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ABSTRACT Accurately predicting the temperature characteristics of a dynamic discharge process in
different transportation conditions can improve the performance of reciprocating multiphase pumps in
practice. However, an accurate model for the description of the complicated behavior is not available because
of the unknown interphase interaction mechanisms and infeasible experiments. A probabilistic modeling
method of automatically selecting prediction models is proposed for the dynamic discharge process. First,
candidate computational fluid dynamics (CFD) models are empirically utilized to provide the training data
for candidate Gaussian process models (GPMs). Then, a posterior probability index is proposed to assess the
uncertainty of trained GPMs when the actual values are not available. With this information, the most suitable
GPM and CFD models are selected sequentially for each new sample. Consequently, the developed special
GPM (SGPM) can capture the main temperature characteristics. Moreover, the selection results of prediction
models can provide useful information for the recognition of complicated flow patterns. The advantages of
the proposed SGPM are demonstrated using a reciprocating multiphase pump under different transportation
conditions.

INDEX TERMS Probabilistic modeling, gaussian process model, computational fluid dynamics, multiphase

pump.

I. INTRODUCTION

Multiphase pumps, as the key facilities of close-line trans-
portation systems, can efficiently increase oil and gas pro-
ductions in the crude oil drilling [1]-[6]. Generally, under
multiphase transportation conditions, the heat is generated
during the gas compression, backflow, and mechanical fric-
tion processes [7]-[12]. The fluid temperature of the pump
cavity will rise in the discharge process, especially for those
conditions with smaller suction pressure and higher gas vol-
ume fraction [12]. A higher temperature will cause pump
damages for the heat deformation of pump parts and the
failure of sealing components [1]. Therefore, the temperature
characteristics in different multiphase transportation condi-
tions should be described for the reliability of multiphase
pumps.

The associate editor coordinating the review of this manuscript and
approving it for publication was Guoqi Xie.

A. MOTIVATION

Previously, several mechanism models for describing the
thermodynamic characteristics of multiphase pumps were
proposed, based on mass and energy conservation equations,
and variable mass thermodynamic law [9]-[12]. Unfortu-
nately, they are not enough to describe the complex behavior
of multi-component unstable flows, and the coupling phe-
nomenon of heat and mass transfer. Additionally, it is difficult
to accurately explain the interphase interaction including the
resistance of bubble or particle, heat and mass transfer, etc.
It is not easy to solve these high-order and nonlinear ther-
modynamic models [12]-[16]. Especially for a newly used
reciprocating multiphase pump, the thermodynamic mecha-
nism models are more difficult to be constructed and thus
rarely involved.

Alternatively, computational fluid dynamics (CFD) models
utilized in multiphase flows can provide useful informa-
tion [S]-[8], [11], [12], [17], [18]. A few studies investigated
the temperature characteristics of twin-screw multiphase
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pumps [12]. However, little research was conducted for the
reciprocating multiphase pumps. On one hand, only using
a single CFD model for a working cycle is not enough to
describe the time-varying flow states for the migration phe-
nomena of the multiphase flow interface [5]. On the other
hand, some CFD modeling procedures, such as the selection
of multiphase and turbulence models, dynamic grid technique
and user-defined functions, affect the reliability and accu-
racy of results [19]. Generally, large quantities of compu-
tational resources and time are required for a whole CFD
simulation. Additionally, using the existing test technology,
the quick and nonlinear temperature characteristics of the
multiphase pumps are not easy to be accurately measured
online [7]-[10], [12]. Therefore, a feasible modeling method
should be developed for better description of temperature
characteristics.

Recently, data-driven empirical modeling methods have
been increasingly applied to process industries [4]-[6],
[20]-[35]. As a nonlinear probabilistic modeling method,
the Gaussian process model (GPM) can be developed with-
out deep understanding of the process. Generally, GPM
can be trained simpler and faster than the mechanism and
CFD models. Additionally, compared with other data-driven
models (e.g., support vector regression and deep neural
networks [22], [23], [25]-[27]), GPM can evaluate the uncer-
tainty of predictions. With this interesting property, dif-
ferent kinds of GPMs have been proposed for multiphase
flows [4]-[6], [29] and other chemical processes [30]-[35].

