = f (Yo-1, Y2, Yu_3, Y4, Y,_5). Extending this assumption over the

10

entire time series:

Y1 =f (Y2 Yaos, Yoos, Yiis, o)
Yoz = f (Y3, Y4, Vs, Yog, Yi7)

14
Yo=f(% Ys Y5 12, Y1)
This set of equations can be rewritten in matrix form as follows:
Y, Yoor Yao Yoz Y Yo
Yn.—l —f Yoo Y3 Yni4 Yos Yo6
% % Y% % % % (15)

Next, by assuming the right-side matrix as input data and the left-side
vector as target data, the second-block ANN is trained with a hidden
layer consists of 5 neurons to estimate the function f(.). Then, this
neural network can approach the target parameter value one step ahead
as follows: Y41 = f (Y, Yao1, Yoo, Yooz, Yog) (Fig. 6).

For instance, the prediction of the first 6 days obtained from the first
block is used in the second block to estimate the function f(.) and
consequently predict the responses at step t = 6.02 day. 240 time step
data points were used as the training data (80% of the 300 data points
for the 6-day simulation) and 60 time step data points were used as the
testing data (20% of the 300 data points for the 6-day simulation).
Fig. 12 shows the training and testing data versus the output of the
second-block ANN for the case number 300. A reference line with
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Fig. 10. Results of the ANN in estimating the time history of (a) gas production, (b) water production, (c) borehole displacement.
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t = 6.02 day. The predicted result at t = 6.02 day is then fed into the

o Data imported from first-block ANN

Interpolated data

increment.

second block, to create a new ANN for predicting the next time step at
6.04 day. Therefore, the future data points after six days can be pre-
1 dicted by the second-block ANN through gradually increasing the time

] To check the accuracy of the second-block ANN prediction, 8-day
predictions for 3 specific cases (Case No. 300, 600, and 900) out of the
950 are simulated via FLAC. The corresponding first 6 days gas pro-
duction, water production and borehole displacements were predicted
by the first-block ANN. The first-block ANN prediction results are then
fed into the second-block ANN, and the time series predictions are
performed to obtain the corresponding results on the 7th and 8th days.

s The results of the corresponding second block ANN are compared with

3
Time (day)

the simulation outputs as shown in Fig. 13. The first-block ANN re-

presented by the blue line gives the first 6-day prediction, and the

second-block ANN represented by the red line gives the prediction re-

sults for the seventh and eighth days. Overall, the second-block ANN

correlation for both the training data and the testing data. When the
accuracy of the second block in estimating the results is ensured, the
obtained ANN is used to predict the output at a future time step:

11

prediction results matches favorably with the FLAC simulation results.
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Fig. 13. Results of time-series prediction for (a) gas production, (b) water production, and (c) borehole displacement.

4. Evaluation of execution time

The computational efficiency of the proposed meta-model is de-
monstrated by comparing its processing time with the FLAC THM

(@)

(b)

(©)

simulator for three specific reservoir cases (Case 300, 600, and 900).
The numerical experiments for 8-day gas production were carried out

12

on a desktop equipped with two GeForce GTX 1080 graphics processing
units (GPUs), 64 GB of random access memory (RAM), and one Intel
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Table 3
For 6-day gas production prediction, the execution time of the first-block ANN
and the FLAC THM simulator for Case 300, 600, and 900.

Prediction method Case 300 Case 600 Case 900
First-block ANN 0.071 s 0.069 s 0.067 s
FLAC THM simulator 1400 s 7000 s 540 s

Core i7-5820 K central processing unit (CPU). For 6-day gas production
prediction, the execution time of the first-block ANN and the FLAC
THM simulator for three specific reservoir cases are shown in Table 3. It
is seen that a typical calculating of the FLAC THM simulator for 6-day
gas production takes on average more than 1000 s while the first-block
ANN only takes less than 0.1 s. The variation in the calculation time by
theFLAC THM simulator is caused by the critical time required for
numerical stability associated with monotonic flow (proportional to the
element size and inversely related to the permeability and bulk mod-
ulus). The computational efficiency of the first-block ANN is ten thou-
sands times faster than the FLAC THM simulator. For 6 to 8 day gas
production prediction, the second-block ANN takes about 6 s for pre-
dicting the reservoir responses at each time increment (0.2 day),
whereas the execution time taken by the FLAC THM simulator for each
0.2-day interval is on average longer than 10 s.

As for the second-block ANN, it should be mentioned that the
training and prediction processes are implemented together in a single
loop. That is, after introducing the 6-day data from the first-block ANN
into the second-block ANN and performing the interpolation process, a
neural network is trained and then used to predict the target value in a
step forward. Then, with the new value obtained, the data set is up-
dated, and a new neural network is trained again to predict the target
value in the next step. This process is repeated until the target value at
the last time point (i.e., day 8) is reached. Since training and prediction
are integrated in this implementation, the process takes relatively
longer than the first-block ANN (10 min on average). However, this
time is still compatible with the time required by the FLAC simulator to
provide the target values during days 6 to 8 (10 min on average). Even
at the current state, the established meta-model is more efficient
compared with the FLAC THM simulator. This superiority will be even
more significant when the simulation considers more complex natures
of the hydrate reservoir, since the speed of FLAC simulations will de-
pend on size and geometry of model domain, heterogeneity and com-
plexity of constitutive model, while the efficiency of ANN is much less
affected by these aspects.

