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Abstract: The radial-flow turbine, a key component of the supercritical CO2 ( S-CO2) Brayton cycle,
has a significant impact on the cycle efficiency. The inlet volute is an important flow component
that introduces working fluid into the centripetal turbine. In-depth research on it will help improve
the performance of the turbine and the entire cycle. This article aims to improve the volute flow
capacity by optimizing the cross-sectional geometry of the volute, thereby improving the volute
performance, both at design and non-design points. The Gaussian process surrogate model based
parameter sensitivity analysis is first conducted, and then the optimization process is implemented
by Bayesian optimization (BO) wherein the acquisition function is used to query optimal design. The
results show that the optimized volute has better and more uniform flow characteristics at design and
non-design points. It has a smoother off-design conditions performance curve. The total pressure loss
coefficient at the design point of the optimized volute is reduced by 33.26%, and the flow deformation
is reduced by 54.55%.

Keywords: Bayesian optimization; sensitivity analysis; numerical simulation; volute; S-CO2

power cycles

1. Introduction

With the increasing demand for clean and efficient use of energy, it has become difficult
to further enhance the thermal system with water vapor as the work substance to meet
people’s needs, as the components of this thermal system are extensively investigated and
used to a high design level. In recent years, the supercritical CO2 (S-CO2) Brayton cycle
has gained widespread attention due to its high cycle thermal efficiency, compact structure,
and environmental friendliness [1–3].

The radial-inflow turbine is a key component of the S-CO2 Brayton cycle, which
affects the efficiency of the entire cycle, and is suitable for operating conditions where
the mechanical power of the turbine is less than 30 MW [4]. At present, the research on
S-CO2 radial-flow turbine is mainly focused on the nozzle and impeller, but the research on
inlet volute is rarely reported. However, the inlet volute, as the infusion and acceleration
component of the radial-flow turbine, not only affects its internal flow and loss but also has
an important impact on the performance of the whole machine. Therefore, the optimization
design of the inlet volute is necessary.

For the conventional volutes, Simpson et al. [5] demonstrated the feasibility of using
the CFD method to analyze inlet volute by comparing numerical calculation results with
experimental data. Suhrmann et al. [6] found that the combination of small volute angle and
volute radius can effectively reduce the losses in the volute but increasing the amplitude of
the static pressure pulsation at the volute exit. Lee et al. [7] found that the secondary flow
inside the volute significantly changes the distribution of the outlet airflow angle. Yang
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et al. [8] obtained a new cross-sectional shape of the volute by changing its aspect ratio,
which makes the radial flow channel cross-section more gentle, weakening the secondary
flow development inside the volute and reducing the internal losses. Samuel et al. [9]
investigated the effect of different volute aspect ratios on the performance of mixed-flow
radial turbines. Lee et al. [10] introduced the concept of the inclined volute and found
that compared to the ordinary inlet volute, the inclined volute can effectively improve the
efficiency of radial flow turbine under steady-state and pulsating flow conditions. Huang
et al. [11] used the response surface method to robustly optimize the cross-sectional shape
of the volute, which improves the internal flow performance of the volute.

Note that the above studies are focused on incompressible fluids. There are a few
research works on the volutes with real gases such as high-density, high specific heat
capacity S-CO2 as the working fluid. Currently, Du et al. [12] take the design of S-CO2
centripetal compressor as the background to optimize the volute by the orthogonal design
test method. Zhu et al. [13] studied the interaction between the geometry and performance
of the S-CO2 radial-inflow turbine vaneless inlet volute and found that the radial dimension
of the vaneless volute turbine obtained in the final design is significantly reduced under
the condition of meeting the total efficiency of the design point. However, there is still
very little research on the radial-flow turbine inlet volute with S-CO2 as the working fluid.
The special thermophysical properties of S-CO2 will cause differences in the design and
research process, and further research is necessary.