B. CONTRIBUTION

In this work, a probabilistic modeling method integrating
both advantages of CFD and GPM is developed to pre-
dict the temperature characteristics in different multiphase
transportation conditions. First, in view of the difficulty in
collecting enough experimental data, different CFD models
are adopted to provide training data for the construction of
several local GPMs. Then, using the Bayesian inference,
a probabilistic index is developed to assess the uncertainty of
local GPMs. With this information, the most suitable GPM
can be adopted from the candidates for online prediction of a
new sample. Meanwhile, for this sample, the corresponding
CFD model is also the most appropriate one because it gener-
ates the training data for the selected GPM. Sequentially, for
all samples of the discharge process, a special GPM (SGPM)
can be constructed to predict the temperature characteristics
of multiphase transportation conditions. Due to different CFD
models having their reliable domains, the proposed method
also explores that an assembled CFD model is more suitable
to complicated flow patterns.

This work is organized as follows. In Section II, the prob-
abilistic modeling and prediction method for the tempera-
ture characteristics is proposed. The prediction results of the
SGPM for several new conditions are discussed and analyzed
in Section III. The comparison studies of the SGPM and
GPM are also investigated. Finally, the work is summarized
in Section IV.
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Il. SGPM FOR TEMPERATURE

CHARACTERISTICS PREDICTION

A. CFD MODEL FOR TEMPERATURE CHARACTERISTICS
As aforementioned, the quick and nonlinear temperature
characteristics of the multiphase pumps are not easy to be
accurately measured online. Several common CFD models
are constructed to provide initial modeling data for GPMs.
To ensure the fairness of the modeling data, some efforts are
undertaken in the CFD numerical calculation. First, select the
structure parameters of the CFD calculation model. To assure
the calculation accuracy and reduce the computational time,
they are consistent with the test pump shown in Fig. 1. Then,
construct the three-dimensional geometric model using the
SolidWorks software. Due to the symmetrical structure of the
test pump, as shown in Fig. 2(a), half of the cavity, suction
and discharge valves is adopted here. Additionally, conduct
grids in the whole model using the Gambit software. Due to
the complexity of the model, multiple grids are adopted and

FIGURE 1. The structure of the reciprocating multiphase pump.

(@) (b)

FIGURE 2. (a) The three dimensional geometric model of the
reciprocating multiphase pump (b) The three dimensional numerical
model of the reciprocating multiphase pump in the caption.
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shown in Fig. 2(b). The grid interface, remeshing technolo-
gies and the grid independence test are carried out to ensure
the meshing quality. The results show that the influence of
grid size on calculation results is very small when the number
of model grids reaches 287528. Finally, the Fluent software
is employed for the numerical calculation.

In the numerical calculation, the mixture model is used to
study the interphase coupling and pulsation characteristics
of complex multiphase flows in the reciprocating multiphase
pump. Additionally, the user-defined function is adopted for
valves’ motion before the iteration of each step. Moreover,
due to the difficulty and importance for the selection of turbu-
lence model, the RNG k-¢ model (simply denoted as RNG),
the SST k-w model (simply denoted as SST), and the standard
k-¢ model (simply denoted as STA), are utilized here to
simulate the multiphase process. The three models are widely
used to describe the complicated turbulence flows. From the
CFD simulation results, the y plus values for three turbu-
lence models empirically validate their effectiveness. Finally,
according to the operational environment of an oilfield in
China, the liquid and gas phases are set as crude oil and
methane, respectively. Therefore, based on three turbulence
models, three sets of CFD simulation data (i.e., CFDy or
CFDRNg, CFD2 or CFDSST, CFD3 or CFDSTA) are obtained
as the training data for GPMs.

