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Abstract: Multiphase pumps are used as an important tool for natural gas hydrate extraction owing
to their excellent gas–liquid mixing and transport properties. This paper proposes an adaptive
response surface-based integrated optimization design method. A model pump is designed based
on the axial flow pump design theory. The model pump is numerically simulated and analyzed to
obtain its performance parameters. Then the structural and performance parameters of the pump are
parameterized to establish a closed-loop input–output system. Based on this closed-loop system, a
sensitivity analysis is performed on the structural parameters of the impeller and guide vane, and
the parameters that affect the performance of the gas–liquid hybrid pump the most are derived. The
Sparse Grid method was introduced to design the experiment and construct the approximate model.
The structural parameters of the impeller and guide vane are used as design variables to optimize the
pressure increment and efficiency of the pump. After optimization, the pressure increment of the
multiphase pump was increased by 10.78 KPa and the efficiency was increased by 0.89% compared to
the original model. Finally, we validate the accuracy of the optimized model with tests.

Keywords: multiphase pump; integrated design; Sparse Grid method; numerical analysis; flow
field characteristics

1. Introduction

With the development of the world and the advancement of technology, traditional
resources such as coal and oil can no longer meet people’s pursuit of a green, eco-friendly,
and low-carbon lifestyle. Natural gas hydrates are a clean energy resource and have huge
global reserves of approximately 1.5 × 1016 m3 [1]. More than 230 hydrate deposits have
been discovered globally on the seafloor and in permafrost zones, where low-temperature
and high-pressure conditions are suitable for the formation of natural gas hydrates [2].
Currently, natural gas hydrate extraction relies heavily on a hydraulic lift and requires
a substantial reduction in downhole pressure to prevent the collapse of the seabed [3].
Traditional axial flow pumps are effective in reducing downhole pressure and perform
well with liquid media but are less effective in lifting mixed media such as natural gas
hydrates. Multiphase pumps are multiphase fluid transfer devices that play a critical role
in the hydraulic lift of gas hydrates. Therefore, research on downhole multiphase pumps is
very important.

In recent years, several scholars have investigated numerical simulation methods and
internal flow characteristics of multiphase pumps. Suh et al. [4] proposed a developed
Euler–Euler method to investigate the effect of different GVF, interphase forces, and bubble
diameter on the internal flow characteristics of the multiphase pump. Yu et al. [5,6],
Liu et al. [7], and Zhang et al. [8] have studied the interphase forces and obtained a rule of
influence between the variation of the interphase forces and the flow field characteristics
of the multiphase pump. Zhang et al. [9] applied a non-uniform bubble model to the
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numerical simulation process of a multiphase pump. The obtained results of the non-
uniform bubble model did not differ much from those of the conventional model at low
GVF. However, when the GVF is high, the numerical result of the non-uniform bubble
model is closer to the experimental data. Li et al. [10] investigated the distribution of
bubbles in a multiphase pump. The size of bubbles was calculated according to the bubble
number density equation, and the distribution characteristics of bubbles at different GVF
were analyzed to obtain the movement pattern of bubbles in the impeller and guide vane.
Zhang et al. [11] analyzed the formation process of the gas pocket in the multiphase pump
through non-constant numerical simulations and visualized experiments, and the results
of the study provide some guidance for the future design of multiphase pump impellers.
Wang et al., Huang et al., Jiang et al., and Shi et al. [12–15] studied the flow characteristics
of the multiphase pump from the perspective of energy loss and obtained the influence
law of structure parameters and working condition parameters on the performance of the
multiphase pump. Xu et al. [16] studied the internal flow pattern of a multiphase pump
and developed a multiphase pump with splitting vanes. The efficiency and head of the
pump were improved, which provided guidance for the further design and optimization
of the multiphase pump. Yu et al. [17] analyzed the transport process of a non-stationary
multiphase pump using a two-fluid model and found the main causes of pressure and head
fluctuations in a multiphase pump. Xu et al. [18] and Zhang et al. [19] investigated the
pressure pulsation characteristics of the multiphase pump and obtained the distribution
and variation pattern of pressure fluctuations in the multiphase pump. Zhang et al. [20]
and Shi et al. [21] studied the tip clearance of the multiphase pump and obtained the effect
of tip clearance on energy characteristics, flow characteristics, and pressure fluctuations,
respectively. Shi et al. [22] and Li et al. [23] investigated the effect of GVF on the energy
conversion characteristics, pressure fluctuations, blade surface load, gas distribution, and
external characteristics of a multiphase pump. Others have investigated the performance of
the multiphase pump under high GVF conditions. Zhang et al. [24] proposed improvements
to the performance of the multiphase pump under high GVF conditions. Yang et al. [25]
developed a comprehensive SRMP model to predict the performance of pumps at high GVF,
which included steady-state behavior and transient performance during pump operation.
Shi et al. [26,27] and Liu et al. [28] investigated the cavitation effects of the multiphase
pump, and the effect of different GVFs on the energy loss characteristics for each cavitation
phase was obtained.

