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Abstract. An increasing focus was placed in the past few decades on1

accelerating flash calculations and a variety of acceleration strategies2

have been developed to improve its efficiency without serious compro-3

mise in accuracy and reliability. Recently, as machine learning becomes4

a powerful tool to handle complicated and time-consuming problems, it5

is increasingly appealing to replace the iterative flash algorithm, due to6

the strong nonlinearity of flash problem, by a neural network model. In7

this study, an NVT flash calculation scheme is established with a thermo-8

dynamically stable evolution algorithm to generate training and testing9

data for the proposed deep neural network. With a modified network10

structure, the deep learning algorithm is optimized by carefully tun-11

ing neural network hyperparameters. Numerical tests indicate that the12

trained model is capable of accurately estimating phase compositions and13

states for complex reservoir fluids under a wide range of environmental14

conditions, while the effect of capillary pressure can be captured well.15

Thermodynamic rules are preserved well through our algorithm, and the16

trained model can be used for various fluid mixtures, which significantly17

accelerates flash calculations in unconventional reservoirs.18

Keywords: Phase Equilibrium, NVT Flash Calculation, Capillary Pres-
sure, Deep Learning Algorithm

1 Introduction

Due to the increasingly attractive issues associated with the modern petroleum19

industry, compositional multiphase fluid flow in subsurface porous media has be-20

come a hot topic in current petroleum engineering academy [1–3]. With the grow-21

ing demand for energy, an increasing focus has been shifted to unconventional22

resources to make up the production decline of conventional oil and gas, espe-23

cially in North America and China. In addition to the technology of multistage24

hydraulic fracturing and horizontal well, the blowout growth of shale gas/oil25

production is also supported by a better understanding of flow mechanisms in26
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shale and tight rock formations [4]. Phase behavior modeling plays an important1

role since the change of reservoir fluid properties could affect flow mechanisms2

and displacement processes. Therefore, it is important to estimate phase com-3

positions of reservoir fluids as further analysis on physical and thermodynamic4

properties can only be evaluated based on a reliable and consistent description5

of the phase composition distributions [5–7]. Moreover, capillary effect cannot6

be ignored any more when modeling phase behaviors in unconventional reser-7

voirs, since the nano-scale pores yield a large capillary pressure. Surface ten-8

sion, which is the main cause of capillarity with strong wettability preference,9

has also been recognized as a physical property related to the phase properties10

and behaviors of fluid mixtures. In a word, an accurate and reliable simulation11

of multi-component, multi-phase fluid flow in unconventional reservoir requires12

flash calculation accounts for the effect of capillary pressure [17].13

Flash calculation can be conducted at different variable specifications [24]. A14

well-developed flash calculation technique is established at given chemical com-15

positions (N), pressure (P ) and temperature (T ), which is called ”NPT” flash.16

Numerous efforts have been made to improve the accuracy and robustness of this17

flash scheme, either with or without capillary pressure [18, 19, 21, 20], making it18

popular in research and extensively applied in engineering problems. However,19

when capillary effect is taken into consideration, pressure has to be specified to a20

certain phase, making volume-based NPT flash schemes more suitable to inves-21

tigate the effect of pore size on phase behaviors in nanopores [41, 22]. Moreover,22

in the recent years, another flash calculation scheme has been rapidly developed23

with fixed chemical compositions (N), volume (V ) and temperature (T ), which24

is known as NVT flash [25, 26, 44, 56]. It has been successfully applied to model25

phase behaviors of muticomponent mixtures, as well as complex reservoir fludis,26

in the presence of capillary pressure [25, 23, 27]. As an alternative of the well-27

developed NPT flash, Successive Substitution Iteration (SSI) method has been28

introduced to solve NVT flash problems, while an appropriately defined thermo-29

dynamic function was proposed similar to the fugacity defined in conventional30

pressure-based formulations [8]. Later, such functions have been introduced in31

a very simple way to isolate different independent variables in the stationary32

condition for volume-based NPT and NVT flash calculations [9–11]. In addition,33

Newton’s method has also been extensively employed in NVT flash schemes com-34

bining with a modified Cholesky factorization of the Hessian matrix to solve the35