B. GPM CANDIDATES

The pump speed, the suction pressure, the discharge pres-
sure, the gas volume fraction, and the crank angle are
several important factors for the temperature characteris-
tics [1], [7]-[12]. For practical use, the samples in the
same pump speed are considered as one subclass. Con-
sequently, the training samples from three candidate CFD
models (i.e., CFD{, CFD;, CFD3) can be divided into L, M
and Z subclasses and denoted as S = (Sq, ..., Sl)T =
l,...,.LP = @P,...P)',m = 1,...,M, and
Q=(Q@y,..., QZ)T ,z=1,...,Z, respectively.

As an example, for the data of CFD| model, the /th training
subclass with N; samples is denoted as S; = {X;,y;} =
{xwi. )’l,i};\ly For each subclass, GPM provides a predic-
tion of the output variable for an input sample through the
Bayesian inference. For an output variable y;, GPM can be
described a discrete form [36]:

T
yi=0u1--omn) ~G@O,C) (D

where C; is the N; x N; covariance matrix with the
ij-th element C; (x;,;, X; 7) defined by the covariance function
below [36].

D

Cr (x1,i . %1j) = aro+ar le,idxl,jd
d=1

D
2
+vi,0 exp (—Z wi.a (X1.id =1 ja) ) +361,jb1
=l
2
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where x; ;4 is the d-th component of the vector x; ;. §;; =
1 if i = j, otherwise, it is equal to zero. §; =
lar0,a1.1, vio.- Wi 1y - - Wid, b;]T are the model parameters.

Using the Bayesian method to train the I/th GPM,
the parameters #; can be obtained [36]. Finally, for the test
subclass with N input samples X; = {Xhi}i‘\il i=1,...,T,
the predicted output of y; ; (i.e., 14) and its variance (0921 ,,»)
can be calculated below [36].

A T (—1
Vi = kl,ticl A 3
02 =ki—KkK C 'k 4 “)
Stai 1,ti 1ti~] 1,ti
where ki i = [C; (X0 X1,1) . Cr (X0 X12) 5 -y Ci(Xe,is
XIJ\/,)]T is the covariance vector between the new input and
the training data, and k; ; = C (x,, i» Xt, ,-) is the covariance

of the new input. Additionally, Eq. (4) provides a confidence
level on the prediction.

Consequently, several GPMs, denoted as GPMll,l =1,
..., L, can be built offline for L subclasses using the Eq.
(1) and Eq. (2). For a test subclass, the online prediction and
its variance can be calculated using the Eq. (3) and Eq. (4),
respectively. Using the same method, GPM%“ m=1,....M
for CFD; and GPM?,z = 1, ..., Z for CFD3 can be built,
respectively.

C. CONSTRUCTION OF SGPM

For a new sample of the test subclass, it is important to judge
which GPM and CFD models are the most suitable. To this
end, a probability index based on the Bayesian method is
proposed to evaluate the relationship between a single GPM
and a test sample Xx; ;.

To calculate the probability of each sample x; ; with each
GPMl1 or GPM;, GPM; model, the posterior probability
P (GPM]|x.,), P(GPM2|x, ), and P (GPM? |x,;) using
the Bayesian inference is proposed. Taking GPM,1 as an
example, P (GPM} | X,’,') is calculated as follows [5], [33]:

P (x,jIGPM}) P (GPM] )
P(Xl‘,i)
_ P(x.;IGPM)) P(GPM;)
Soicr [P (% IGPM)) P (GPM; )]
I=1,...,L ®)

P (GPM,‘ |x,,,-) =

where P (GPM] ) and P (x,,;| GPM} ) are the prior probability
and conditional probability, respectively. The prior probabil-
ity for each GPM} can be simply defined as follows [5]:

N
P(GPM}):-’, I=1,....L (6)
N
L
where N = Y N is the number of all training samples.

=1
To determine the other terms in Eq. (5), a relative prediction

variance item of the test sample for each GPM is defined [5].

a3, ..
Vg = Tt x 100%,

= = [=1,...,L @)
‘)’l,ti’
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where the actual value of y; ; is unknown and it is replaced by
its predicted value J; ;. The item T3, describes the prediction
uncertainty for a test sample with this model. The value of
o3, 1s relatively large if the test sample X, ; is predicted
with an inapposite model. Consequently, a larger value of
Vi x,; generally means a larger uncertainty when the GPM/
is utilized for prediction. In such a situation, the conditional

probability P (Xt,i’ GPM}) is defined [5].