There have also been some studies on the design and optimization of multiphase
pumps. Zhang et al. [29] proposed a 3D Blade Hydraulic Design Method to design the
impeller of a multiphase pump. The new impeller is more conducive for the transport of
gas–liquid mixtures and is more suitable for large volume rate conditions. Cao et al. [30]
proposed a method that combines Inverse Design and CFD Analysis. The mixture of the
two species is considered a homogeneous fluid, and the geometry of the vanes is designed
according to the velocity–torque distribution. This method designed a pump that can
operate over a wide range of flow rates. Xiao et al. [31] proposed a controlled velocity
moment design method for multiphase pumps combined with the singularity method,
and the optimized design has a large performance improvement over the model pump.
Liu et al. [32] proposed a hydraulic design method with a controllable blade angle to design
and optimize multiphase pumps, and the optimized GVF and pressure distribution are
more uniform. The transmission performance of the multiphase pump was improved.
Shi et al. [33], Kim et al. [34], and Suh et al. [35] all used the design method of orthogonal
experiments to optimize the structural parameters of the multiphase pump, and the results
show that the head and efficiency of the optimized multiphase were improved, respectively.
Zhang et al. [36] proposed an optimization method combining an artificial neural network
and non-dominated sorting genetic algorithm-ii to optimize the structural parameters of
a multiphase pump, and the head and efficiency of the optimized pump were greatly
improved compared with the original model pump. Liu et al. [37] presented a method for
optimizing the design of multi-stage multiphase pumps based on the Oseen vortex. The
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method can predict the smooth velocity moment downstream of the impeller and apply it
to the optimization of the inlet vane angle of the impeller in the next stage. They carried
out a case study of a three-stage multiphase pump, in which the head and efficiency of the
optimized pump were slightly improved.

In general, scholars have conducted a lot of research on the internal flow character-
istics of the multiphase pump, but less research has been conducted on the design of the
multiphase pump blades. In this paper, an integrated optimal design based on the adaptive
response surface method is proposed, which provides a new approach to thinking about the
design method of multiphase pumps. The chapters of this paper are organized as follows.
In Chapter 2, an original model is designed based on the design theory of the axial flow
pump. In Chapter 3, we start with a numerical simulation of the original model to obtain
its pressure increment and efficiency. The shape parameters of the original model and the
resulting parameters of the numerical simulation are parametrized to create a closed-loop
calculation system. Based on the closed-loop calculation system, parameter correlation
analysis is carried out to obtain several parameters that have the greatest influence on the
performance of the multiphase pump. Next, we carried out the experimental design of the
parameters and the construction of the approximate model based on the closed-loop calcu-
lation system. The optimal solution was obtained by optimizing the approximate model
using the multi-objective genetic algorithm (MOGA) method. In Chapter 4, we compare
the flow field characteristics of the model before and after the optimization. In Chapter 5,
an experimental test is carried out to verify the accuracy of the numerical simulations of
the optimized model. In Chapter 6, we summarize the work in the full text.

2. Design and Calculation of the Original Model

The working parameters for the blade design of a multiphase pump are shown in
Table 1.

Table 1. Multiphase pump design working parameters.

Design Parameter Value Unit

Rotation speed 4500 rpm/min
Flow rate 35 L/s

Head 20 m
Specific speed 325

The calculation formula of specific speed is shown as follows.

ns =
3.65n

√
Q

H3/4 , (1)

where n is the rotation speed, Q is the flow rate, and H is the head.
(1) Head coefficient Ψ

Ψ = gH/U2
t , (2)

where h is the head, Ut is the circumferential velocity of the shroud, and g is the gravitational
acceleration.

