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Computational fluid dynamics (CFD) plays an important role in investigating the flow in products. With the help of optimization
algorithms, CFD-based optimization is increasingly applied in product development to improve the product design. Even though
this approach is becoming increasinglymature, it is facedwith the problem that theCFD solver is not able to correctly respond to the
design changes under the batchmode, leading to incorrect simulation and optimization results. Besides, there is no work dedicated
to dealing with the design points which are physically invalid during the optimization process. In this paper, the intelligent CFD
solver is employed to analyze the flow at each design point and to set up the solver with the best fit simulation models. Based on
correct simulation results, the physically invalid design points are automatically removed from the design space. Metamodeling
is used to process the valid design space with simulation results provided by the intelligent solver and derive the optimum. A
prototype system is developed incorporating ANSYS, Python, and MATLAB. The design optimization of a steam control valve is
used as the case study to demonstrate how the proposed system works. The optimization is conducted based on the metamodel
built by response surface model and radial basis function to verify the effectiveness of the proposed method.

1. Introduction

For the development of product involving fluid flow, com-
putational fluid dynamics (CFD) is extensively applied to
analyze the flowfield and then guide the design improvement.
The conventional CFD-based design approach is based on
a trial and error manner [1], which is tedious and time-
consuming.Moreover, the design derived by thismethodmay
not be the optimum.

Incorporating optimization algorithms, CFD-based opti-
mization [2] is increasingly employed to find the optimum
based on CFD simulation results. However, there are still
issues that hinder the application of CFD-based optimization.
The input of the optimization algorithm is commonly the
simulation results corresponding to the various design points
[3]. Such simulations are usually conducted in batch mode
to eliminate the idle time [4]. In the batch mode, the solver
configuration is predefined and the same configuration is
applied to all the design points. When there are big changes in
design, which induces flow regime change, the solver would
not be able to respond to the changes. Consequently, wrong

simulation results will be generated, leading to an incorrect
optimization result.

On the other hand, the determination of the valid
modelling region is significant to the optimization efficiency
and accuracy for computationally intensive analyses [5], as
well as to avoid potentially false optimal results. Efforts have
been made to reduce the number of design variables [6]
and eliminate unpromising regions [7]. However, there is
no work dedicated to dealing with the design points which
are physically invalid within the framework of automatic
optimization.

To enhance the applicability of CFD-based optimization,
the intelligent CFD solver is adapted from our previous work
[8] to analyze the physics in each design point and then assign
appropriate physical models to configure the solver. After
several iterations, a robust simulation model with accurate
results will be generated for each specific design. Based on
these simulation results, the physically invalid design points
are removed from the design space to improve the efficiency
and accuracy of the optimization.
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In this paper, the review of the optimization techniques
is introduced in the next section. The framework of the
proposed method is presented in Section 3. To be specific,
the intelligent CFD solver and approximation-based opti-
mization are demonstrated in Sections 4 and 5, respectively.
The implementation of the optimization system is shown
in Section 6. The effectiveness of this system is illustrated
by a case study of a steam control valve in Section 7. The
conclusion of the paper comes at last.

2. Literature Review

Generally, the optimization algorithms used in CFD-based
optimization can be categorized as gradient-based algo-
rithms, stochastic algorithms and metamodeling based algo-
rithms [9].The gradient-based algorithms are classical search
and optimization techniques in which the first and/or second
order derivatives of the objective function and/or constraints
are used to guide the search process [10]. Comparing to
the direct search methods, the gradient-based algorithms
are more efficient and, so far, the gradient-based approach
has been applied to all size, shape, and topological design
of mechanical parts [11, 12]. However, it will be problematic
if non-differentiable [13] or discontinuous functions are
involved, or the underlying physics is too complex [14].

There are various tools, such as genetic algorithms,
differential evolution, simulated annealing, etc., for stochastic
algorithms to optimize a system where the relationship
between the independent variables and the objective function
is not known in advance [10]. Stochastic algorithms can
solve complex optimization problems. Nevertheless, many
function evaluations are usually needed to converge to the
solution, making the whole process very time-consuming,
especially when computer-aided engineering (CAE) is used
to measure the performance of a configuration [15].

The metamodel is a simple model that approximates
computation-intensive functions in complex systems. Opti-
mization can be conducted based on a metamodel to search
for the optimum [3]. Among those introduced optimization
techniques, metamodeling based algorithms show advan-
tages of high efficiency compared to stochastic algorithms
and more general applicability, given problems where the
gradient information is nontrivial to calculate [16]. Meta-
modeling has a broad application in simulation-based opti-
mization, where the simulation is treated as numerical exper-
iments [1, 17, 18]. Meanwhile, the computational cost may be
reduced dramatically [19]. Because the metamodel provides
an approximated view of the entire design space, it can detect
the errors in simulation [3]. Therefore, the metamodeling
techniques can be well fitted in the CFD-based optimization
where design and simulation are associated seamlessly.