1
P(xt,i|GPM})= Cl=1,...L 8)
Vl,X,y,‘
Consequently, Eq. (5) becomes:
N
P(GPM}‘xm): ! I=1,....L

Vi Yorer (Ni/vi,)
©)]

Using the probabilistic analysis approach, the GPM} is
more suitable to predict the new test sample x,; if the
value of P (GPMI1 | X,’,-) .1 =1,....,L is larger. Similarly,
P(GPMZ|x.;),m = 1,...,M and P(GPM?|x,;),z =
1,...,Z can be obtained. Consequently, Eq. (9) provides a
feasible method to evaluate which GPM is most suitable for
a new test sample X; ;.

Generally, in three selected GPM}, GPM,Zn and GPM?
models for the prediction of the same test sample X ;,
the one with the largest posterior probability index,

GPM modeling data from three CFD candidate models
cro | e, | crp.y

Sample subclasses Sample subclasses Sample subclasses
S=(8,8,)" P=(P...B,) Q=(Q,--Q.)"

' '

Modeling several GPM; Modeling several GPM;, Modeling several GPM?
for related subclasses for related subclasses for related subclasses
Eq. (1) and Eq. (2) Eq. (1) and Eq. (2) Eq. (1) and Eq. (2)

New test set
N
X =}

Stage 2: Online Model
Assessment

Evaluate the GPM] by Evaluate the GPM], by
posterior probability posterior probability

N, : N,
P(GPM]x,, ) = —— | |P(GPM2x,, ) = ——m e |P(GPM]|x,, ) =
( r‘ ) "me,‘(“"r/m,) ( ‘ ) V. 2,\/\(\//‘) ( ‘ )

Egs. (5»9)

Evaluate the GPM] by
posterior probability

S

Eqgs. (3-9) Egs. (3-9)

Select a more suitable model
by max[P(GPMZ‘x”)]

T

Select a more suitable model
by max[P(GPMi‘x,_, )]

L]

Select most suitable GPM and CFD models for prediction by
mL\XA[max(P(GPM‘,‘x”)],mz\x[(P(GPMf”‘x,,)}.max[(P(GPMf‘x,,)}}

Make prediction forX,

FIGURE 3. The probabilistic modeling method flowchart for the
temperature characteristics prediction of the reciprocating
multiphase pump.

Select a more suitable model
by max[P(GPM',\x,_, )}
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namely max{max [P (GPMZ1 | X,,,’)] , max [P (GPM31| X,,,')] s
max [P (GPM: | x,;) ]} is most suitable to. The corresponding
CFD model is also the most appropriate one to describe
the test sample X, ; because it generates an initial set of
training data for the most suitable GPM. Thus, the prediction
uncertainty of the CFD model can also be obtained using
the posterior probability index. As a result, a most suitable
GPM among all candidates can be sequentially selected for
each sample of the test subclass X; = {xm-}?il and thus the
temperature characteristics of a discharge process is obtained
using the proposed SGPM method. Meanwhile, based on the
superiority of different turbulence models in the description
of different flow patterns, the selected CFD models can assist
the analysis of internal flow fields. The obtained information
will assist the designers optimize the structure of the multi-
phase pumps more efficiently.

In summary, two main stages with several implemented
steps of the SGPM-based probabilistic modeling method are
illustrated in Fig. 3. As a useful evaluation index, the uncer-
tainty of the GPM and CFD models can be assessed by
Eq. (9). From a practical viewpoint, this method can be
simply implemented to predict the temperature characteristic
of a multiphase pump in different multiphase transportation
conditions.