(2) Inlet flow coefficient Φ
Φ = Vm/Ut, (3)

where Vm is the axial component of absolute velocity. The flow coefficient has a great
influence on the efficiency of the pump. Each airfoil corresponds to an optimal flow
coefficient range.

(3) Shroud diameter a1

a1 =
60Ut

nπ
, (4)
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The shroud diameter is determined by the head coefficient and should meet the
corresponding flow coefficient requirements. For the multiphase pump, due to the com-
pressibility of the gas, the volume flow of the gas–liquid mixture decreases from the inlet to
the outlet of the pump impeller, so the impeller diameter at the rear end should be smaller
than that in the first half.

(4) Inlet hub ratio ht and Hub inlet diameter a2
Inlet hub ratio ht is the ratio of hub inlet diameter to shroud diameter.

a2= a1ht, (5)

(5) Shroud length diameter ratio hv and Hub length of impeller a4

a4= hva1, (6)

(6) Hub half cone angle γ and Hub outlet diameter a3

a3= a2+2a4tanγ, (7)

where a4 is the axial length of the impeller and γ is the half cone angle of the hub.
A conical hub is generally used for the multiphase pump. This structure can avoid the

reduction of the velocity component on the shaft surface caused by gas compression.
(7) Hub inlet flow angle a6

a6= a′6+∆a6, (8)

where a6
′ is the inlet angle and4a6 is the attack angle.

In the design process, the inlet flow angle is calculated according to the inlet speed
and circumferential speed.

tana6= V/Ut, (9)

where V is the velocity at which the fluid enters the impeller.
Then, according to the principle of equal radial guide path, the flow angle of the blade

inlet at other radial positions is determined.

Const = rtana6, (10)

where r is the radius of the blade and a6 means the hub inlet flow angle.
(8) Hub outlet flow angle a7
According to the design theory of axial flow pump, the blade outlet installation angle

(a7) can be calculated, and then the blade outlet flow angle of other diameters can be
determined according to the principle of equal diameter and guide path.

(9) Tip clearance a9
The tip clearance is the radial clearance between the impeller shroud and the pump

shell. Excessive clearance will lead to increased leakage. In this paper, the clearance is
taken as 0.5 mm.

(10) Maximum blade thickness

δmax= (0.012 ∼ 0.015)a1

√
H, (11)

where δmax is the maximum thickness of the hub and H is the head.
After the above design parameters are determined, the impeller of the multiphase

pump is designed, and the parameter of the blade is shown in Table 2.
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Table 2. Design and construction parameters of the multiphase pump.

Design Parameter Value Unit Expression

Impeller

Head coefficient 0.23 Ψ
Circumferential velocity of the shroud 29.2 m/s Ut

Shroud diameter 0.138 m a1
Inlet hub ratio 0.7 ht

Hub inlet diameter 0.096 m a2
Hub half cone angle 7 ◦ γ

Shroud length diameter ratio 0.39 hv
Hub length of impeller 0.054 m a4

Hub outlet diameter 0.108 m a3/P7
Hub inlet flow angle 16.1 ◦ a6/P1

Shroud inlet flow angle 13.4 ◦ P2
Hub outlet flow angle 15.8 ◦ a7/P3

Shroud outlet flow angle 14.4 ◦ P4
Number of blades 3 a5

Wrap angle 173 ◦ a8/P8 (Hub),
P9 (Shroud)

Guide vane

Hub inlet diameter 0.108 m P7
Hub outlet diameter 0.096 m -
Hub inlet flow angle 41.66 ◦ P5

Shroud inlet flow angle 36.9 ◦ P6

Axial length of guide vane 0.054 m P10 (inlet position),
P11 (outlet position)

Number of blades 11 -
Wrap angle 32.73 ◦ -

The blade is modeled according to the structural parameters of Table 1, and the
geometric model is shown in Figure 1.
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3. Numerical Simulation and Optimization
3.1. Numerical Simulation of the Original Model