In this paper, the surrogate-based sensitivity analysis as well as the Bayesian optimiza-
tion (BO) method is used to optimize the cross-sectional shape of the radial-inflow turbine
inlet volute. Furthermore, the surrogate-based optimization analysis method [14,15] has
been increasingly used in the optimal design of turbomachinery components because
of its cheapness and efficiency. The optimal volute cross-section shape with the global
spread angle 24.25◦, the corner radius factor 200 mm, and the outlet size factor 300 mm is
determined by BO, and then the variation of the flow energy inside the optimized vortex
shell, including the design and non-design points, is investigated. The results show that
the optimized volute cross-section shape has less internal losses and more uniform outlet
flow field than the original volute and can operate well under a wider range of operating
conditions.

The remainder of the article is organized as follows. Section 2 gives a brief introduc-
tion of the volute design method. Thereafter, Section 3 introduces the three-dimensional
simulation model of the volute, followed by the Bayesian optimization framework in
Section 4. Section 5 provides an in-depth analysis and discussion of the optimized results.
Finally, Section 6 offers the conclusion.

2. Volute Design Method

For the design of the inlet volute, a one-dimensional design method based on the
equal-circulation theory [16] is usually adopted, which assumes that the complex three-
dimensional viscous flow inside the volute is frictionless free flow and its momentum
is constant:

cuθ Rθ ϕ = cu1R1 = const, (1)

where cu is circumferential speed, θ is the circumferential azimuth angle of the inlet volute,
ϕ represents the speed loss coefficient, the subscript one indicates the exit of the volute, and
R is the volute radius. The following relationship exists between the mass flow rate Qθ

m
and the azimuthal angle θ:

Qθ
m =

Qm(θmax − θ)

θmax
, (2)
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where Qm represents the inlet flow rate of the volute, and θmax represents the maximum
azimuth angle of the volute. Thereafter, four additional relations are obtained based on the
continuity equation:

Qm = cr1ρ1 A1, (3)

A1 = 2πR1LΓ, (4)

Qθ
m = cuθρθ Aθ , (5)

tanαθ =
cuθ

crθ
, (6)

where A denotes the cross-sectional area, L is the exit height of the volute, Γ denotes the
partial air inlet degree, and αθ represents the airflow angle corresponding to the azimuth
θ section. Finally, the relationship between the cross-sectional area and the radius can
be obtained:

Aθ

Rθ
= 2πLΓϕ

ρ1

ρθ

1
tanα1

(θmax − θ)

θmax
. (7)

However, the one-dimensional design method for volute is limited by the lack of a
conditional equation to obtain the specific density variation of each runner section in the
volute. To design a volute with better performance, many researchers have conducted
in-depth work volute design methods. Chen et al. [17] proposed different two-dimensional
design methods considering the variation of density inside the volute. Owarish et al. [18]
considered the influence of the volute cross-sectional shape and cut the volute into several
small pieces along the flow path, thereby developing a two-dimensional design for the
volute geometry. Nevertheless, Ayder et al. [19,20] showed that the flow inside the volute
is a complex three-dimensional viscous flow with vortexes, resulting in secondary flow and
uneven cross-sectional pressure distribution in the volute, causing flow losses. Therefore,
neither one-dimensional nor two-dimensional models can accurately predict the flow of
the volute, and the three-dimensional CFD technology is widely used in the performance
prediction of the volute.

In this paper, a three-dimensional model of the inlet volute shown in Figure 1 is used
to study the effect of changing the cross-sectional geometry on the performance of the
volute. Note that the model has extended upstream to make the inlet boundary conditions
as accurate as possible and improve the convergence of the computational process.

Figure 1. Three-dimensional illustration of the studied volute.