IIl. ONLINE PREDICTION OF TEMPERATURE
CHARACTERISTICS

A. TRAINING AND TEST SETS SELECTION

Considering different work conditions of the test pump,
the CFD simulations are conducted in different pump
speeds (n = 100, 120, 148, 160, 180 r/min), suction pres-
sures (P = 0.2,0.25, 0.3, 0.35, 0.4 MPa), discharge pres-
sures (P; = 1.0,1.5,2,2.5,3.0 MPa), and gas vol-
ume fractions (8 = 40, 60,70, 80,90 %), respectively.
With the change of crank angle (8 = 180° ~ 360°),
the transient temperature values of the pump cavity in a
discharge process are obtained from three CFD models,
respectively. That is to say, for an example of CFD; sam-

ples, the /th subclass with N; samples can be represented
N,

T 1

ass;; = sz,i = [mi, Pst.iv Pari Bui- 1]+ yii = Tl,i}‘

]

About 5760 samples of 15 operational conditions are cBi-
lected from each CFD model. The former 9 sets (i.e.,
Si, ..., So)are used for training and the remaining 6 sets (i.e.,
Si0, ..., S15) are for test.

Generally, the transient temperature will rise obviously
with the decrease of the suction pressure and the increase
of the gas volume fraction. To validate the reliability
of the proposed method and provide meaningful infor-
mation for engineering applications, 3 test sets with dif-
ferent multiphase transportation conditions (i.e., S19, Si1,
S12) are selected for the detailed analysis. And their inlput
varies are Xjo = {xi0,7 = [148,0.4, 2,40, 180 + |7} °,
Xy = {xi1i =[148,0.3,2,60, 180 + iI'},"], and X;» =

{Xzo,i =[148,0.2,2, 80, 180 + i]T}l.li?, respectively.
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TABLE 1. The posterior probability index comparisons of 9 GPMs for the 20th test sample with 6 = 200° (The selected GPM with the largest posterior

probability index is bolded and underlined).

Posterior probability index

No. 1 2 3 5 6 7 8 9

S GPM! 0153 028 0008 0022 0480 0028 0022 0 0001

" Ggpmz 0080 0 0.003 0768  0.145  0.001 0 0 0.003

GPM® 0192 0124 0006  0.43 0061 0001 0002 0470  0.001

. GPM,; 0020 0114 0174 0002 0060 0002 0259 0350 0019

'oGpME 0022 0241 0266 0003 0133 0003 0072 0245 0015

GPM® 0021 0198 0122 0203 027 0002 0003 0306  0.018

S GpM[l~ 0.051 0028 0029 0579 0233 0018 0019 0016 0018

YoGgpmz 0091 0011 0022 0453 0245 0012 0020 0002  0.045

GPM®  0.096 0 0.007 0853  0.040 0 0 0 0003

GPM,; 0.029  0.698  0.148 0041  0.002 0.075 0002 0004  0.001

S GPM2 0065 0631 0130 0014  0.068 0.086 0002 0003  0.001

GPM® 0091 0801 0028 0006  0.003 0.063 0001 0002  0.005

GpM[l~ 0.014 0056 0008 0209 0091 0022  0.I55 0021 0425

St GPM? 0008 0012 0578 023 0017 0019 0107 0009  0.016

GPM® 0031 0019 0011 0734 0060 0005 0029 0001  0.110

S GPM,; 0022 0221 0066 0103 0033 0003 0072 0470 0010
15

GPM2 0116 0009  0.020
GPM®  0.031 0.008 0010

0.361 0.195 0.010 0.017 0.269 0.003
0.223 0.018 0.019 0.007 0.675 0.009

A common performance index, namely the relative root-
mean-square error (simply denoted as RE), is adopted to
evaluate the proposed method. For the #-th test subclass, RE;
can be defined as follows

Ny
S (Gri = yea) i N x 100% 1 =1,....T

i=1

REt -

(10)

where y; ; comes from the CFD model, J; ; denotes the pre-
diction of y; ;, and N; is the sample number of the #-th test
subclass.