CFD methods are widely used in the fields of turbulence [38], multiphase flow [39], and
heat transfer [40] owing to the advantages of low research costs and the ability to simulate
complex or ideal processes. In this chapter, the CFD method is used to design, mesh,
and numerically simulate an original model of a multiphase pump based on the ANSYS
2020R2 Workbench platform. We consider this process as the creation of an input–output
channel. The structural parameters of the original model and the calculated performance
parameters are parametrized. We construct a parameter set for the input and output
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separately and then connect them via the channels we created earlier. When we modify
the input parameter set, and the system automatically applies this computational channel
that we established earlier to calculate the output performance parameters. The solution
of the data points involved in the parameter correlation analysis, design of experiments,
construction of the agent model, and validation of the optimization results required in the
following section is carried out on the closed-loop system of this calculation channel. The
inner circle of Figure 2 represents our numerical simulation of the original model. The
outer ring represents a closed-loop calculation channel created after parameterization of
the structural and performance parameters of the multiphase pump.
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The numerical simulation in this paper is solved by the Euler–Euler method for the
gas–liquid two-phase flow model. The gas is considered as a dispersive particle of equal
particle size for the solution and the liquid is considered a continuous medium. The two-
phase flow model is a non-homogeneous model, which considers the velocity slip and
momentum transfer between two phases. The particle model is used for interphase transfer
and the Schiller–Nauman model is used for the traction model. The velocity inlet condition
and the opening outlet condition are used in the numerical simulation process. The no-slip
wall condition is used for the hub and wall, and the counter-rotating wall condition is used
for the impeller’s shroud. The frozen rotor model is used for the dynamic–static interface.
The SST model combines the advantages of the k-ε and k-ω models to provide a more
accurate and reliable description of the flow of a fluid and to correspond to a wider range
of flow models [41]. In this paper, the SST model is used for the solution of the liquid phase,
and the zero-equation model is used for the solution of the gas phase. The convergence
residuals are taken as 1 × 10−5. During the calculation of the numerical simulation, the
flow rate changes at the inlet and outlet are detected, and the convergence curve of the
residuals is combined to determine whether the calculation process converges.

To ensure the accuracy of the numerical simulation, a mesh-independent analysis is
performed. The grid in this paper is refined by controlling the y+ value of the first layer
boundary to refine the global grid. The y+ value is taken as 10, and the grid diagram is
shown in Figure 3.
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Figure 3. Grids for the numerical simulation the multiphase pump.

The grid-independent analysis was performed for the GVF = 0 working condition.
Figure 4 shows that the efficiency and head curves tend to level off when the num-
ber of grids reaches 1.96 million, so we use a grid of 1.96 million for the subsequent
numerical simulations.
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(a) Curves of grid number growth with performance parameters; (b) comparison of the number of
grids in different areas of the multiphase pump.

After numerical calculations, we obtain a pressure increment of 159.3 KPa and an
efficiency of 68.48% for the pump under the design conditions.

3.2. Parameter Correlation Analysis

We parameterize the input structural parameters and the output pump performance
parameters separately. A calculation channel connecting the input and output parameters
is established for the working condition of GVF = 0. Then, a parametric sensitivity analysis
is performed on the structural parameters.

The Person correlation coefficient method [42] is a statistical method to measure
quantitatively the correlation between variables. It has a wide range of applications in com-
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putational linguistics and is mainly used in research on text classification and information
extraction. Using the vector space model of feature words, the distance between two pairs
of texts is calculated to derive the similarity, which leads to the classification and further
study of the text collection.

When calculated for a sample, the magnitude of the Pearson correlation coefficient
is determined by the value of σ, which reflects the degree to which the two variables are
linearly correlated. σ has a range of values from −1 to +1. A correlation coefficient of +1
indicates a perfect positive linear correlation between the variables. The Pearson correlation
coefficient is calculated as follows [43].

σ =
∑ XY− ∑ X∑ Y

N√(
∑ X2 − (∑ X)2

N

)(
∑ Y2 − (∑ Y)2

N

) (12)

where variable X is the set of x-coordinates of all points, variable Y is the set of y-coordinates
of all points, and N denotes the total number of points.

The Pearson correlation coefficient is the ratio of the product of the covariance and the
standard deviation of the two variables and is a dimensionless, standardized covariance. A
linear change does not affect the results of the Pearson correlation coefficient. Therefore, a
unit change in the horizontal or vertical coordinates does not change the value of σ, so the
σ values are comparable for data with different units.