3. The Three-Dimensional Simulation Model of the Volute

In this paper, the three-dimensional model of the inlet volute of the S-CO2 radial-inflow
turbine is numerically calculated under the design and non-design working conditions by
ANSYS FLUENT software. The calculation results of the flow field are obtained by solving
the three-dimensional compressible Reynolds time-averaged Navier–Stokes equations. We
use a pressure-based solver, with a coupled implicit algorithm to increase the speed of cal-
culation convergence and the second-order upwind scheme to increase the computational
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accuracy. Moreover, the calculation is considered to have converged when the energy resid-
uals are less than 10−6 and all other variable residuals are less than 10−3. The boundary
conditions in the numerical calculation process are shown in Table 1. We adopted the mass
flow rate Qm = 16 kg/s as the outlet boundary condition. The outlet static pressure is used
as a reference condition. Furthermore, the NIST physical property database integrated by
ANSYS FLUENT software is utilized to calculate the thermodynamic properties of S-CO2.
For the turbulence model, the Spalart–Allmaras (SA) single-equation model is used in
this paper. The SA model has excellent robustness and can achieve good results in the
numerical simulation of complex flows. Moreover, in the public research work [21], the
SA model has shown to be suitable for the numerical simulation of S-CO2 radial-flow
turbine. Hence, this paper uses this SA model to study the S-CO2 radial-flow turbine
inlet volute.The SA model is extended to the y+ insensitive wall treatment in ANSYS FLU-
ENT, which makes the application of the model unaffected by the near-wall y+ resolution.
Furthermore, the y+ values of our grid are less than ten, which meets the requirements
of SA model. The mesh generation of the volute was done via ICEM CFD. This paper
uses the Grid Convergence Index (GCI) method for grid-independent verification [22].
The GCI method is an acceptable and recommended method that has been evaluated in
many CFD cases [22,23]. Three sets of grids are used in our verification, and their numbers
are N1 = 3.8 million, N2 = 2.1 million, and N3 = 1.0 million, respectively. The correspond-
ing total outlet pressures, an important parameter in our optimization calculations, are
φ1 = 19,975,060 Pa, φ2 = 19,974,180 Pa, and φ3 = 19,973,340 Pa respectively. The results of
grid convergence study via the GCI method are shown in Table 2. It can be seen that the
GCI21 and GCI32 are small, indicating that the solutions are within the asymptotic range
of convergence, and the exact solution is approximately obtained. Therefore, based on the
measurement of calculation cost and calculation accuracy, N3 = 1.0 million unstructured
grids shown in Figure 2 were selected for subsequent calculation research.

Table 1. The boundary conditions for the numerical simulation model of the intake volute.

Item Symbol Unit Value

Inlet total temperature Tt,in K 773.15
Inlet total pressure Pt,in MPa 20

Outlet static pressure Pout MPa 19.62
Mass flow rate Qm kg/s 16

Table 2. Grid convergence study using total outlet pressure as an indicator.

Item Symbol Value

Grid refinement ratio between N2 and N1 r21 1.28
Grid refinement ratio between N3 and N2 r32 1.30

The order of convergence P 1.0520
The extrapolated values between φ2 and φ1 φ21

ext 19,882,247 (Pa)
The extrapolated values between φ3 and φ2 φ32

ext 19,980,611 (Pa)
Approximate relative error between φ2 and φ1 e21

α 0.004405
Approximate relative error between φ3 and φ2 e32

α 0.004205
Extrapolated relative error between φ2 and φ1 e21

ext 0.035960
Extrapolated relative error between φ3 and φ2 e32

ext 0.032185
The fine-grid convergence index between N2 and N1 GCI21 0.032185
The fine-grid convergence index between N3 and N2 GCI32 0.308447
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Figure 2. Mesh model of the volute.

4. Bayesian Optimization Framework for the Design of Volute
4.1. Optimization Object Description

As the optimization object of this paper, the cross-sectional shape of the volute is
shown in Figure 3, which is defined by three parameters, including the global spread angle
α, the corner radius factor R, and the outlet size factor b. Note that the volute needs to
be coupled to the impeller, so the volute outlet radius is equal to the nozzle inlet radius,
which is 82 mm. The ranges of each design variable in the optimization process are shown
in Table 3. The total pressure loss coefficient Ks [16] and the flow distortion Fd [24], as the
optimization objectives of our interest, are expressed as follows:

Ks =
Pt,in − Pt,out

Pt,in − Pin
, (8)

Fd =
max(Pt,out)−min(Pt,out)

Pt,out
, (9)

where Pt,in and Pt,out represent the average total pressure at the inlet and outlet of the
volute, respectively; Pin is the average static pressure at the inlet of the volute; and finally,
max(Pt,out) and min(Pt,out) denote the maximum and minimum total pressures at the outlet
of the volute, respectively. Lower values of Ks and Fd are favorable.