In the development of metamodeling techniques, efforts
have been made to investigate the design space to enhance
the optimization efficiency. Wang et al. [20] developed the
adaptive response surface method (ARSM) to obtain the
optimum by gradually reducing the design space. Later,
Wang and Simpson [21] proposed a fuzzy clustering method
to reduce the number of sample points while increase the
optimization accuracy. Younis and Dong [22] put forward

the Space Exploration and Unimodal Region Elimination
(SEUMRE) algorithm to divide the design space into several
unimodal regions, identify the promising region, and find
the optimum in each region. This process continues until all
promising regions are processed. Thus, the global optimum
can be obtained at last.

Despite all those efforts, less attention has been paid to
the evaluation of design points considering physical validity.
Actually, in product design, some specific combinations of
design variables will induce inadequate performance which
needs to be avoided. In design optimization, such kind
of design points will affect the accuracy and efficiency of
optimization. As a result, the identification and removal of the
invalid design points are significant to the quality of design
optimization and product performance.

3. Framework of the Proposed Method

The overall structure of the proposed method is shown in
Figure 1. There are mainly two modules, namely the intel-
ligent CFD solver and the metamodel based optimization,
which will be introduced in Sections 4 and 5, respectively.
The system starts with the definition of design variables
under constraints. Considering the heavy computational
costs, design of experiments (DOE) [23] can be applied to
select a reasonable number of sample design points that
are used to investigate the whole design space. In practice,
central composite design (CCD) [24], D-optimal designs
[25], orthogonal arrays (OA) [26], Latin hypercube designs
[27], and uniform designs [28] are widely used methods to
reduce the total number of simulations.

The intelligent CFD solver analyzes the elaborately
selected design points and customizes the best fit physical
models to run each simulation and thus evaluate the value of
the objective function. Based on the simulation results, the
physically invalid design points are automatically removed
(red module in Figure 1) to form a feasible design space. By
optimization algorithms, the function values at the remaining
valid design points can be processed and a potential optimum
can be derived.

Finally, the intelligent CFD solver is run again to analyze
the derived optimal point and to validate the optimum
with correct physical models. Comparing the function values
obtained by simulation and optimization, if the approxima-
tion error is not acceptable or the optimized design point
is not the optimum among the existing design points, this
derived design point with the corresponding function value
obtained by simulation will be added to the design space as a
new design point and a new metamodel will be constructed.
If the approximation error is acceptable and this design point
delivers the optimum among all the existing design points,
one more test is conducted to check if a better point is
available. By adding the derived point to the data set, if
the newly constructed metamodel does not lead to a better
optimal point, the current optimal point is selected as the best
point. If the new metamodel leads to a better point, then this
process continues until no better point can be found or the
maximum number of iterations is reached.
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Figure 1: Flowchart of the proposed method.

4. Intelligent CFD Solver

As shown in Figure 2, the intelligent CFD solver is mainly
composed of three modules including data processing mod-
ule, physics model selection module, and post-processing
module [8]. The fluid attributes are obtained from each
design point. The other parameters that are essential to CFD
simulation can be derived in the data processing module
using equations. Based on the fluid domain created at each
design point, the mesh can be generated with boundary
conditions attached, creating the fluid flow space which is the
input for the CFD solver.

The Reynolds number and Mach number derived by the
data processing module are the input of the physics model
selectionmodule. If theReynolds number of the flow in a pipe
exceeds 4,000 [29], then a turbulence model will be selected.
If the Mach number is bigger than 0.3, the compressibility
effects are not negligible, and the total energy model will be
selected. Meanwhile, the reference pressure, as well as proper
boundary conditions, is configured to activate the compress-
ible flow simulation. In the initial stage of simulation, when
the index i (iteration) is small or at the time when the
simulation has convergence issues, lower-order discretization
schemes, like upwind differencing scheme (UDS) [30] and
the commonly used k-𝜀 turbulence model for turbulent flow,
are preferred to facilitate convergence.

The index i is updated after each simulation and the root-
mean-square (RMS) of normalized residuals is used as the
convergence criteria for the simulation at each design point.
If a simulation converged, post-processing can be conducted
to check if the solution meets the flow regime assumption
and expected accuracy. If a simulation diverged, the solver
configuration needs to be updated to achieve convergence. It
should be noted that only one change is allowed in the solver
configuration each time, when a new iteration starts. This
procedure corresponds to best practices in CFD modelling
[31].

For the simulations at each design point, as i increases,
higher-order advection schemes, as well as advanced turbu-
lence models, like 𝑘-𝜔 and Reynolds stress models, can be
applied to improve the simulation quality. The accuracy of
the simulation result can be obtained by comparing with the
validation data, which is the criterion for stopping the post-
processing module. Then the program can be restarted for
the next design point. If there is no external validation data
available, the results obtained by higher order models will be
the simulation results used as the input of the optimization
algorithm.