Figure 5 gives the parameter sensitivity relationships between the design parameters
and the optimization objectives, in which red and blue colors indicate high correlation and
the white color indicates low correlation. The distribution of colors in the graph shows a
high correlation between the variables P8, P9, P2, P4, P6, and the optimization objective.
Among them, we consider P8 and P9 to be equal, so we finally determine P8, P2, P4, and
P6 as the design variables.
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3.3. DOE

The Sparse Grid model is a hierarchical Sparse Grid interpolation algorithm based
on segmented multilinear basis functions. As its initial sampling points are related to the
hierarchical basis functions, the number of sampling points will be significantly reduced
compared to a full grid model. The Sparse Grid relies on a hierarchical decomposition
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of the underlying approximation space. The hierarchical basis is a function based on the
following, which we express in Formula (13).

ϕ(x) =
{

1− |x| x ∈ [−1, 1]
0 x /∈ [−1, 1]

, (13)

The basis function builds on this function with the following expression.

ϕl,i(x) = ϕ

(
x− ihl

hl

)
x ∈ [xl,i − hl , xl,i + hl ], (14)

where l is the number of levels and i is the space location. Figure 6 shows the basis functions
and response space for one-dimensional interpolation at the l = 3 condition [44].
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The layered incremental space is shown in Equation (15)

Wl = span
{

ϕl,i : i ∈ Il
}

Il =
{

i ∈ N, 1 ≤ i ≤ 2l − 1
} (15)

The response function space for the full grid is shown below.

Vl = ⊕
k≤l

Wk, (16)

The Sparse Grid model, on the other hand, ignores subspaces from the full grid that
have less influence on local differences, and its response function space is shown below [37].

VS
O,n = ⊕

|i|≤n+d−1
Wl , (17)

The one-dimensional interpolation approximation model can be expressed as

f (x) ≈ u(x) =
l

∑
k=1

∑
i∈Il

αk,i ϕk,i(x), (18)

When dealing with multi-dimensional problems, the Sparse Grid model can signif-
icantly reduce the dependence on the sampling points in each dimension and improve
computational efficiency. Sparse Grid experimental design enables the construction of
experimental designs with fewer points while ensuring that the test points are distributed
as evenly as possible in the design space. Compared with CCD and Latin hypercube
algorithms, it is less computationally intensive and more efficient. Therefore, the Sparse
Grid model is used for the experimental design method in this paper.

The range of values for each parameter of the multiphase pump is shown in Table 3.
The experimental design table obtained is shown in Table 4.
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Table 3. The range of values of structural parameters.

Structure Parameters Lower Value Upper Value Unit Expression

Shroud inlet flow angle of impeller 13 19 P2
Shroud outlet flow angle of impeller 15 21 P4

Wrap angle of impeller 155 195 P8
Shroud inlet angle of guide vane 39 45 P6

Table 4. Experimental design based on the Sparse Grid method.

Name P2 (◦) P4 (◦) P6 (◦) P8 (◦) Pressure Increment (KPa) Efficiency (%)

1 16 18 42 175 111.680 47.8541
2 13 18 42 175 117.246 48.8855
3 19 18 42 175 105.822 46.4865
4 16 15 42 175 107.892 47.1617
5 16 21 42 175 116.008 48.7249
6 16 18 39 175 111.877 47.8882
7 16 18 45 175 111.609 47.8679
8 16 18 42 155 148.415 44.3653
9 16 18 42 195 62.7643 43.5081

3.4. Construction of Approximate Models

The Sparse Grid method can provide refinement for continuous parameters, which
means that it can automatically optimize itself. The dimensional adaptive algorithm
allows it to determine which dimensions are most important to the objective function.
When updating the response surface, the Sparse Grid uses an automatic local optimization
process to determine the areas of the response surface that are most in need of further
optimization. Then, it concentrates refinement points in these regions, allowing for the
response surface to reach the specified accuracy faster with fewer design points. This
results in a reduction in computational effort.

Figure 7 shows the residual convergence curve for the computation of the Sparse
Grid. It can be seen that the head converges faster during the calculation, and the specified
convergence requirement is reached at 40 data points. The efficiency comes the convergence
requirement at 96 data points. Figure 8 shows the goodness-of-fit curve of the Sparse Grid,
which refers to the degree of fit of the regression curve to the observed values. The statistical
measure of goodness of fit is the coefficient of determination (also called coefficient of
determination) R2, the maximum value of which is 1. In summary, the goodness of fit is
used to measure how well the fitted curve fits the original data, and the closer the data
points are to the line y = x, the better the goodness of fit. From the data in Figure 8, we
can see that almost all data points are very close to the line y = x, so we can judge that the
goodness of fit is very good.
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3.5. Optimization

For the optimization of impeller parameters in this paper, a multi-objective genetic
algorithm (MOGA) is used. The estimated number of evaluations is 2000. The number
of initial samples is 100. The number of samples per iteration is 100. The maximum
allowable Pareto percentage is 70%. The convergence stability percentage is 2%. The
maximum number of iterations is 100. When the calculation reaches the 9th iteration step,
the calculation converges, and the number of evaluations reaches 823.