B. RESULTS AND DISCUSSION

As shown in Fig. 3, each test sample can automatically
select its most reliable GPM for the prediction based on
the posterior probability index, respectively. Taking the 20th
sample with & = 200° of Sjo as an example, its posterior
probability indices predicted by 9 GPMs are listed in Table 1.
It shows that the posterior probability index of GPM; is larger
than other GPMs, which are trained by the data from CFD;.
Consequently, GPM% is the most suitable model for online
prediction of the 20th sample of Sjg. Similarly, GPMﬁ and
GPM% trained by the data from CFD; and CFD3, are the most
appropriate ones for the 20th sample of Syo, respectively.
Moreover, the posterior probability index of GPM% is larger
than the ones of GPM; and GPM%. In such a situation, GPM%
and corresponding CFD; are selected as the most suitable

55068

GPM and CFD models for the predictions of the 20th sample
of Syp, respectively. Similarly, as also tabulated in Table 1,
using the posterior probability indices of the 20th sample,
suitable GPM and CFD models for Sy, ..., St5 are chosen as
follows: GPM}, and CFD for S;;, GPM; and CFD; for S5,
GPM; and CFD; for Si3, GPM; and CFD; for S4, GPM;
and CFDj for S5, respectively.

As an illustrated case, compared with the simulation result
of corresponding CFD models, the RE values of the 20th
sample of Sqo predicted by 9 GPMs are listed in Table 2.
The RE value of GPM; is smaller than that of other models
trained by the data from the CFD; model, which indicates
GPM% can obtain better prediction performance. Similarly,
the smaller RE values of GPMEL and GPM% trained by the
data from the CFD;, and CFD3 models show they also predict
better than other GPMs. Additionally, the RE value of GPM%
is smaller than that of GPM; and GPM;. This indicates that
GPMi is more suitable than GPM; and GPM% for online
prediction of the 20th sample of S1g. Consequently, the cor-
responding CFD, model is validated as the most appropri-
ate one for prediction of the 20th sample of Sjg. Similarly,
as also listed in Table 2, GPM}3 and corresponding CFD;
GPM?1 and corresponding CFDj3 GPM% and corresponding
CFD3 GPMi and corresponding CFD3 GPMg and corre-
sponding CFD3, can be validated as the most appropriate
models for prediction of the 20th sample of Syi,..., Sys,
respectively.
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TABLE 2. The RE index comparisons of 9 GPMs for the 20th test samples with 6 = 200° (The selected GPM with the smallest RE index is bolded and

underlined).

RE index (%)

No. 1 2 3 4 5 6 7 8 9

GPM! 1467 0718 2297 4441 0382 1559 1472 3090 2317

Sio GPM? 0571 1443 2089 0036 0482 1794 0585 26794 4062
GPM® 2012 4133 5686 3492 2947 5293 3998 1208  7.753

S GPME 4588 3.694 2173 3830 4263 4259 2002 1795 5749
! GPM2 8025 2318 2198 4505 2823 3141 3614 2604 331
GPM® 4225 2659 5017 2341 3076 3106 3525 1997  7.958

S GPME 2113 3942 3744 1954 1995 8135 8095 15456  8.101
P GpME 2915 4954 3506 2055 2805 4200 3542 28615 3.085
GPM® 1710 10220 4058 0170 1856 5984 5907 5055  4.954

GPME 3406 0002 0769 4409 5045 3306 2220 12975  6.161

S GPM2 6807 0029 3488 6902 9328  S.I144 3655 19570 9529
GPM® 0645 0.030 3586 4249 6522 2424 4025 24855 5530

GPME 4745 4792 3385 1266 3215 4310 1913 5697 1242

S GPM2 6217 5789 LIST 2572 3174 3429 2792 4711 4911
GPM® 2480 4793 15719  L005 2123 7216 3747 17207 1858

GpM; 4006 0448 2633 0672 3735 5443 1323 0050 4172

Sis GPM? 8687 15486 12599 1245 7446 13368 12797 4518 15870
GPM® 10963 16020 11410 5150 11733 11170 23716 0108  12.880

For a new sample in different multiphase transportation
conditions, which model is more appropriate to describe
its characteristics is unknown before the actual value is
available. All the prediction results listed in Table 1 and
Table 2 validate that the posterior probability index suits to
evaluate the GPM-based and CFD candidate models. Gener-
ally, a GPM-based candidate model with a larger posterior
probability value can have a smaller RE value when it is
applied for online prediction of a new sample. Thus, a CFD
candidate model, generating training data for a selected GPM,
can better describe the transient characteristics.