Helmholtz free energy minimization problems [28]. Recently, a Newton method36

and several formal links between various methods for the NVT flash has been37

discussed in detail [12]. It is shown that the SSI method, introduced as a fixed38

point method in [8], corresponds to a modified gradient step in an unconstrained39

minimization of the Helmholtz free energy with respect to mole numbers. Except40

for these extensions from conventional NPT flash algorithms, a dynamic model41

was proposed based on diffuse interface (DI) theory to describe phase behaviors42

under the NVT flash framework [25, 23]. As a pore scale algorithm, this dynamic43

NVT flash calculation technique can capture the diffusive interface behaviors if44
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desired, and save a lot of CPU time compared with molecular simulation with a1

similar level of reliability.2

However, the current petroleum industry is requiring an accurate descrip-3

tion of phase behaviors of complex reservoir fluids, which also makes the high-4

resolution compositional reservoir simulation that involves millions of grid blocks5

a dramatically challenging job, since a large amount of CPU time of composi-6

tional simulation has been reported to be spent on flash calculations. Therefore,7

it is imperative to speed up flash calculation without too much compromise8

in accuracy and reliability. In the last three decades, a large number of studies9

devoted to apply and improve reduction methods in which the to-be-solved equa-10

tions and variables are less than the original flash problems so as to improve com-11

putational efficiency [37, 42, 38, 43, 13, 14, 40, 15, 16]. Numerous efforts have been12

made to investigate and evaluate the performance of various reduction methods,13

but their applicability and efficiency are still questioned [39, 31]. A comparative14

study of the reduced-variables-based flash and conventional flash was presented15

in [31], concluding that the reduction methods exhibit a better computational16

efficiency than the conventional method only if the number of components is17

large enough. In addition to the reduced models, the non-iterative method is18

another option to accelerate flash calculations [45], and many other approches,19

like shadow region method [46], compositional space method [47] and sparse grid20

method [53], have been developed by reducing the cost of either stability test or21

phase split calculation. Recently, with the worldwide popularity on artifical in-22

telligence, artificial neural network (ANN) has also been increasingly applied to23

accelerate flash calculations. Gaganis and Varotsis developed regression models24

using ANN to predict equilibrium coefficients in both conventional and reduced25

approach [34, 35]. Later, they presented a new classification technique using two26

simplified discriminating functions to achieve rapid stability determination [33].27

In [32], machine learning models are trained using ANNs for both stability test28

and phase split calculation, in which the ANN model for stability testing predicts29

the saturation pressure and the other ANN model provides initial mole fractions30

and equilibrium coefficients for phase split calculations.31

In this study, a dynamic NVT flash scheme is established based on the diffuse32

interface theory with a thermodynamically-stable algorithm constructed by con-33

vex splitting of Helmholtz free energy and positive definite Onsager coefficient34

matrix. With the proposed dynamic model, reliable flash data can be obtained35

and used as the training input for the deep neural network. In comparison to our36

previous work [29], a modification is made to improve the training efficiency and37

reliability for the proposed deep learning model. Techniques including dropout38

and batch normalization are used to reduce the over-fitting issue and speed up39

the data training. To achieve a better prediction accuracy, network hyperpa-40

rameters are optimized and then the optimal network is applied to accelerate41

flash calculations considering capillary pressure. With the well trained model,42

the effect of capillary pressure on phase equilibrium compositions and states can43

be captured well, which benefits the application in unconventional reservoirs.44

The remainder of this paper is organized as follows. In Section 2, a thermody-45
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namically stable dynamic model is established under NVT flash framework to1

generate training and testing data. Deep learning algorithms are investigated2

in Section 3 with hyperparameter tuning and the performance of the optimized3

network structure on cases with capillary pressure is discussed. At the end, we4

make some conclusions on acceleration of flash calculation using fully connected5

deep neural network.6

2 Thermodynamic consistent flash calculation scheme
considering capillary pressure

The research on the effect of capillary pressure on phase behavior has been7

conducted more than twenty years and numerous efforts have been made to8

improve phase behavior modeling in nanopores [50, 20, 51]. As the pore size de-9

creases, the capillary effect becomes increasingly significant, and moreover the10

interactions between fluid molecules and pore walls start to impact physical11

properties of reservoir fluids so that these interactions are nonnegligible. It was12

pointed out that the neglected molecule-pore wall interactions may result in a13

failure to accurately estimate phase behavior and fluid properties at smaller pore14