The optimal set of Pareto solutions obtained from the optimization is shown in Figure 9.
From the data in the figure, it can be seen that when the head increases, the efficiency is
decreasing. When the efficiency increases, the head also decreases. The relationship
between the two is mutually constrained. The goal of optimization is to maximize both
head and efficiency, and we can find the optimal solution that satisfies both goals from
these 13 optimization results. The final results of the optimal solutions are shown in Table 5.
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Table 5. Optimization result parameters.

Name Candidate Point Calibrated Point of Optimized Model Unit

P2 13.008 13 ◦

P4 20.15 20 ◦

P6 39.494 39.5 ◦

P8 170.05 170 ◦

Head 124.87 124.72 KPa
Efficiency 48.455 48.501 %
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4. Discussion

We constructed an integrated optimized design model for the multiphase pump and
completed the optimized design of the multiphase pump to obtain the optimized model
of the multiphase pump structure based on the closed-loop calculation system we built.
In this chapter, we compare the models before and after optimization, and analyze the
changes in the internal flow field of the two different models.

Figure 10 gives the static pressure distribution of the blade surface under the water
condition. Figure 10a,b shows that the area of the high-pressure region of the pressure
surface of the optimized model is higher than that of the original model, especially in
the position near the leading and trailing edges of the impeller is more obvious. The
higher static pressure on the impeller surface indicates that the fluid medium is converted
into more energy, so the performance of the impeller is better. Figure 10c,d shows that
the pressure change of the suction surface before and after optimization is not obvious.
Figure 11 gives the static pressure distribution on the blade surface with GVF = 0.2. From
Figure 11a,b, it can be concluded that the optimized blade surface pressure is larger than
the original model, and the area of pressure increase is mainly shown in the outer edge
of the impeller pressure surface, which shows that the optimized blade has better energy
conversion characteristics. From Figure 11c,d, it can be concluded that the pressure change
of the optimized suction surface is small, and there is a slight increase at the inlet of
the impeller.
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Figure 11. Distribution of surface static pressure on impeller at GVF = 20% working condition.
(a) Pressure side of original model; (b) pressure side of optimized model; (c) suction side of original
model; (d) suction side of optimized model.

Figure 12 gives the distribution of blade load under the water working condition. We
can conclude that the surface load of the blade increases with the increase of span-wise and
then decreases, and the pressure in the outer area of the blade is obviously higher than that
in the inner area. It can be seen from the figure that the pressure of the blade suction surface
is lower and the pressure difference is larger after optimization. Therefore, it can produce
higher head. The area enclosed by the optimized blade load curve is larger than that of
the original model, so the energy conversion characteristics of the blade are better. As can
be seen from Figure 13, the overall surface load of the blade at GVF = 0.2 is lower than
the water working condition, and the changing trend of the curve is not much different
from the water condition. The energy conversion characteristics of the optimized impeller
are better.
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(a) 0.1 span, (b) 0.5 span, and (c) 0.9 span.
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Figure 13. Distribution of blade loads along the span-wise place at 20%GVF condition. (a) 0.1 span,
(b) 0.5 span, and (c) 0.9 span.

A swirling strength criterion was used to construct a vortex intensity cloud in the
impeller region. Figure 14 gives the distribution of the vortex structure under the different
working conditions. It can be concluded that the internal vortex of the multiphase pump is
mainly caused by the impeller rotation, which is mainly distributed at the impeller inlet,
outlet, and between the gap of the impeller and the shroud. From Figure 14a,e, it can be
concluded that the vortex length d2 at the blade exit of the optimized model is smaller than
d1 of the original model. The vortex intensities in Figure 14f–h are smaller than those in
Figure 14b–d. This indicates that the optimization achieved better results.
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Figure 14. Vortex distribution diagram of the optimized model and the original model. (a) GVF = 0 of
original model; (b) GVF = 10% of original model; (c) GVF = 20% of original model; (d) GVF = 30% of
original model; (e) GVF = 0 of optimized model; (f) GVF = 10% of optimized model; (g) GVF = 20%
of optimized model; (h) GVF = 30% of optimized model.