5. Metamodeling and
Approximation-Based Optimization

Metamodeling is developed to approximate the complex
relationships between system inputs and outputs [32]. In
design optimization, the system inputs are design variables
which can be denoted as 𝑥 = (𝑥1, . . . , 𝑥𝑘). Simulations are
conducted at only 𝑛 distinct values of 𝑥 known as design
points [33]. The outputs are the responses 𝑦 corresponding
to those design points [34]. Thus, the relationship between
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Figure 2: Structure of the intelligent CFD solver.

the input and output can be formulated by metamodeling as
follows:

𝑦 = 𝑓 (𝑥,𝛽) + 𝜀 (1)

where 𝑓(⋅) is the approximation model, 𝛽 is the vector of
coefficients and 𝜀 is the approximation error. Various approx-
imation models, like response surface model (RSM), radial
basis function (RBF), kriging method, and neural network
method, are available in the application of metamodeling.
Among these models, RSM and RBF are introduced in detail
because of theirmaturity and simplicity in engineering design
[16].

5.1. Response Surface Model. Firstly introduced by Box
and Wilson in 1951, RSM has been extensively applied to

formulate objective functions by using simple approximation
functions [26]. In practice, low-order polynomials are widely
used as approximation functions [5]. For example, the first-
and second-order polynomials are shown as (2) and (3) in
which 𝑘 is the number of design variables and 𝑠 is the index
of a design point [21].

𝑓 (𝑥𝑠,𝛽) = 𝛽0 + 𝑘∑
𝑖=1

𝛽𝑖𝑥𝑠𝑖 (2)

𝑓 (𝑥
𝑠
,𝛽) = 𝛽0 + 𝑘∑

𝑖=1

𝛽𝑖𝑥𝑠𝑖 + 𝑘∑
𝑖=1

𝛽𝑖𝑖𝑥2𝑠𝑖 + ∑
𝑖<𝑗

𝑘∑
𝑗=1

𝛽𝑖𝑗𝑥𝑠𝑖𝑥𝑠𝑗 (3)

In order to obtain the coefficients in Equation (3), the design
matrix 𝑋 is defined as

𝑋 =
[[[[[[[
[

1, 𝑥11, ⋅ ⋅ ⋅ , 𝑥1𝑘, 𝑥112, ⋅ ⋅ ⋅ , 𝑥1𝑘2, 𝑥11𝑥12, ⋅ ⋅ ⋅ , 𝑥1(𝑘−1)𝑥1𝑘1, 𝑥21, ⋅ ⋅ ⋅ , 𝑥2𝑘, 𝑥212, ⋅ ⋅ ⋅ , 𝑥2𝑘2, 𝑥21𝑥22, ⋅ ⋅ ⋅ , 𝑥2(𝑘−1)𝑥2𝑘... ... d
... ... d

... ... d
...

1, 𝑥𝑛1, ⋅ ⋅ ⋅ , 𝑥𝑛𝑘, 𝑥𝑛12, ⋅ ⋅ ⋅ , 𝑥𝑛𝑘2, 𝑥𝑛1𝑥𝑛2 ⋅ ⋅ ⋅ , 𝑥𝑛(𝑘−1)𝑥𝑛𝑘

]]]]]]]
]

(4)
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Then, the coefficients can be obtained by least squares
regression using

𝛽 = (𝑋𝑇𝑋)−1𝑋𝑇𝑦 (5)

RSM is especially suitable for design problems with a small
number of design variables and less nonlinear response [16].

5.2. Radial Basis Function. In metamodeling, RBF is applied
to interpolate the scattered multivariate data [35]. Mathemat-
ically, RBF is a linear combination of basis functions with a
general expression as

𝑓 (𝑥, 𝜆) = 𝜆0 + 𝑚∑
𝑖=1

𝜆𝑖𝑏 (𝑥 − 𝑥𝑖) (6)

where 𝑥i is the knot of a basis function, 𝜆 is the vector of
coefficients in RBF, 𝑚 is the number of knots, and 𝑏(⋅) is
the basis function. For example, the frequently employed
Gaussian function [36] is shown below:

𝑏 (𝑧) = exp(−𝑧2𝑟 ) (7)

where z is the distance measure ‖𝑥 − 𝑥𝑖‖, and 𝑟 [37] is
determined by

𝑟 = 𝑑𝑚𝑎𝑥
𝑘√𝑘𝑚 (8)

where 𝑑max is the maximal distance among the data.
Then, the radial basis function can be expressed as

𝑓 (𝑥, 𝜆) = 𝜆0 + 𝑚∑
𝑖=1

𝜆𝑖 exp(−𝑥 − 𝑥𝑖2𝑟 ) (9)

Similar to the design matrix, a new matrix 𝐴 is defined as

𝐴 =

[[[[[[[[[[[[[[
[

1, exp(−𝑥1 − 𝑥12𝑟 ) , ⋅ ⋅ ⋅ , exp(−𝑥1 − 𝑥𝑚2𝑟 )
1, exp(−𝑥2 − 𝑥12𝑟 ) , ⋅ ⋅ ⋅ , exp(−𝑥2 − 𝑥𝑚2𝑟 )
... ... d