sizes [52, 55]. However, same as the most studies, we are more interested in the15

effect of capillary pressure on phase behavior modeling. Thus, in this section, a16

dynamic flash calculation scheme is established to consider the capillary effect17

and preserve the consistency with thermodynamic laws.18

2.1 Mole and volume evolution equations

Diffuse interface modeling is a well-developed technique for multi-component19

multi-phase flow simulation with advantage of the accurate description of phase20

behaviors especially on the diffusive interfaces [48]. To design a dynamic flash21

model, here the diffuse interface model is simplified by assuming a curved inter-22

face with zero thickness. In order to describe bulk phase equilibrium under the23

NVT flash framework, Helmholtz free energy is minimized instead of the Gibbs24

free energy in NPT flash schemes. Let’s consider a fluid mixture of M compo-25

nents occupies volume V at temperature T . We denote by f(n) the Helmholtz26

free energy density which has the following form27

f (n) = RT

M∑
i=1

ni (lnni − 1)− nRT ln (1− bn) +
a(T )n

2
√

2b
ln

(
1 +

(
1−
√

2
)
bn

1 +
(
1 +
√

2
)
bn

)
,

(1)
where n =

∑
i ni is the overall molar density. For a vapor-liquid two-phase28

system, the Helmholtz free energy F (n) can be formulated as29

F = f (nG)VG + f (nL)VL (2)

where nα = Nα/Vα, α = G, L. In the above formulations, nα = [n1,α, . . . , nM,α]
T

30

denotes the vector fo molar density, Nα = [N1,α, . . . , NM,α]
T

denotes the vector31

of mole number and Vα denotes the volume of phase α respectively. In addition,32
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there remains two constraints on mole numbers and volume as Ni,G+Ni,L = Ni1

and VG + VL = V .2

It can be stated from the first law of thermodynamics that3

d(U + E)

dt
=
dW

dt
+
dQ

dt
, (3)

where U is the internal energy, E is the kinetic energy, Q is the heat transfer into4

the system and W is the work done by the force. Note that the total entropy S5

can be split into two parts, one is the entropy of the system, Ssys and the other6

one is the entropy of the surroundings, Ssurr. The relation between Ssurr and Q7

can be represented by8

dSsurr = −dQ
T
. (4)

Using the relation of U = F + TSsys, an entropy production equation can be9

formulated as below10

dS

dt
=
dSsys

dt
+
dSsurr

dt
=
dSsys

dt
− 1

T

dQ

dt

=
dSsys

dt
− 1

T

(
d(U + E)

dt
− dW

dt

)
= − 1

T

d(F + E)

dt
+

1

T

dW

dt
.

(5)

In order to take into account the capillary effect in Eq. (5), it is important11

to define the work done by capillary pressure. If we assume capillary pressure is12

constant along the curved interface, the work done by capillary pressure is given13

by14

dW

dt
= −pG

dVG
dt
− pL

dVL
dt

= −pG
dVG
dt

+ pL
dVG
dt

= −pc
dVG
dt

, (6)

where pG and pL represent the pressure of vapor phase and liquid phase respec-15

tively. Note that dVG + dVL = 0 since the total volume is fixed. In this study,16

the capillary pressure is computed by the Young-Laplace equation17

pc =
2σ cos θ

r
, (7)

where the interfacial tension σ is given by the Weinaug-Katz correlation [49]18

σ =

[
M∑
i=1

[P]i (ni,L − ni,G)

]4
. (8)

For a standalone flash calculation, the kinetic energy E in Eq. (5) is assumed19

zero. By substituting Eq. (6) and the time derivative of Helmholtz free energy20

dF

dt
=

M∑
i=1

(µi (nG)− µi (nL))
∂Ni,G
∂t

+ (pL − pG)
∂VG
∂t

(9)

into Eq. (5), there exists a symmetrical matrix Ψ = (ψi,j)
M+1
i,j=1 that follows21

the Onsager’s reciprocal principle, leading to the following mole and volume22

evolution equations23
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∂Ni,G
∂t

=

M∑
j=1

ψi,j (µj (nL)− µj (nG)) + ψi,M+1 (pG − pL − pc) , 1 ≤ i ≤M ,

(10)