The distributions of turbulent energy dissipation rates for the original and optimized
models under the water condition are given in Figure 15. The overall turbulent energy
dissipation of the optimized model is lower than that of the original model, and the
dissipation in both the outlet region shown in Figure 15a and the inlet region shown in
Figure 15b of the impeller is improved. The turbulent energy dissipation rate distribution
of the impeller and guide vane for GVF = 0.2 is presented in Figure 16. The turbulent energy
dissipation at the intersection of the impeller and guide vane is significantly improved
by the optimized model. The dissipation in the flow channel region in the middle of the
impeller also becomes smaller. It indicates that the optimized performance is better.
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Figure 16. Distribution of turbulent energy dissipation rate under the 20%GVF condition.

Figure 17 provides an internal flow diagram of the impeller and guide vane of a
multiphase pump under the water conditions. We can conclude that the flow velocity on
the blade surface increases from the hub to the shroud. Compared to the original model,
the flow velocity in the impeller region of the optimized model decreases, and the flow
velocity in the guide vane region increases. The increased velocity in the guide vane region
leads to more severe flow separation, especially near the hub surface. The increased flow
velocity results in higher kinetic energy, which is the main reason for the increased head
of the optimized multiphase pump. Figure 18 shows the flow lines inside the multiphase
pump and guide vane for the condition of 20%GVF. Due to the increased GVF, the flow
velocity of the liquid in both the impeller and the guide vane is lower than in the water
condition, which leads to a reduction in the performance of the multiphase pump. The
optimized model has a lower flow rate in the impeller and a higher flow rate in the guide
vane, with increased flow separation near the hub side. This is consistent with the results
for the water condition.
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Figure 17. Streamline distribution of impeller and guide vane before and after optimization under
the water condition.
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Figure 19 shows the performance curves of the multiphase pump for different GVF
cases. When GVF = 0, the flow-head curve of the multiphase pump shows an obvious
hump trend, and the efficiency curve shows a trend of first increasing and then decreasing,
which is consistent with the trend of the performance curve of the general axial flow pump.
When the gas content gradually increases from 0.0 to 0.3, the optimized model has a higher
head than the original model. When the flow rate is small, the efficiency change is not
obvious. When the flow rate is larger than the design condition, the optimized model has
higher efficiency than the original model. The larger the flow rate is, the more obvious the
efficiency improvement is.
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A comparison of our work with other similar works is given in Table 6. The opti-
mization results show an increase in pressure increment and efficiency of 9.4% and 1.8%,
respectively. Our working conditions and specific size are different, so there will be some
differences in the results. However, we used an integrated design–grid–numerical simula-
tion approach for the optimization process. Only an initial set of data must be calculated to
build up a computational framework. Then, the design of experiments, the construction of
an approximate model, and the relevant parameters of the optimization method are set to
produce the optimal solution. Such design methods are less computationally intensive and
more intelligent than their work. Therefore, we believe that the integrated optimization
design method proposed in this paper is effective.
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Table 6. A comparison of our work and similar works.

Ming Liu [32] Zhang [36] Kim [34] Suh [35] Our Work

Optimization process Step by step Integrated

Working Condition GVF = 0
~10%

GVF = 0
~40% GVF = 0 GVF = 0

~15% GVF = 30%

Blade size
Diameter 0.15 m - 0.15 m 0.15 m 0.138 m
Length 0.075 m - 0.075 m - 0.054 m

Pressure Increment
(Growth Value/Percentage) 12.8 KPa/- -/10% 30.9 KPa/- 48.89 KPa/- 10.78 KPa/9.4%

Efficiency
(Growth Value/Percentage) -/- -/3% 1.9%/- 1.78%/- 0.892%/1.8%

5. Experimental Validation

In order to verify the accuracy of our optimization scheme, a multiphase pump
performance test rig was set up to test the performance of the optimized blades. The flow
chart of the experiment is shown in Figure 20, and the process of the experiment is shown
in Figure 21.