TABLE 3. The selection results of the SGPM for all test subclasses.

Test subclass GPM,; GPM?, GPM?
Sio 154 26 0
Su 175 1 4
Si2 156 1 23
Sis 146 34 0
Sia 166 3 11
Sis 143 2 35

Consequently, a most suitable GPM among all candidates
can be sequentially selected for each sample of all test sets.
The selection results for 6 test sets (i.e., Sio, ..., S5) are
listed in Table 3. It indicates that, if only using a single
turbulence model, RNG k-¢ may be the most appropriate one
for the description of 6 test sets, mainly because most of

VOLUME 7, 2019

GPM,1 are selected for the online prediction. However, only
using a single turbulence model is often not enough. With the
decrease of the suction pressure and the increase of the gas
volume fraction, more and more samples are captured using
the standard k-¢ turbulence model for the increasing selection
of GPM?. Consequently, several GPMs, trained using the data
from different CFD models, can be integrated to better track
the temperature characteristics of a whole discharge process
in different multiphase transportation conditions.

As aforementioned, the SGPM can integrate better pre-
diction results for the discharge process. To further analyze
the internal flow field of a discharge process, the predic-
tion results for different samples of the SGPM are denoted
as SGPMRgrnG, SGPMsst, and SGPMgTa, respectively. The
SGPMgnG, SGPMsst and SGPMgTa exhibit that the SGPM
is obtained by the data from the CFD;, CFD,, and CFD3
models, respectively. Their detailed prediction results of Sy,
S11, S12, obtained by the SGPM and GPMs trained by the
data from three CFD models, are compared with their cor-
responding CFD test data (i.e., CFDy1x, CFDRNg, CFDssr,
CFDsrta ), respectively. Notice that CFDy1x means that it has
several turbulence models during the discharge process.

The RE indices in Table 4 show that SGPM obtains better
prediction performance than three GPMs for Syg. Its detailed
prediction results shown in Fig. 4 also indicate that it can
better track the main characteristics of Sqg. This implies the
SGPM based on the proposed posterior probability index
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TABLE 4. The RE index comparisons of the SGPM, GPM prediction
models and their CFD models for S, S17, and S;. (The smallest RE
index is bolded and underlined).

RE index (%)

Model S]O S]] S]Z

GPM! 0.369 1.231 12.498
GPM® 0.624 2.520 11.006
GPM’® 0.834 4.207 7.719
SGPM 0.032 0.610 5.215

can replace costly experiments and complicated CFD mod-
eling processes to realize the prediction of Sjg. Additionally,
26 samples in the opening lag stage of the discharge valve
corresponding to the rising stage select GPM,Zn as the better
prediction models. And the remaining 154 samples mainly in
the opening stage of the discharge valve corresponding to the
declining and steady stages choose GPM} as the better ones.
Due to the superiority of the SST k-w turbulence model in the
description of free flows near the walls, there may be a large
amount of gas flows near the discharge valve in the opening
lag stage [19]. Similarly, a lot of vortex flows appear in the
opening stage of the discharge valve for the selected RNG k-¢
turbulence model. The main reason may be that the mixture
containing continually and highly compressed gas flows out
of the pump rapidly to reach the maximum flow rate, and
then the flow rate reduces and vibrates for the opening lag
characteristics of the discharge valve [4]-[6]. Consequently,
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FIGURE 4. (a) Online prediction results of the test subclass S, with
SGPM (b) Online prediction results of the test subclass S;¢ with GPM
trained by the data from the CFD RNG k-¢ transient model (c) Online
prediction results of the test subclass S;o with GPM trained by the data
from the CFD SST k- transient model (d) Online prediction results of the
test subclass S;¢ with GPM trained using the data from the CFD.