∂VG
∂t

=

M∑
j=1

ψM+1,j (µj (nL)− µj (nG)) + ψM+1,M+1 (pG − pL − pc) . (11)

It is noted that mole numbers and volume of the vapor phase are selected as the1

primary variables.2

In order to keep the increase of the total entropy, which is required by the3

second law of thermodynamics, the Onsager coefficient matrix, Ψ , has to be4

positive definite [25, 23]. For this purpose, a simple approach is to construct a5

diagonal positive definite matrix with the diagonal elements defined as follows6

[25]7

ψi,i =
DiN

t
i

RT
, i = 1, . . . ,M, ψM+1,M+1 =

CGV C
L
V V

CLV pG + CGV pL
, (12)

where Di is the diffusion coefficient of component i and CGV and CLV are the8

nonzero parameters. The corresponding evolutionary equations for moles and9

volume are simplified as10

∂Ni,G
∂t

=
DiN

t
i

RT
(µi (nL)− µi (nG)) , i = 1, . . . ,M , (13)

∂VG
∂t

=
CGV C

L
V V

CLV pG + CGV pL
(pG − pL − pc) . (14)

In addition to sequentially solving Eq. (13) and (14), the original mole and11

volume evolution equations, Eq. (10) and (11), can be simultaneously solved by12

introducing a generalized Onsager coefficient matrix of the following form13

Ψ =

[
A

BT
B

C

]
, (15)

whereA = ∂ (µi,L − µi,G) /∂Ni,G,B = ∂ (µi,L − µi,G) /∂VG = ∂ (pG − pL) /∂Ni,G,14

and C = ∂ (pG − pL) /∂VG [23]. We note the proposed Onsager coefficient matrix15

is same as the Hessian matrix in [12] for minimizing the Helmholtz free energy16

if divided by RT .17

To ensure the dynamic model holds the entropy-production property over18

iterations, convex splitting of Helmholtz free energy plays an important role in19

temporal discretization of mole and volume evolution equations. A semi-implicit20

time marching scheme is employed to construct a thermodynamically stable21

numerical algorithm. Specifically, the convex parts of chemical potential and22

Helmholtz free energy density are solved implicitly while the concave parts are23

solved explicitly. The detailed time discretization of Eq. (10) and (11), as well24

as the convex-concave splitting of Helmholtz free energy density and chemical25

potential, can be found in [23] and they are not elaborated in this work. It26

is worth noting a modified Cholesky factorization has to be used to preserve27

the positive definiteness of the Onsager coefficient matrix if the matrix itself is28

not sufficiently positive definite. Also, a line search scheme is used to keep the29
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solution stay inside the physical range and meanwhile safeguard the increase of1

the total entropy in the system over iterations.2

3 Deep Learning Algorithm

The basic mechanism of using a deep neural network to estimate the equi-3

librium composition is to represent the underlying correlations between input4

and output thermodynamic properties. These correlations are obtained and un-5

earthed through a process analogous to the biological nervous system, while the6

capability to handle practical engineering problems are determined by the net-7

work structure and hyperparameters. A fully connected deep neural network is8

applied in this paper and the main network structure is the same as the one used9

in our previous work [29, 30]. In comparison, a modification is introduced to re-10

place half of the original output parameters by a coefficient ϕ, namely the mole11

fraction of vapor phase, which protects the material balance from being violated12

by respecting a unique phase mole fraction value. Only the mole fractions of13

vapor components Yi remain and consequently the total output parameters are14

almost halved, which we believe can greatly improve the training efficiency espe-15

cially for complex fluid mixtures with a large number of components. The input16

parameters remain the same as previously used in [29] since this is currently17

the best manner to represent the critical thermodynamic properties of various18

components. The new network structure is illustrated by a schematic diagram in19

Figure 1. To demonstrate the performance of the proposed deep learning algo-20

rithm, two real reservoir fluids are considered, including a 5-component Bakken21

oil (C1, C2−4, C5−7, C8−9 and C10+) and an 8-component EagleFord oil (C1,22

C2, C3, C4, C5, C6−7, C7+ and C13+). The detailed compositional parameters23

are included in [29]. It should be pointed out that in this work totally 4040124

data points are generated by NVT flash calculation, in which 90% of the data25

points are used for training and the remaining 10% data are used for testing.26

After designing the new deep neural network structure, now we briefly de-27

scribe how to train a neural network on this problem. As shown in Figure 1, the28