We tested the performance of multiphase pumps under the water condition and
GVF = 0.2 condition. The performance curves are shown in Figure 22. The process of
numerical simulation is idealized for individual blades and does not take into account
the errors caused by the friction between bearings, packing seals, and shafts that exist in
the real experimental process. The performance parameters obtained from the tests are
slightly lower compared to the results obtained from numerical simulation, which are
within the acceptable range. Therefore, we consider that the integrated and optimized
design approach used in this paper is effective.
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Figure 21. Experimental process diagram for the multiphase pump. (1) Motor; (2) frequency trans-
former; (3) torque and revolution speed sensor; (4) multiphase pump; (5) pressure sensor; (6) liquid
flowmeter; (7) gas flowmeter; (8) air compressor; (9) guide vane; (10) impeller; (11) electronic throttle
valve; (12) tank; (13) outlet pipe; (14) valve; (15) inlet pipe.
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6. Conclusions

Firstly, this paper completes the design and numerical simulation of a multiphase
pump and derives several pump performance parameters for the water condition. The
structural parameters of the blade and the parameters of the results obtained from the
numerical simulations are parametrized. A framework integrating the design–meshing–
numerical simulation is built up. Within this framework, a parametric correlation analysis
was carried out to obtain the parameters that have the greatest influence on the performance
of the multiphase pump. They are the shroud inlet angle, the shroud outlet angle, the
wrap angle of the impeller, and the shroud inlet angle of the guide vane. Then, the design
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of experiments and approximate model building was carried out using the Sparse Grid
adaptive method in an integrated framework. The MOGA method was used for the
optimization analysis in this paper. The final optimized model parameters were obtained,
with 0.89% increase in efficiency and a 10.78 KPa increase in pressure increment compared
to the original model.

The internal flow characteristics of the original model and the optimized model were
compared and analyzed. We obtained a slight increase in the blade surface load of the
optimized model and a slight increase in the static pressure at the pressure surface of the
blade compared to the original model. In particular, the pressure increase near the impeller
shroud is more obvious. The flow velocity in the impeller is reduced compared to the
original model, and the flow velocity in the guide vane is slightly increased, which leads to
an increase in the vortex in the exit area of the guide vane. The vortex within the impeller
occurs mainly at the inlet, outlet, and rotating walls of the impeller. The vortex of the
optimized model is slightly improved at the outlet. The turbulent energy dissipation in the
optimized model is smaller compared to the original model, so the optimized model has
higher efficiency.

We finally carried out an experimental study of the optimized model and obtained
that the numerical simulation parameters of the optimized model matched the experimen-
tal parameters. Therefore, we conclude that the integrated design–meshing–numerical
simulation proposed in this paper is effective.
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Nomenclature
ns Specific speed [rpm/min:m3/s, m]
Q Flow rate [L/s]
H Head [m]
Ut The circumferential velocity of the impeller shroud [m/s]
Vm Axial component of absolute velocity [m/s]
n Rotation speed of impeller [rpm/min]
a1 Shroud diameter of impeller [m]
a2 Hub inlet diameter of impeller [m]
ht Inlet hub ratio of impeller [-]
a3 Hub outlet diameter of impeller [m]
hv Shroud length diameter ratio of impeller [-]
a4 Hub length of impeller [m]
a5 Number of impellers [-]
a6 Inlet angle of impeller [◦]
V Velocity at which the fluid enters the impeller [m]
r Radius of the impeller [m]
a7 Hub outlet flow angle of impeller [◦]
a8 Wrap angle of impeller [◦]
a9 Tip clearance of impeller [mm]
σmax Maximum blade thickness [mm]
X The set of x-coordinates of all points [-]
Y The set of y-coordinates of all points [-]
N The total number of points [-]
Wl The layered incremental space [-]
Vl The response function space for the full grid model [-]
VS

O,n Response function space of the Sparse Grid model [-]
y+ Dimensionless wall distance [-]
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Greek Letters
Ψ Head coefficient [-]
Φ Inlet flow coefficient [-]
γ Hub half cone angle [◦]
σ Pearson correlation coefficient [-]

Abbreviations
GVF Gas volume fraction [%]
SRMP Synchronal rotary multiphase pump [-]
CFD Computational fluid dynamics [-]
MOGA Multi-objective genetic algorithm [-]
SST Shear stress transport [-]
CCD Central composite design [-]
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