55070

v GOy E—=T
30 5 saPM, 325 It
£k ° ssr cPm
Lo g o SGPMg, & a0
g a0l 1 + saPm g
H E; s HES
g ois i
a1

& a0 &

305 305

2
x 2 ® 15
.15 .
H 2
g ! 2
305 30

%60 200 220 240 260 280 200 920 540 560 Se0 200 220 20 20 200 300 320 340 360

crank angle (9 crank anglo ()

—+— CFDgr,
——cPu

&5
5

S
53

%e0 200 20 20 20 280 300 320 30 3 80 200 20 20 200 20 0 a0 0 %
crank angle () crank anglo ()

—+— CFDggr
340 —+—GPM

4
3
2
1

Relative Error %

FIGURE 5. (a) Online prediction results of the test subclass S;; with
SGPM (b) Online prediction results of the test subclass S;; with GPM
trained by the data from the CFD RNG k-¢ transient model (c) Online
prediction results of the test subclass S;; with GPM trained by the data
from the CFD SST k- transient model (d) Online prediction results of the
test subclass Sy, with GPM trained using the data from the CFD.

the selection results of GPMs can provide useful information
for the recognition of complicated flow patterns.

Similarly, the RE indices listed in Table 4 show SGPM
exhibits better prediction performance of Si; than other
GPMs. Its detailed prediction results shown in Fig. 5 also
indicate it tracks the main characteristics of S1; more suitably.
Additionally, most of samples select GPM,1 as the better pre-
diction models, except for 5 samples in the opening lag stage
of the discharge valve. And one of 5 samples chooses GPM%1
as the better one, the remaining 4 samples adopt GPM; . This
indicates that new flow patterns may be generated except
for free flows near the walls and vortex flows, and they can
be better tracked using the standard k-¢ turbulence model.
Moreover, compared with Sy, the operating condition of Sy
presents relatively small suction pressure Py = 0.3 MPa
and high gas volume fraction 8 = 60%. Thus, the resulting
larger opening lag angle of the discharge valve cause more
complicated internal flow.

Similarly, as shown in Table 4 and Fig. 6, SGPM can be fur-
ther validated as the most appropriate model for the prediction
of S17. In view of the smaller suction pressure P; = 0.2 MPa
and the higher gas volume fraction § = 80% for the operating
condition of Sy, most of samples still select GPM} as the
better prediction models, except for 24 samples in the opening
lag stage of the discharge valve. One of 24 samples chooses
GPM,%I as the better one, and the remaining 23 samples select
GPM..

From the above analysis, it can be summarized that SGPM
has better prediction results for all test sets. This implies that
it is difficult to capture all information with only a single
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GPM model. Similarly, it also indicates that a single CFD
turbulence model is inadequate for depicting the temperature
characteristics of multiple multiphase transportation condi-
tions and different stages of a discharge process. Addition-
ally, most of samples select GPM} as the better prediction
models, except for a few samples in the opening lag stage
of the discharge valve. With the decrease of the suction
pressure and the increase of the gas volume fraction, more
and more samples in the opening lag stage choose GPM;
as the better ones. Due to the turbulence models having
their reliable applications in the description of different flow
patterns, the selection results of GPMs can also help explore
the complicated internal flows.

Although more computational resources and time (hours
to days) are needed for several CFD modeling processes,
the proposed method can better describe the main temper-
ature characteristics of new conditions than a single CFD
model. The prediction time of SGPM is much less than
CFD. Consequently, the proposed SGPM method shows bet-
ter prediction performance compared with only using a GPM
and more efficient implementations than the traditional CFD
modeling method.

IV. CONCLUSION

A probabilistic modeling method is proposed to predict the
temperature characteristics for a dynamic discharge process
of reciprocating multiphase pumps. Its main advantages can
be summarized in three aspects. First, using the proposed
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posterior probability index, suitable GPM and CFD models
are automatically selected for a new sample without knowing
its actual value. Second, compared with only using a sin-
gle GPM, SGPM can better describe the main temperature
characteristics of new conditions. Third, for practical appli-
cations, the selection results of GPM and CFD models can
provide useful information for better recognition of compli-
cated flow patterns in the pump cavity.

One of our future research directions is to construct a
model for better description of the characteristics near the
maximum temperature of dynamic fluid processes. Applica-
tion of deep neural networks [22], [23], [25], [26] to dynamic
fluid processes is also an interesting topic.
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