...
1, exp(−𝑥𝑚 − 𝑥12𝑟 ) , ⋅ ⋅ ⋅ , exp(−𝑥𝑚 − 𝑥𝑚2𝑟 )

]]]]]]]]]]]]]]
]

(10)

Afterwards, 𝜆 can be derived as

𝜆 = (𝐴𝑇𝐴)−1𝐴𝑇𝑦 (11)

RBF has been employed successfully in various applications
[38] and showed great capability in simulation-based design,
especially when the number of design variables is relatively
large [16].

5.3. Mathematical Model of Optimization. The metamodel
is an approximation of the relationship between the system
inputs and outputs which are generally nontrivial to obtain.

With the metamodel established, the optimization of the
system can be conducted based on approximation, which can
be described as

min 𝑓 (𝑥,𝛽)
Subjected to 𝑔𝑖 (𝑥) ≤ 0, 𝑖 = 1, . . . , 𝐼

ℎ̂𝑗 (𝑥) = 0 , 𝑗 = 1, . . . , 𝐽
𝑥 ∈ 𝑆

(12)

where 𝑓(𝑥,𝛽) is the approximated objective function
obtained by metamodeling, 𝑔𝑖(𝑥) and ℎ̂𝑗(𝑥) are constraints,
and S represents the valid design space. Subsequently, the
gradient method can be applied to conduct the optimization.
After the optimization is processed, the performance of
the metamodel-predicted optimum should be checked by
experiment or simulation to verify the effectiveness of the
metamodel [39].

6. Implementation of the System

To implement the functions of the proposed intelligent CFD-
based optimization system, a prototype has been developed
using ANSYS, Python, and MATLAB. Figure 3 shows the
pseudocode of themain function of the proposed system.The
initial design points are created by a specific DOE method
and stored in a comma-separated values (CSV) file. The
system reads the design points data from the CSV file, iterates
throughdifferent design points, calculates theReynolds num-
ber and Mach number, updates ANSYS Workbench setup
scripts with proper physical models, executes the updated
scripts by calling the ANSYS run command, records the
simulation results, removes the invalid design points, and
conducts design optimization based on the valid design space
using MATLAB.

It should be highlighted that the settings of the tool are
separated from the main function, which contain physical
models and the rules to select the appropriate models, values
of design variables, and threshold of approximation error,
etc. Such kind of arrangement makes this prototype easily
extendable, if any of those values needs to be changed in the
future development.

7. Case Study

7.1. Problem Statement. Steam control valves are widely used
in piping systems to control the pressure drop through the
system. A Venturi-type valve, as shown in Figure 4(a), is
frequently used for this purpose due to its simplemechanisms
and small pressure losses at large valve openings [40]. Such
kinds of valves are expected to operate under wide ranges
of valve openings and pressure ratios [41]. The aim of this
case study is to apply the proposed system to find the design
that produces the minimal pressure drop through the valve
and thus provide a wide pressure adjusting range. Figure 4(b)
shows that the valve geometry used in this study is similar
to the test valve found in the experiment of flow-induced
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Figure 3: Pseudocode of the proposed system.
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Figure 4: Steam control valve. (a) Subassemblies. (b) Fluid domain with design variables.

Table 1: Levels of design variables.

Level 𝑥a [mm] 𝑥h [mm] 𝑥r [mm] 𝑥c [mm]
2 110 50 60 25
1 88.75 40 56.25 19
0 67.5 30 52.5 13
-1 46.25 20 48.75 7
-2 25 10 45 1

vibration of a steam control valve [40].The length of the inlet
and outlet is intentionally elongated to avoid the flow domain
effect.

As can be seen from Figure 4(b), there are 4 design vari-
ables, namely, the axial distance between the reference and the
valve chamber bottom 𝑥a, the height of the circumferential
bank 𝑥h, the radius of the bank 𝑥r, and the deviation of valve
plug center to the reference plane 𝑥c. The addition of the
circumferential bank is expected to make the flow attach to
the valve seat surface [42]. As shown in Table 1, those 4 design
variables are coded into 5 levels with their lower and upper
bound of the dimensional constraint assigned to the lowest
and highest levels, correspondingly.

7.2. Function Evaluation by the Intelligent CFD Solver. CCD is
selected to design the numerical experiments, and it generates
26 design points initially. For all the design points, dry steam
at 100∘C flows through the inlet at 80 m/s.The steam pressure
at the outlet is 101325 Pa.The combinations of design variables
are stored in a CSV file.The system reads the file to extract the
design data and calculates the Reynolds number and Mach
number accordingly. Then, appropriate physical models are
assigned in the intelligent CFD solver. After the simulations
are converged, the functions, namely, the pressure drop in
this case study, can be evaluated correctly. Besides, the actual

Mach numbers are also monitored and collected, as shown in
Table 2.