model takes the key features as input, and the key parameters of the trained29

model are the weights of each layer, which directly determines the final out-30

put. Initially, random weights are placed on each node and the output values31

are meaningless with very large errors. Iterating the training process is then32

expected to optimize the model’s weights by minimizing the variation between33

the output value and ground truth data as small as possible. Such variation is34

called loss and in this paper the mean squared error of the output is used as the35

loss function. The training process can be illustrated by the decline curve of loss36

function, as shown in Figure 2.37

It can be seen that the loss of the trained model decreases significantly at38

first, due to the randomly initialized weights, and then gradually to a small value,39

which means that the trained model becomes much more meaningful and useful.40

Fluctuations are hard to avoid so that sufficient training steps are required to41

ensure the accuracy. After the loss function converges, the testing dataset will be42
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𝒄𝒊

𝒄𝒊
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N

𝒊

Input Layer Hidden Layer Regression Layer

Fig. 1. Schematic diagram of the optimized fully connected deep neural network.

fed into the trained model to oversee its performance, e.g. the estimation error.1

In this paper, the mean squared absolute error and mean squared relative error2

are used to evaluate the trained models. The mean squared absolute error is cal-3

culated as the averaged squared variance of prediction results and ground truth4

data (iterative flash results). The mean squared relative error is calculated via5

the mean squared absolute error divided by the squared average of ground truth.6

Optimization on the network structure and deep learning techniques are needed7

to accelerate the loss convergence in order to improve the training efficiency and8

estimation reliability.9

3.1 Network optimization

The correlations behind the thermodynamic properties are expected to be10

captured from the messages transferred through the activation layers and this11

specific hierarchical structure is capable of extracting meaningful patterns and12

features and learning the correlation rules underneath the enormous flash cal-13

culation data. No independent phase stability test is needed due to the strong14

capacity of this deep learning algorithm on performing phase splitting calcula-15

tion and phase stability test together using a single neural network. Compared16

with the preceding works [32, 33, 35] to accelerate flash calculation using ma-17

chine learning models, our algorithm is more efficient in determining the stabil-18

ity of feed compositions without additional phase stability test preserved as the19

prevailing flash frameworks. The total number of phases at equilibrium (N) is20

output at the regression layer and we can determine whether the mixture is at21

the single-vapor state or single-liquid state by checking the value of ϕ if N = 1.22
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Fig. 2. The decline curve of the loss function in the training process.

As the iterative NVT flash calculation results are used as the training and1

testing data, the insufficient data problem of using experimental data as ground2

truth can be overcome and the deviations are computed by a mean squared3

error between flash calculation results and network predictions. Even though4

we can obtain as much data as needed without too much cost, overfitting is5

still an issue which is difficult to be fully avoided. In previous studies using6

experimental data as ground truth [54], the overfitting problem occurs mainly7

due to the insufficient data used for optimizing the numerous hyperparameters8

on the neural nodes. Such unsatisfactory predictions cannot be resolved easily9

because it is expensive to get sufficient experimental data in a uniformed format.10

This insufficient data problem can be overcome when flash calculation results are11

used as the ground truth [29], but more constraints are expected to protect the12

neural network performance by reducing the freedom. A delicate approach was13

proposed in [54], with an additional regularization term introduced to penalize14

the large weights if the model is overfitted. Dropout technique is a popular15

approach to overcome the overfitting issue in machine learning, in which certain16

nodes are abandoned as well as the related connections in the training process17

to reduce the deep neural network freedom. In particular, dropout possibilities18

are evaluated independently on each node and a specified possibility threshold19

is assigned to determine whether the nodes and layers are removed or not. The20

training network is reduced in this way and restored before entering the next21

iteration by inserting the removed nodes and layers back. Weight initialization22

is another important technique to accelerate the convergence rate of training23

and to improve the prediction accuracy of the network. The model complexity24

will be reduced and prediction performance may be damaged if intermediate25

transformations occur when the input data variance drops significantly due to26

underestimated initial weights, while training failure is easy to happen if the27

data variance increases rapidly due to overestimated initial weights. A reliable28

initial weight distribution is used in this paper following Gaussian distribution29
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so that the output data variance in the same activation layer is the same as the1

input data variance. This is known as the Xavier initializer with the equality2

n× var(wi) = 1 being satisfied, where n is the number of weights and wi is the3

weight on ith node.4

The network performance with different configurations and data size have5

been investigated in [54, 29, 27], and a first trial shows acceptable prediction ac-6

curacy in which the neural network is trained with 201×201 input data, 5 hidden7

layers, 100 nodes on each layer, total 4000 iterations and activation function of8