5. Discussions and conclusions

This paper proposes a meta-model consisting of two-block neural
network models for simulation of gas production operations in methane
hydrate-bearing reservoir. The first-block learns the relationship be-
tween the material properties and the reservoir responses, while the
second-block explores the evolution of reservoir responses with time.
The main advantage of this meta-model lies on its computational effi-
ciency, which is thousands of times faster than the more sophisticated
FLAC THM simulator. The precise time taken by the FLAC THM

Appendix A

Table 4
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simulator is case-dependent, whereas the meta-model is much less de-
pendent on modeling features.

Notwithstanding the vast potential of the meta-models, it should be
noted that ANN only learns what it is being taught. Its ability to predict
the reservoir responses hinges on the fixed time frame modelled by the
FLAC THM simulator which creates the training dataset. Reservoir re-
sponses are dynamically changing throughout different gas production
periods, and various mechanisms may evolve with time. Therefore, only
a limited future period can be reasonably predicted by the established
meta-model. For example, it is not realistic to use 6-day production data
to extrapolate to weeks or months of future predictions.

It is important to reiterate that the 18 hydro-mechanical model
parameter values, and the associated ranges adopted in this study, may
be considered as ’site specific’ parameters. Therefore, the established
meta-model is applicable only to these site conditions and is not meant
to be universal. Moreover, there are 40 additional thermo-hydro-
chemo-mechanical model parameters and state variables that are also
essential for accurately predicting the hydrate reservoir responses. A
future research is planned to develop a comprehensive meta-model for
various site conditions by incorporating all the 58 model parameters
and state variables presented in Table 1 and Table A.1 with universally
applicable ranges. This general model would also enable evaluation of
the sensitivity of all input variables and the extent to which each of
them affects the hydrate reservoir response.

Establishment of the meta-model is particularly important for the
simulation of gas production from hydrate-bearing sediments, which
involves significant uncertainties arising from in situ material hetero-
geneity and the interactions among multiple aspects of the coupled
responses. This efficient tool allows real-time prediction to be made and
adjusted according to the concurrently observed reservoir response as
the process evolves with time at the production site. In a practical si-
tuation, the meta-model can be developed at the planning stage, prior
to the site operations, using a series of fully-coupled simulations, which
physically captures the material response and system uncertainty. Once
the meta-model is established, it can be updated and adapted by back-
analyses of concurrently measuring data as gas production commences,
and the updated model with refined parameters then facilities improved
and reliable predictions of the future system response. This concept will
be explored in a future study.
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Table 4
Additional thermo-hydro-chemo-mechanical parameters and state variables required for the FLAC THM simulation.
Name symbol Value
Ans Methane hydrate surface area 0.375% 10° 1/m
ch Specific heat capacity of methane gas 1240 + 3.13T J/(kgK)
ef Specific heat capacity of hydrate 2010 J/(kgK)
e Specific heat capacity of sand 800 J/(kg'K)
el Specific heat capacity of water 4020 + 0.58T J/(kg'K)
Kq Hydrate dissociation kinetic 12 4000exp(— 78RlT51) mol/(m?Pa's)
Kg Bulk modulus of gas Py
||K£|| Thermal conductivity of methane gas 0.0335 J/(m'K's)
KL Thermal conductivity of methane hydrate 0.622 J/(m'K's)
K| Thermal conductivity of sand 3.92 J/(m’K's)
||K7u-:” Thermal conductivity of water 0.5564 J/(m’K's)
Ky Bulk modulus of water 2 GPa
Mg Molecular mass of methane 16.0 g/mol
My, Molecular mass of hydrate Mg + NpMy
M, Molecular mass of water 18.0 g/mol
no Initial porosity 0.35
Nu Hydration number 6
By Methane hydrate phase equilibrium pressure exp(39.08 — 8520/T) kPa
Pyo Initial pore gas pressure 13 MPa
Byo Initial pore water pressure 13 MPa
R Ideal gas constant 8.314 J/(K'mol)
Sgo Initial gas saturation 0
Sho Initial hydrate saturation 0.5
Swo Initial water saturation 0.5
To Initial temperature 285K
AH Enthalpy change by methane hydrate phase change 56599-16.74T J/mol
By Thermal expansion coefficient of gas 1T
By Thermal expansion coefficient of hydrate 4.6x 1074 K~
B, Thermal expansion coefficient of sand 1.77%x 1076 K~!
B Thermal expansion coefficient of water (13.41T-3717)x 1076 K~ !
Eg Initial plastic strain vector 6’
Mg Methane gas viscosity (0.033013T + 1.2312) x 107° Pa's
o Water viscosity (—0.039154T + 12.430) X 10~ Pa's
Py Density of methane gas PgMg
RT
on Density of methane hydrate 0.9 Mg/m*
P Density of sand grains 2.65 Mg/m>
Puw Density of water 1.0 Mg/m®
o Total stress o + 5Pw5w+Pg5g
Sw+ Sg
Tho Initial effective horizontal stress 1.5 MPa
a'z0 Initial effective vertical stress 3.0 MPa
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