Seen from Table 2, it can be noticed that the Mach
number at design point 17 exceeds 0.3, which is marked in
bold. As depicted in Figure 5, the Mach number contour
at this design point is plotted to obtain an insight into the
flow. Obviously, the maximum Mach number occurs in the
area between the valve plug and valve seat, because of the
small valve opening. This situation usually occurs during
the startup and shutdown of the valve. The literature [43]
reports that noise and vibration will be generated whenMach
number exceeds 0.3.This is because flow fluctuations exist in
this circumstance, and large static and dynamic fluid forces
act on the valve, which will result in damage of the valve
plug and seat [40]. As the objective of the optimization is
to minimize the pressure drop to provide a large range of
pressure control, this design point definitely does not belong
to the valid design space. A corresponding rule is included in
the system script. Consequently, this design point is removed
from the data set before the start of optimization.

7.3. OptimizationBased onRSM. Based on the 25 valid design
points, RSM is applied firstly to approximate the relationship
between pressure drop and design variables, because the
number of design variables is relatively small. Specifically,
the second-order polynomials are used as the approximation
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Table 2: Initial design points with pressure drop and Mach number calculated by the intelligent CFD solver.

Design point 𝑥a 𝑥h 𝑥r 𝑥c 𝑝 Ma
[mm] [mm] [mm] [mm] [Pa]

1 46.25 20 48.75 7 2798.75 0.21
2 46.25 20 48.75 19 2755.62 0.21
3 46.25 20 56.25 7 3038.00 0.23
4 46.25 20 56.25 19 2549.65 0.22
5 46.25 40 48.75 7 2799.14 0.22
6 46.25 40 48.75 19 2779.99 0.23
7 46.25 40 56.25 7 2750.06 0.23
8 46.25 40 56.25 19 2591.49 0.24
9 88.75 20 48.75 7 2484.03 0.26
10 88.75 20 48.75 19 2585.13 0.24
11 88.75 20 56.25 7 2728.30 0.23
12 88.75 20 56.25 19 2753.10 0.24
13 88.75 40 48.75 7 2476.68 0.26
14 88.75 40 48.75 19 2458.38 0.24
15 88.75 40 56.25 7 2466.06 0.24
16 88.75 40 56.25 19 2294.98 0.24
17 25 30 52.5 13 2926.40 0.32
18 110 30 52.5 13 2464.87 0.26
19 67.5 10 52.5 13 2714.60 0.22
20 67.5 50 52.5 13 2992.49 0.24
21 67.5 30 45 13 2626.90 0.24
22 67.5 30 60 13 2588.03 0.22
23 67.5 30 52.5 1 2779.98 0.22
24 67.5 30 52.5 25 2629.87 0.26
25 67.5 30 52.5 13 2818.34 0.21
26 67.5 30 52.5 13 2818.34 0.21

0 0.100

Mach Number
Contour Ma

3.186e-001
2.959e-001
2.731e-001
2.503e-001
2.276e-001
2.048e-001
1.821e-001
1.593e-001
1.366e-001
1.138e-001
9.103e-002
6.828e-002
4.552e-002
2.276e-002
0.000e+000

0.050 0.150
0.200 (m)

Figure 5: Mach number contour on the cross-section plane at the invalid design point.
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Table 3: Added design points derived by response function with invalid design point removal.

Design point 𝑥a 𝑥h 𝑥r 𝑥c 𝑝 Ma
[mm] [mm] [mm] [mm] [Pa]

27 110 50 60 25 2280.05 0.26
28 110 34.75 45 1 2988.93 0.25
29 110 50 60 18.85 2489.70 0.26
30 110 45.25 60 25 2419.41 0.27

60 70 80 90 100
0

1000

2000

3000

4000

5000

6000

15 20 25 30 35 40 45 50 5 10 15 2055
110 46 60 22.6

Δ
P

(P
a)

x； (mm) xh (mm) xr (mm) xc (mm)

Figure 6: Influence of the design variables.

function. According to the constructed response surface, the
estimated pressure drop at the derived optimum point has a
value of 1,558.1 Pa. The intelligent solver tests this point and
finds the pressure drop to be 2,280.05 Pa, leading to a relative
error of 31.7%, which is not acceptable. Thus, this point with
its validated response is added to the data set as a new design
point, which is shown as design point 27 in Table 3.