𝑏

𝑅

0°

270° 90°

180°

Figure 3. Schematic diagram of the volute cross section.

Table 3. Design variables and their ranges of the volute.

Symbol Range Parameter Unit

α [10, 30] Global spread angle of the volute ◦

R [70, 200] Corner radius factor of the volute cross-section mm
b [200, 300] Outlet size factor of the volute mm
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4.2. Optimization Framework Introduction

In this paper, the Bayesian optimization (BO) algorithm is used to optimize the cross-
sectional shape of the volute. The BO algorithm obtains the optimal solution of the complex
objective function with a relatively small number of function evaluations to efficiently and
quickly optimize such time-consuming simulation-based problems. Figure 4 shows the
flow chart of BO framework. It can be described as six steps, as follows:

Begin

Design of experiment

Build a Gaussian 
process model

Global sensitivity 
analysis

end

Perform Bayesian 
optimization

Evaluate the model 
accuracy

Ansys Fluent 
simulator

Ansys Fluent 
simulator

Figure 4. Bayesian optimization flow chart for the design of volute.

Step 1. Design of experiment (DOE). The DOE method in the optimization framework
is Sobol sampling [25]. It is a low discrepancy sequence method. Compared with random
numbers, the Sobol sequence focuses on generating a uniform distribution in the probability
space. The DOE generates 100 sample points, 90 of which are used as the training set to
construct the surrogate model and the remaining 10 points as the test set to evaluate the
model accuracy. Note that each point is fed into the three-dimensional simulation model
presented in Section 3 to solve the response values using ANSYS FLUENT simulator.

Step 2. Build a Gaussian process model. As a non-parametric model, the Gaussian
process surrogate model is widely used in regression and classification problems. A Gaus-
sian process is a generalization of the multivariate Gaussian probability distribution [26].
After constructing the Gaussian process surrogate model from a small number of samples,
we can obtain the prediction information about the complex real problem, including the
predicted mean and the predicted standard deviation, as shown in Figure 5. Note that
the Gaussian process constructed in this paper does not use a mean function. However,
the squared exponential covariance function, the Gaussian likelihood function, and the
Gaussian likelihood inference function are employed. For the optimization of the hyperpa-
rameters, the conjugate gradient method is adopted. When the number of samples is large
enough to meet the model accuracy requirements, the Gaussian process can almost replace
the expensive and time-consuming simulation calculations and solve them through cheap
and fast predictions.
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Step 3. Evaluate the model accuracy. After constructing the Gaussian process surrogate
model, the model accuracy needs to be evaluated. If the model accuracy does not meet the
requirements, further points need to be added. On the contrary, the sensitivity analysis
and optimization can be continued if the requirements are met. Commonly used criteria to
test the model accuracy include the coefficient of determination R2, root mean square error
(RMSE), maximum absolute error (MAE), and maximum relative error (MRE). The specific
expressions are as follows:

R2 = 1−

p
∑

i=1
( fi(x)− f̂i(x))2

p
∑

i=1
( fi(x)− f̄i(x))2

, (10)

RMSE =

√√√√ 1
p

p

∑
i=1

( fi(x)− f̂i(x))2, (11)

MAE = max
∣∣∣ fi(x)− f̂i(x)

∣∣∣, i = 1, 2, 3, ..., p, (12)

MRE = max

∣∣∣∣∣ fi(x)− f̂i(x)
fi(x)

∣∣∣∣∣, i = 1, 2, 3, ..., p, (13)

where f̂i(x) represents the approximate response value obtained by the surrogate model,
f̄i(x) denotes the average of all true response values fi(x), and p is the number of test
points. Note that for these four model accuracy criteria, the closer R2 is to 1, the higher the
model accuracy is. In addition, the smaller the values of RMSE, MAE, and MRE are, the
higher the model accuracy is.