”ReLU”. Flash calculations for bulk phase equilibria is tested first. However,9

in order to adjust to the possible changes caused by new output parameters,10

these network hyperparameters are optimized and a significant difference has11

been found on the number of hidden layers. As shown in Figure 3, the network12

performance with 7 hidden layers is much better than with 5 hidden layers,13

which indicates two more activation layers are needed to accurately capture the14

thermodynamic correlations in this reduced network structure. Other network15

configurations remain unchanged and exhibit a similar performance as before,16

for example, the estimation error of deep neural networks with different activa-17

tion functions is illustrated in Figure 4 and it can be seen ”ReLU” is still the18

best in the aspect of relative errors. It is interesting to see that the absolute19

estimation error of the network using ”ReLU” is a little larger than that using20

”softplus”. A possible explanation on this phenomenon can be attributed to the21

random selections of the training and testing samples from the total input data22

in these two cases.23

Fig. 3. Estimation error of deep neural networks with different hidden layers.
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Fig. 4. Estimation error of deep neural networks with different activation functions.

3.2 Phase behavior prediction under capillary effect

The capillary effect, which is often ignored in conventional flash problems,1

becomes more pronounced in unconventional reservoirs, due to the nanopores2

in tight and shale rock formations. As a result, fluid properties are expected to3

deviate from their bulk properties when capillary pressure, as well as molecules-4

pore wall interactions, takes effect. In this subsection, NVT flash calculations5

considering the effect of capillary pressure are conducted and the network hy-6

perparameters are tuned to optimize the performance. To show the wide ap-7

plicability of the optimized network configurations obtained in Section 3.1, the8

network performance of different number of activation layers is compared in Fig-9

ure 5. It is observed that the introduction of capillary effect has slight impact10

on the performance of deep neural networks with various features, but the best11

selection still remains the same.12

A significant highlight of our deep learning algorithm stands on training the13

neural network to automatically determine the total phase numbers of the in-14

vestigated fluid mixture at equilibrium under various environmental conditions15

so as to avoid additional stability test. With a single neural network structure16

to complete both stability test and phase split calculation, the prediction ac-17

curacy and reliability of the proposed model are validated by comparing with18

flash calculation results. As shown in Figure 6, for the 5-component Bakken oil19

mixture, the total phase numbers predicted by the deep learning algorithm at20

the overall concentration of 10 mol/m3 agree with the flash calculation results21

very well. At small overall concentration, with temperature increasing, the two22

phase mixture will transform to single vapor phase, and this reasonable phase23

transition is successfully captured by the deep learning algorithm.24

The supercritical state is mainly used to indicate a region (above the critical25

pressure and temperature) of a pure substance where distinct liquid and gas26
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Fig. 5. Estimation error of deep neural networks with different hidden layers consid-
ering the effect of capillary pressure.

Fig. 6. Total phase numbers of the Bakken oil mixture at the overall concentration of
10 mol/m3
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phases do not exist. Even though it is not rigorous to define a supercritical1

state for multicomponent mixtures, here we borrow this concept and consider2

the corresponding states lying above the critical pressure and temperature of the3

investigated mixture as the ”supercritical” states. By checking the value of N4

and ϕ, we can accurately determine the phase state within the given conditions.5

As shown in Figure 7, for the 5-component Bakken oil mixture, at the specified6

overall concentration of 5854.15 mol/m3, the ”supercritical” fluid mixture is7

detected by a special label of N = 3, and the perfect match between NVT flash8

results and deep learning predictions demonstrate the capability of the proposed9

deep neural network to correctly identify different phase states.10

Fig. 7. Phase state of the Bakken oil mixture at the overall concentration of 5854.15
mol/m3.