After a few additional iterations, there are 3 more design
points added as shown in Table 3. All the new design points
conform with the rule for the Mach number and are included
in the valid design space. Based on all 29 valid design points,
the response function is derived, which is expressed as

𝑝 = 3659.9 − 9.84𝑥𝑎 + 46.019𝑥ℎ − 39.468𝑥𝑟
− 14.795𝑥𝑐 − 0.071𝑥𝑎𝑥ℎ + 0.011𝑥𝑎𝑥𝑟
− 0.002𝑥𝑎𝑥𝑐 − 1.333𝑥ℎ𝑥𝑟 − 0.131𝑥ℎ𝑥𝑐
− 0.162𝑥𝑟𝑥𝑐 + 0.054𝑥2𝑎 + 0.485𝑥2ℎ + 0.742𝑥2𝑟
+ 0.68𝑥2𝑐

(13)

Using the response function, the optimal point is found at
110, 46, 60, and 22.6 with the estimated pressure drop to be
2,363.53 Pa. The simulation value at this point is 2,276.58
Pa, resulting in a relative error of 3.8%. This point has the
minimum pressure drop value among all other design points.
In order to check if there is a better point, this derived optimal

point is added to the data set to build a new response function
which finds an optimum at 110, 45.75, 60, and 22.9 with
a pressure drop of 2,342.1 Pa. The simulation value of the
pressure drop at this point is 2288.74 Pa. Even though the
relative error is just 2.3%, the pressure drop is bigger than
the previous point. Consequently, all the stopping criteria are
satisfied and the whole process ends with a minimal pressure
drop of 2,276.58 Pa at the design point (110, 46, 60, and 22.6).

Figure 6 shows the influence of each design variable,
where the green line shows the contour of the response
surface against a single variable, while all the other variables
remain fixed at the optimal point. Clearly, the pressure drop
is very sensitive to the height of the circumferential bank, 𝑥h.

The values of design variables at each valid design point
and the final optimumare shown inFigure 7. It can be noticed
that the axial distance between the reference plane and the
valve chamber bottom (𝑥a) converges to the optimal value
very fast. This is expected because a large valve opening
position usually leads to a small pressure drop.

The pressure contour on the cross-section plane at the
optimum derived by RSM is shown in Figure 8. The highest
pressure occurs in the area between the circumferential bank
and the end of inlet tube.The velocity vectors at the optimum
are plotted in Figure 9. It can be seen that several recirculation
zones form adjacent to the circumferential bank. These
findings indicate the reason why the pressure drop is very
sensitive to the height of the circumferential bank.
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Figure 7: Values of design variables corresponding to the valid design points and the optimum.
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Figure 8: Pressure contour on the cross-section plane at the optimum derived by RSM.

7.4. Optimization Based on RBF. The optimization is also
conducted based on RBF for comparison. Before construct-
ing the RBF, the last design point used for validating the
repeatability of simulation is removed from the initial 25 valid
design points. Because the responses are sensitive to the scal-
ing of the design points [39], the design variables and func-
tion values are scaled to the interval [0, 1]. Based on the scaled
24 design points and Equation (8), r is calculated to be 0.3456.
Equations (10) and (11) result in the coefficient 𝜆 = (0.2659,
-0.1663, 0.5413, 1.2401, -0.7621, -0.0129, -0.2344, -0.5530,
0.0058, -0.1536, -0.1135, 0.0843, 0.8588, -0.3990, -0.2640,
-0.2481, -1.0974, 0.2738, -0.3481, 1.5258, 0.1066, -0.0616,
0.2075, 0.2861, 0.0671)𝑇.Then, the radial basis function can be

constructed using Equation (9). Based on the RBF, the
derived optimal point is at 0.84, 0.88, 0.89, and 0.82 with a
scaled pressure drop value of -0.1667. Converting to actual
values, the optimal point is at 99.8, 45.2, 58.35, and 20.68 with
a pressure drop of 2,171.12 Pa. The simulation value at this
point is 2,192.1 Pa, leading to a relative error of 0.96%, and this
is the smallest pressure drop among the other design points.
To verify the availability of a better point, this point is added
to the data set and the newly derived optimal point is at 99.8,
44.4, 57.9, and 19.96 with a pressure drop value of 2,388 Pa
which is more than the previous point. So, the optimization
based on RBF is finished with an optimum at 99.8, 45.2, 58.35,
and 20.68 with a pressure drop of 2,192.1 Pa, which is even
smaller than the optimal point derived by RSM.
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Figure 9: Plot of velocity vectors on the cross-section plane at the optimum derived by RSM.
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Figure 10: Influence of the design variables with all parameters scaled.

The influence of each design variable is shown in
Figure 10 in which all the parameters are scaled. The green
lines show the contour of the RBF against a single variable,
while all the other variables remain fixed at the optimal
point (0.84, 0.88, 0.89, and 0.82). Compared with Figure 6,
the pressure drop is also very sensitive to the height of the
circumferential bank, 𝑥h. The RBF approximated pressure
drop at the optimum derived by RSM is 2,235.09 Pa, leading
to a relative error of 1.8%, which is smaller than that of RSM.
In addition, as can be seen from Figure 10, the approximation
made by RBF can capture more features of the design space,
which is probably the reason for the smaller optimal pressure
drop than that obtained by RSM.