Step 4. Global sensitivity analysis. Sensitivity analysis is an effective tool that can
reveal the effect of changes in input parameters on the output response [27] and can provide
reference for optimal design. This article uses the Sobol global sensitivity method to analyze
the effects of changes in each design variable of the volute on two performance indicators
of interest, including the total pressure loss coefficient Ks, and the outlet flow distortion
Fd [28]. Sobol global sensitivity analysis is a method based on variance decomposition,
which can determine the sensitivity of individual factors and factor coupling by calculating
the contribution of single and multiple factors to the total variance [29]. The most commonly
used Sobol sensitivity indices are the first-order Sobol indices Si and the total-order Sobol
indices STi [30]. Si shows the individual influences of each input variable on the output
response, indicating that the contributions of each variable without considering the mutual
effects of the variables, which is called the main effect. It is the expected amount of variance
of an input variable over the total output variance, as follows:

Si =
V[E(Y|Xi)])

V(Y)
. (14)

Correspondingly, STi considers the interaction between input variables and quantifies
the total impact of an input variable on the model output. It can be interpreted as the
expected amount of output variance; the expression is as follows:

STi = 1− V[E(Y|X−i])

V(Y)
. (15)

Note that we adopt a Gaussian process surrogate modeling-based approach to evaluate
the Sobol sensitivity indices, which can effectively alleviate the computational cost caused by
the traditional Monte Carlo simulations approach method. At the same time, the Gaussian
process surrogate model is also employed for the subsequent Bayesian optimization.

Step 5. Perform Bayesian optimization. BO is a powerful and efficient strategy to
find the optimum of the expensive, black-box objective function. It approximates the
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optimal solution of the real problem as quickly as possible through a limited number of
evaluations. Therefore, BO is now used not only for various expensive machine learning
problems [31,32] but also gradually for time-consuming simulation-based mechanical
optimization design problems [33,34], such as the optimization of impeller shapes [35].
After the surrogate model of the actual function is constructed using the Gaussian process
as shown in Figure 5, we actively query the optimal solution of the model by minimizing
the acquisition function, which is composed of the predicted mean and predicted standard
deviation of the Gaussian model, as shown in Figure 6 is the expected improvement
(EI) [36] acquisition function.

-

-

Figure 5. Bayesian Optimization diagram based on Gaussian process.

0.5 0.6 0.7 0.8 0.9 1
0

0.2

0.4

0.6

0.8

1

EI
new point

Figure 6. Minimizing the EI acquisition function to query new point.

5. Results and Discussion

In this paper, based on 90 sample points, the surrogate model of the real problem
is built using the Gaussian process. Table 4 shows the model accuracy test results of the
two optimization indicators for different surrogate models, i.e., GP, thin-plate spline RBF,
quadratic PRS, and MARS, at ten test points. The best results are marked in bold. The
results show that the GP surrogate model almost has the best fitting effect. For the Guassian
process, it can be seen that the coefficient of determination R2 is greater than 0.95 for both
optimization objectives Ks and Fd, and the other error indicators RMSE, MAE, and MRE
are very small. It indicates that the surrogate model can reflect the mapping relationship
between input and output of the real problem accurately. Therefore, it can be used for the
subsequent sensitivity analysis as well as optimization design.
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Table 4. Model accuracy of the two optimization indicators for different surrogate models.