The effect of capillary pressure on phase behaviors are shown in Figure 8.11

To construct a phase envelope under NVT flash framework, the phase boundary12

between single-phase and two-phase region is determined first. Then we estimate13

pressures along the boundary curve and draw the phase envelope. It can be seen14

that the bulk phase envelope is reshaped when capillary effect becomes nonneg-15

ligible. As the literature suggested, the bubble point curve is suppressed while16

the dew point curve is expanded outward with dew point pressure decreasing17

(and increasing) in the lower (and upper) branch of the dew point curve. The18

black point in Figure 8 corresponds to the critical point approximately. Starting19

from this point, bubble point suppression is becoming more significant along the20

curve to lower temperature, while the dew point expansion is becoming more21

significant along the curve to higher temperature.22

Molar compositions of each phase at equilibrium is the critical information23

required by multicomponent multiphase flow simulations. A comparison of mo-24

lar compositions computed by NVT flash calculations and the deep learning25

algorithm is illustrated in Figure 9 and Figure 10 for the liquid phase of the26

8-component Eagle Ford production at overall concentrations of 10 mol/m3 and27
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Fig. 8. Phase envelopes of the Bakken oil with and without capillary pressure.

2757.25 mol/m3, respectively. The mole fractions of C1, C2, C3 and nC4 are pre-1

sented in Figure 9 and mole fractions of nC4, C5, C6−7 and C7+ are presented in2

Figure 10, while the solid symbols represent NVT flash calculation results and3

the lines in the same color represent the deep learning predictions. Generally, the4

trained model can reproduce the flash calculation results well with acceptable5

errors for various fluid mixtures, indicating a good robustness and reliability of6

our trained model. As shown in Table 1, the mean squared absolute error (de-7

noted by εa) and mean squared relative error (denoted by εr) for the EagleFord8

oil sample are both small enough to be accepted. It can be easily referred that9

the CPU time used for testing data batches is much smaller compared with it-10

erative flash calculations for the same size of data. It should be pointed out that11

the trained model can be used to accelerate flash calculations for various fluid12

mixtures, so the acceleration can be validated by comparison of CPU time used13

in iterative flash calculation and testing using our trained model.14

Table 1. Performance of the deep learning algorithm.

Mixture Ntrain Ntest tflash (s) ttrain (s) ttest (s) εa εr
EagleFord 36361 4040 1232 1493 7.8 0.00892 0.021325

4 Conclusion and Remarks

In this study, a deep learning algorithm is proposed to accelerate NVT flash15

calculations with capillary pressure for phase behavior modeling in nanopores.16
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Fig. 9. Mole fractions of C1, C2, C3 and nC4 in the liquid phase of the 8-component Ea-
gleFord oil as a function of temperature at the overall concentration of 10 mol/m3. The
solid symbols and lines represent the NVT flash results and deep learning predictions,
respectively.

Fig. 10. Mole fractions of nC4, C5, C6−7 and C7+ in the liquid phase of the 8-
component EagleFord oil as a function of temperature at the overall concentration
of 2757.25 mol/m3. The solid symbols and lines represent the NVT flash results and
deep learning predictions, respectively.
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To generate training and testing data for the proposed neural network model,1

thermodynamically-stable mole and volume evolution equations are established2

to calculate equilibrium phase compositions. By halving the output parameters of3

our previous neural network and replacing them by a phase mole fraction value,4

the network structure is optimized in order to achieve the best performance.5

Optimal network hyperparameters are tuned as a continuous work of [54, 29]. It6

is indicated that this set of fully connected neural network features can fit the7

purpose of accelerating flash calculations well, either with or without capillary8

pressure. There is a slight difference in the performance of using different num-9

bers of hidden layers if capillary effect is considered, but a structure with seven10

activation layers is still the best selection. The optimized deep neural network11

is then tested by two reservoir fluid examples, a 5-component Bakken oil and12

an 8-component EagleFord oil, and exhibits good prediction accuracy for phase13

compositions and states. In addition, this structure also shows good efficiency14

and reliability for muticomponent fluid mixtures in a wide range of temperature15

and concentration. It is believed that this network structure is a good start-16

ing for future studies using fully connected deep neural networks to accelerate17

flash calculations, and the application of such network designing and training is18

expected in other advanced multi-phase flow simulation approaches[57, 58].19
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