The pressure contour on the cross-section plane at the
optimum derived by RBF is also plotted and shown in
Figure 11. Intentionally, the legend is made the same as the
legend in Figure 8 for better comparison. Obviously, the
pressure between the valve plug and the valve chamber
bottom is smaller than that in Figure 8. And as shown in

Figure 12, the recirculation zone in this area is also smaller
than that in Figure 9, which will induce less pressure loss.

8. Conclusions

An intelligent CFD-based optimization system is proposed
in this paper to conduct design optimization with automatic
invalid design points removal. This system is able to analyze
various design points defined by DOE and to configure the
CFD solver with appropriate simulation models, accordingly.
Based on correct simulation results, the physically invalid
design points are removed from the design space. Metamod-
eling is selected to approximate the complex relationships
between design variables and product performance. Based
on the metamodel, the optimization is conducted using the
gradient method. After an optimum is found with an accept-
able error,moremetamodels are constructedwith the derived
optimums added to the data set until no better point can be
found or the maximum number of iterations is reached.
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Figure 11: Pressure contour on the cross-section plane at the optimum derived by RBF.
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Figure 12: Plot of velocity vectors on the cross-section plane at the optimum derived by RBF.

A prototype system is developed in Python, which
invokes ANSYS Workbench to run the customized scripts,
removes invalid design points automatically and calls MAT-
LAB to conduct the optimization. The system is featured with
separated logics and settings, making it easily extendable.

The design optimization of a steam control valve is used
to verify the effectiveness of the proposed system. Based on
RSM, the system reaches an optimum with the physically
invalid design point removed from the design space. The
value of axial distance between the reference plane and the
valve chamber bottom converges to the optimal value very
fast. The pressure drop through the valve is very sensitive
to the height of the circumferential bank. This may be due
to the fact that the highest pressure and recirculation zones
form adjacent to the circumferential bank. The optimization
is also conducted based on RBF for comparison. It is found

that the metamodel established by RBF can better describe
local features of the design space, which results in a better
optimum.

In the case study, the number of design variables is rela-
tively small. High-dimensional problems will be investigated
in the future to verify the applicability of the system.

Data Availability

The design input and result data used to support the findings
of this study are included within the article.

Conflicts of Interest

The authors declare that there are no conflicts of interest
regarding the publication of this paper.



Mathematical Problems in Engineering 13

Acknowledgments

Theauthors would like to thankChenWang from theDepart-
ment of Mechanical Engineering at the University of Alberta
for the technical support.This research was conducted at the
University of Alberta.

References

[1] F. Ayancik, E. Acar, K. Celebioglu, and S. Aradag, “Simulation-
based design and optimization of Francis turbine runners by
using multiple types of metamodels,” Proceedings of the Insti-
tution of Mechanical Engineers, Part C: Journal of Mechanical
Engineering Science, vol. 231, no. 8, pp. 1427–1444, 2017.

[2] O. Tonomura, S. Tanaka, M. Noda, M. Kano, S. Hasebe, and I.
Hashimoto, “CFD-based optimal design of manifold in plate-
finmicrodevices,”Chemical Engineering Journal, vol. 101, no. 1-3,
pp. 397–402, 2004.

[3] G. G. Wang and S. Shan, “Review of metamodeling techniques
in support of engineering design optimization,” Journal of
Mechanical Design, vol. 129, no. 4, pp. 370–380, 2007.

[4] H. P. Morvan, “Automating CFD for non-experts,” Journal of
Hydroinformatics, vol. 7, no. 1, pp. 17–29, 2005.

[5] A. Younis and Z. Dong, “Global Optimization Using Mixed
Surrogates and Space Elimination in Computationally Intensive
Engineering Designs,” International Journal for Computational
Methods in Engineering Science andMechanics, vol. 13, no. 4, pp.
272–289, 2012.

[6] M. Diez, E. F. Campana, and F. Stern, “Design-space dimen-
sionality reduction in shape optimization by Karhunen-Loève
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[30] J. H. Ferziger and M. Perić, Computational Methods for Fluid
Dynamics, Springer Berlin Heidelberg, Berlin, Heidelberg,
2002.

[31] M.Casey andT.Wintergerste, “Best practice guidelines, Version
1.0,” ERCOFTAC, 2000.

[32] D. Zhao and D. Xue, “Amulti-surrogate approximationmethod
for metamodeling,” Engineering with Computers, vol. 27, no. 2,
pp. 139–153, 2011.

[33] J. D. Lamb and R. C. Cheng, “Optimal allocation of runs in
a simulation metamodel with several independent variables,”
Operations Research Letters, vol. 30, no. 3, pp. 189–194, 2002.



14 Mathematical Problems in Engineering

[34] T. W. Simpson, J. D. Peplinski, P. N. Koch, and J. K. Allen,
“Metamodels for computer-based engineering design: survey
and recommendations,” Engineering with Computers, vol. 17, no.
2, pp. 129–150, 2001.