Symbol Surrogate Model R2 RMSE MAE MRE

Ks GP 0.9861 0.0046 0.0101 0.0513
RBF 0.9596 0.0079 0.0146 0.1007
PRS 0.9847 0.0049 0.0079 0.0643

MARS 0.9638 0.0075 0.0129 0.0658

Fd GP 0.9980 0.0004 0.0008 0.0515
RBF 0.9633 0.0016 0.0036 0.2643
PRS 0.9847 0.0005 0.0079 0.0642

MARS 0.9637 0.0075 0.0129 0.0658

5.1. Sensitivity Analysis of Volute Optimization Parameters

Figure 7 shows the sensitivity analysis results of the volute design parameters to
the total pressure loss coefficient Ks, including the first-order Sobol indices Si and the
total-order Sobol indices STi. Obviously, the most important parameter is the outlet width
coefficient b, which accounts for about 90% of the output variation for the pressure loss
inside the volute. This is in line with understanding, because the variation of b has a
significant effect on the internal flow velocity of the volute. It leads to a variation of the
flow and vortex intensity inside the volute, which in turn leads to a strong change in
Ks. Note that the indicators Si and STi of each design variable in Figure 7 do not differ
significantly, indicating that the interaction effect between them is weak. In addition,
Figure 8 presents the sensitivity analysis results of the design parameters of the volute
to the flow distortion Fd. It is similar to the sensitivity analysis result of the Ks. The b
remains the input parameter that has the most significant effect on the variation of the
flow distortion, accounting for more than 95% of the output variation. In summary, for the
intake volute, the parameter b on the cross-section is the key geometric parameter that has
a great impact on the performance.

Figure 7. Sensitivity analysis of design parameters to the total pressure loss coefficient.
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Figure 8. Sensitivity analysis of design parameters to the flow distortion.

5.2. Performance Analysis of the Optimal Volute

After constructing a surrogate model that meets the accuracy requirements, we select
the optimal point on the model by minimizing the acquisition function. The genetic
algorithm (GA) is used to minimize the acquisition function, which is a common swarm
intelligence algorithm. For the optimization of the inlet volute cross-section shape, we take
the total pressure loss coefficient as the optimization objective, because the two objectives
of interest, Ks and Fd, are found to have a strong correlation rather than two conflicting
objectives through the sample points. Therefore, the optimization problem can be described
as follows:

Minimize Ks

s.t.


10 ≤ α ≤ 30,
70 ≤ R ≤ 200,
200 ≤ b ≤ 300.

(16)

After optimization, we obtained the optimal volute cross-sectional shape and optimal
Ks within the design range and substituted the volute cross-sectional shape into the real
model for numerical simulation. We have tried different acquisition functions, namely the
Probability of improvement (PI) and EI. The optimization result obtained through PI is
slightly better than EI and is used for subsequent analysis. Note that based on the Gaussian
process surrogate model with the required accuracy, this paper performs a single iteration
BO optimization. The results are shown in Table 5. It can be seen that the relative error
between the numerical simulation result and surrogate model prediction result is 1.25%,
which is within an acceptable range and proves the feasibility of Bayesian optimization in
volute optimization.

Table 5. Comparison of surrogate model optimization results and numerical simulation results.

α (◦) R (mm) b (mm)
Ks

Relative Error (%)
BO Numerical Calculation

24.25 200 300 0.1177 0.1162 1.25%

In addition, the comparison between the original and optimized models concerning
design variables and performance indicators of interest is shown in Table 6. After Bayesian
optimization, not only the total pressure loss coefficient Ks of the volute is reduced by
33.26% but also the flow distortion Fd is effectively improved, which is reduced by 54.55%.
The flow inside the inlet volute is effectively improved, reducing the flow loss inside the
volute while making the flow field more uniform.
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Table 6. Comparison of numerical results between optimized volute and original volute.

Item α (◦) R (mm) b (mm) Fd Ks

original 20 135 250 0.0209 0.1741
optimal 24.25 200 300 0.0095 0.1162

Improvement / / / 54.55% 33.26%

Figures 9 and 10 show the static pressure contours and velocity fields of the optimized
volute and original volute at the mid-span section, respectively. It can be seen that the
distributions of the velocity field and pressure field of the optimized volute are uniform,
and there is no obvious flow separation. Although there is weak local inhomogeneous flow
near the volute tongue, it does not have a significant effect on the whole flow field. The
internal flow velocity of the optimized volute is significantly reduced, and the velocity
distribution is better and more uniform than the original volute. Correspondingly, the
reduction of velocity in the volute increases the static pressure.

𝟏. 𝟗𝟗𝟔 × 𝟏𝟎𝟕

𝟏. 𝟗𝟗𝟐 × 𝟏𝟎𝟕

𝟏. 𝟗𝟖𝟖 × 𝟏𝟎𝟕

𝟏. 𝟗𝟖𝟒 × 𝟏𝟎𝟕

𝟏. 𝟗𝟖𝟎 × 𝟏𝟎𝟕

𝟏. 𝟗𝟕𝟔 × 𝟏𝟎𝟕

𝟏. 𝟗𝟕𝟐 × 𝟏𝟎𝟕

𝟏. 𝟗𝟔𝟖 × 𝟏𝟎𝟕

𝟏. 𝟗𝟔𝟒 × 𝟏𝟎𝟕

𝟏. 𝟗𝟔𝟎 × 𝟏𝟎𝟕

Figure 9. Static pressure contours at the volute mid section, (left) original volute, (right) optimal volute.

Figure 10. Velocity field contours at the volute mid-span section, (left) original volute, (right)
optimal volute.

Figure 11 shows the flow distortion contours of the volute outlet section. It can be
seen that because two fluids are mixed near the volute tongue, the flow near the volute
tongue is more complicated, and there are large pressure fluctuations, which also is an
obvious location where the flow is not uniform. Nevertheless, the Fd of the outlet section
of the optimized volute is smaller than that of the original volute as a whole and is more
consistent, indicating that the optimized volute has a more uniform outflow, which meets
the needs of our optimized design.
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Figure 11. Flow distortion at the volute mid-span section, (left) original volute, (right) optimal volute.

Figure 12 presents the entropy contours and streamlines of the optimized volute and
the original volute in each azimuthal position as shown in Figure 3. It can be seen that
the flow inside the volute is uniform, and there is no a pair of counter-rotating vortexes
like [13], which uses a circular cross-section. It is favorable for the organization of uniform
flow inside the volute. For the entropy of each azimuthal position, due to the difference in
velocity, i.e., the friction effect, and the inverted pear cross-section shape, the large entropy
area mainly exists in the lower part of the volute cross-section and near the wall. Note that
the optimized volute can effectively reduce the entropy on the cross-section of the volute
and reduce the flow loss inside the volute.

Figure 12. Flow fields at different azimuthal positions in the inlet volute with different cross-
sectional shapes.

Overall, we reduce the Fd and Ks of the volute through BO. By optimizing the three
volute cross-sectional geometric parameters α, R and b, the flow velocity inside the volute
is reduced, and the flow is more uniform, which effectively decrease the flow loss inside
the volute, and at the same time decrease the flow distortion of the outlet section of the
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volute. In addition, we also performed matching calculations between the original and
optimized volute and the radial-inflow turbine. The results are shown in Table 7, which
indicate the optimized volutes maintain the good aerodynamic performance of the radial-
inflow turbine. We can also observe more in detail in Figure 13 that by matching the
radial-inflow turbine to the original and the optimized volute, the static pressure contours
on the meridional plane of the radial-inflow turbine are almost identical.

Table 7. The effect of original and optimal volute on the impeller’s performance.

Item Total Pressure Ratio Isentropic Efficiency

Impeller matching original volute 0.4197 0.9095
Impeller matching optimal volute 0.4195 0.9111

𝟏. 𝟖 × 𝟏𝟎𝟕

𝟏. 𝟔 × 𝟏𝟎𝟕

𝟏. 𝟒 × 𝟏𝟎𝟕

𝟏. 𝟐 × 𝟏𝟎𝟕

𝟏. 𝟎 × 𝟏𝟎𝟕

𝟖. 𝟎 × 𝟏𝟎𝟔

Figure 13. Static temperature contours on the meridional plane of the radial-inflow turbine with the
original volute (left) and the optimal volute (right).