[35] N. V. Queipo, R. T. Haftka, W. Shyy, T. Goel, R. Vaidyanathan,
and P. Kevin Tucker, “Surrogate-based analysis and optimiza-
tion,” Progress in Aerospace Sciences, vol. 41, no. 1, pp. 1–28, 2005.

[36] D. Zhao and D. Xue, “A comparative study of metamodeling
methods considering sample quality merits,” Structural and
Multidisciplinary Optimization, vol. 42, no. 6, pp. 923–938, 2010.

[37] H. Nakayama, M. Arakawa, and R. Sasaki, “Simulation-based
optimization using computational intelligence,” Optimization
and Engineering. International Multidisciplinary Journal to
Promote Optimization �eory & Applications in Engineering
Sciences, vol. 3, no. 2, pp. 201–214, 2002.

[38] J. Liu and H. Yu, “Concurrent deposition path planning and
structural topology optimization for additive manufacturing,”
Rapid Prototyping Journal, vol. 23, no. 5, pp. 930–942, 2017.

[39] R. R. Barton and M. Meckesheimer, “Metamodel-Based Simu-
lation Optimization,” Handbooks Oper. Res. Manag. Sci, vol. 13,
pp. 535–574, 2006.

[40] K. Yonezawa, R. Ogawa, K. Ogi et al., “Flow-induced vibration
of a steam control valve,” Journal of Fluids and Structures, vol.
35, pp. 76–88, 2012.

[41] L. Zeng, G. Liu, J.Mao et al., “Flow-induced vibration and noise
in control valve,” Proceedings of the Institution of Mechanical
Engineers, Part C: Journal of Mechanical Engineering Science,
vol. 229, no. 18, pp. 3368–3377, 2015.

[42] M.Nakano, E.Outa, andK. Tajima, “Noise and vibration related
to the patterns of supersonic annular flow in a pressure reducing
gas valve,” Journal of Fluids Engineering, vol. 110, no. 1, pp. 55–61,
1988.

[43] B. Nesbitt, Valves manual international: handbook of valves and
actuators, Butterworth-Heinemann, 2007.



Hindawi
www.hindawi.com Volume 2018

Mathematics
Journal of

Hindawi
www.hindawi.com Volume 2018

Mathematical Problems 
in Engineering

Applied Mathematics
Journal of

Hindawi
www.hindawi.com Volume 2018

Probability and Statistics
Hindawi
www.hindawi.com Volume 2018

Journal of

Hindawi
www.hindawi.com Volume 2018

Mathematical Physics
Advances in

Complex Analysis
Journal of

Hindawi
www.hindawi.com Volume 2018

Optimization
Journal of

Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com Volume 2018

Engineering  
 Mathematics

International Journal of

Hindawi
www.hindawi.com Volume 2018

Operations Research
Advances in

Journal of

Hindawi
www.hindawi.com Volume 2018

Function Spaces
Abstract and 
Applied Analysis
Hindawi
www.hindawi.com Volume 2018

International 
Journal of 
Mathematics and 
Mathematical 
Sciences

Hindawi
www.hindawi.com Volume 2018

Hindawi Publishing Corporation 
http://www.hindawi.com Volume 2013
Hindawi
www.hindawi.com

The Scientific 
World Journal

Volume 2018

Hindawi
www.hindawi.com Volume 2018Volume 2018

Numerical AnalysisNumerical AnalysisNumerical AnalysisNumerical AnalysisNumerical AnalysisNumerical AnalysisNumerical AnalysisNumerical AnalysisNumerical AnalysisNumerical AnalysisNumerical AnalysisNumerical Analysis
Advances inAdvances in Discrete Dynamics in 

Nature and Society
Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com

Di�erential Equations
International Journal of

Volume 2018

Hindawi
www.hindawi.com Volume 2018

Decision Sciences
Advances in

Hindawi
www.hindawi.com Volume 2018

Analysis
International Journal of

Hindawi
www.hindawi.com Volume 2018

Stochastic Analysis
International Journal of

Submit your manuscripts at
www.hindawi.com

https://www.hindawi.com/journals/jmath/
https://www.hindawi.com/journals/mpe/
https://www.hindawi.com/journals/jam/
https://www.hindawi.com/journals/jps/
https://www.hindawi.com/journals/amp/
https://www.hindawi.com/journals/jca/
https://www.hindawi.com/journals/jopti/
https://www.hindawi.com/journals/ijem/
https://www.hindawi.com/journals/aor/
https://www.hindawi.com/journals/jfs/
https://www.hindawi.com/journals/aaa/
https://www.hindawi.com/journals/ijmms/
https://www.hindawi.com/journals/tswj/
https://www.hindawi.com/journals/ana/
https://www.hindawi.com/journals/ddns/
https://www.hindawi.com/journals/ijde/
https://www.hindawi.com/journals/ads/
https://www.hindawi.com/journals/ijanal/
https://www.hindawi.com/journals/ijsa/
https://www.hindawi.com/
https://www.hindawi.com/