5.3. Off Design Performance Analysis of Optimal Volute

To ensure that the optimized intake volute has good off-design condition character-
istics, we compare the total pressure loss coefficient Ks and flow rate Fd of the original
and optimized volutes under different flow conditions to explore the performance of the
optimized volute shape in a wide working range.

In this paper, the performance curves of Ks and flow distortion Fd as a function of flow
rate are obtained for optimized and original volutes at 12.8 kg/s, 14.4 kg/s, 16 kg/s, 17 kg/s,
19.2 kg/s, and 20.8 kg/s mass flow rates, respectively, as shown in Figures 14 and 15. From
Figure 15, it can be seen that Fd ascends continuously with the increase of flow rate. This
is because with the increasing flow rate and the fixed size of the volute, the flow velocity
inside the volute will gradually increase, which will lead to the intensification of the loss
inside the volute and the flow field disturbance, which will finally show the ascend of Fd in
the outlet section. However, there is a decreasing trend of Ks with an increasing flow rate
in Figure 14. This is because when the flow rate grows, the dynamic pressure also increases.
Therefore, although the internal loss of the volute has increased, according to Equation (8),
Ks still appears to have a slight reduction.
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Figure 14. Performance comparison of optimized volute and original volute for the total pressure
loss coefficient under off-design conditions.
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Figure 15. Performance comparison of optimized volute and original volute for the flow distortion
under off-design conditions.

Furthermore, by comparing the off-design condition performance curves of the opti-
mal and original volutes with respect to Ks and Fd, it is obvious that the optimized volute
has a smaller total pressure loss coefficient and flow distortion at design point and non-
design point conditions. Moreover, the performance curves of the optimized volute are
smooth under off-design conditions, that is, the optimized volute is more robust than the
original one.

In Figure 16, we display the velocity contours of the optimal and original volute at
the mid-span under different mass flow rates, including 12.8 kg/s, 14.4 kg/s, 16 kg/s,
17 kg/s, and 19.2 kg/s. It can be seen from the figure that the flow velocity of the working
fluid inside the original volute is always greater than the optimized one. Moreover, there
is a large velocity gradient inside the original volute, especially for a high mass flow
rate. Furthermore, the flow field of the volute has a large variation under different flow
conditions. In contrast, the optimized volute has a uniform internal flow field, and the
velocity field does not change drastically between different flow conditions. It again
confirms that, as shown in Figures 14 and 15, the optimized volute has more robust and
better flow performance.
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Figure 16. Velocity field contours at the volute mid-span section under different working conditions,
(left) original volute, (right) optimal volute.

6. Conclusions

To reduce the flow losses and flow distortions in the supercritical CO2 centripetal
turbine inlet volute, this paper employs the Bayesian optimization algorithm based on
numerical simulation to optimize the inlet volute. A sensitivity analysis of the design
parameters global spread angle α, corner radius factor R, and outlet size factor b is first
performed, and the results show that b has the most powerful effect on the total pressure
loss coefficient Ks and flow distortion Fd. The flow field structure and off-design condition
performance of the optimized and original volutes are thereby comprehensively compared.
The results show that the optimized volute has a more uniform internal flow field, less
flow distortion in the outlet section, and significantly lower flow losses under the design
conditions. The total pressure loss coefficient is reduced by 33.26%, and the flow distortion
is reduced by 54.55%. The optimized volute also decreases the flow loss and flow distortion
under non-design conditions and has a smooth performance curve.
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S-CO2 Supercritical carbon dioxide
BO Bayesian optimization
CFD Computational fluid dynamics
SA Spalart–Allmaras
NIST The national institute of standards and technology
ICEM The integrated computer engineering and manufacturing code
RMSE Root mean square error
MAE Maximum absolute error
MRE Maximum relative error
EI Expected improvement
PI Probability of improvement
GA Genetic algorithm
DOE Design of experiment
GP Gaussian processes
RBF Radial basis function
PRS Polynomial response surface
MARS Multivariate adaptive regression splines
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