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Abstract: In order to improve the performance of the draft tube in hydraulic turbine, a 
multi–objective optimization method for the draft tube is developed by combining the design of 
experiment (DOE), the radial basis function (RBF) and the non–dominated sorting genetic 
algorithm (NSGA–II) in this paper. The geometrical design variables of the median section in the 
draft tube and the cross section in its exit diffuser are considered as design parameters in this 
optimization, which objective function is to maximize the pressure recovery factor (Cp) and 
minimize the energy loss coefficient (ζ). The limited numbers of design matrix required for the 
shape optimization of the draft tube is generated by optimal Latin hypercube (OLH) method of the 
DOE technique, of which performances are evaluated through computational fluid dynamic (CFD) 
numerical simulation. For reducing of the computational consumption, the approximate model is 
used based on the RBF. The Pareto optimal solutions are finally performed using the NSGA–II for 
obtaining the best geometrical parameters of the draft tube. The optimization result of the draft 
tube shows a marked performance improvement over the original, which verifies the theoretical 
validity and feasibility of the proposed method in this paper. 

Keywords: francis turbine; draft tube; optimization design; experiment of design; non–dominated 
sorting genetic algorithm 

 

1. Introduction 

Hydraulic energy is one of the important energy sources to meet the growing needs of energy, 
being renewable energy resources. Therefore, the improvement of the efficiency by renovating and 
upgrading of the hydraulic turbine is a challenging task in old hydropower plants, which is greatly 
affected by the performance of the draft tubes in hydraulic turbine. The main role of the draft tube is 
to convert the remaining kinetic energy into the static pressure at the runner outlet. The draft tube 
can be classified into two groups; straight and curved shapes. Generally, the straight shape of the 
draft tube has a good hydraulic characteristic, but it is used only at the small and medium diameters 
of the runner, because of the huge construction cost of the long vertical draft tubes. While the curbed 
shape of the draft tube is used at the hydraulic turbine with the large diameter of the runner to 
reduce the excavation depth of the draft tube. Traditionally, the design of the draft tubes has been 
performed through the experience of the designers and the model tests.  

Many investigations have been carried out by using the CFD for the performance calculation, 
the analysis and the optimization design of the draft tubes in the hydro power plants. Soni V et al. [1] 
investigated the effects of the suction cone height in the draft tube on the performance of Francis 
turbine. The results of the numerical simulations using CFD were reported, in which the several 
permutation and combination of the geometrical parameters such as the suction cone, elbow and exit 
diffuser were achieved to improve the performance of the curved draft tube. Similar method was 
adopted on the hydraulic turbine with the straight conical draft tube [2]. Prasad et al. [3] studied on 
the optimal design by varying the geometric parameters such as the length and height of the elbow 
in the draft tube at different mass flow rate using 3D viscous flow simulations, in which the 
geometrical parameters of the best performance from numerical simulation were close to height 
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ratio of 2.24 and length ratio L/D1 of 6.0. Marjavaara et al. [4] carried out the optimization design of 
the Turbine–99 draft tube using response surface methodology( RSM), in which the curvature radius 
of the draft tube was taken as variable and the average pressure recovery factor and the energy loss 
factor were taken as the objective function. The computed result showed that the optimization 
results were similar to the experimental, confirming the application possibilities of these techniques 
in optimal design process. Nakamura K et al. [5] performed automatically the optimization design 
by combining the design software, CFD solver and MOGA for the optimization of the runner and 
the draft tube shape of a Francis turbine with high specific speed. As a result, they suggested that 
this optimization system could be used as the engineering development tool of the Francis turbine. 
Fares et al. [6] performed the optimization of the curved draft tube in tandem with genetic algorithm 
and CFD, in which four Bezier control points in the (X–Y) coordinate and ten distribution curve of 
Z–direction described by Bezier curve technology were employed as design variables, showing the 
obvious increase in its performance. Meanwhile, because the process of the shape optimization of 
the draft tube is realized by many iterative calculations using CFD, it requires many time and 
manpower. Therefore, the automatic optimization methodologies using the geometrical parameters 
of the cross–sections of the draft tube were previously examined, but these methods had not 
considered the geometrical parameters such as the median section affecting significantly on the 
performance of the draft tube [7–9]. While, the multi–objective optimization methods have been 
employed in the optimization design of turbomachinery [10–12], and the optimization methods in 
the engineering design have been also suggested using the CFD, DOE technique and multi–objective 
genetic algorithm [13–15]. 

This paper presents the methodology to optimize the performances of the draft tube, in which 
the median section and the cross section of the exit diffuser of the draft tube are selected as 
geometrical design variables, and two objective functions as maximizing of the pressure recovery 
factor and minimizing of the energy loss coefficient in flow. The design space is determined by OLH 
method in DOE technique, and the response values of the selected design matrix are performed 
through CFD numerical simulation. The results are used to determine and validate an approximate 
model. Finally, the Pareto optimal solutions using the NSGA–II are carried out to improve the 
performance of the draft tube. 

2. Design Parameters and Objective Function 

2.1. Design Parameters 

One of the most important problems in the optimal design of draft tube is to select the key 
geometric factors affecting on its performance as possible, because the computational consumption 
is highly influenced by the number of the geometric parameters. 

Many investigations were conducted on the optimization design by changing the individual 
geometric parameters affecting on the performance of the draft tubes, but these methods were not 
flexible for improving the performance of the draft tube. Commonly, the elbow draft tube has three 
parts such as the discharge cone, elbow and exit diffuser. Figure 1 shows the meridian section and 
the exit cross section of the elbow draft tube. The change of its meridian section affects highly on the 
performance of the draft tube. Here, the inlet diameter of the draft tube (d3) is fixed as constant, 
because its dimension is determined by the runner geometry. The shape of the discharge cone in the 
draft tube is significantly affected on its hydraulic performance. Generally, the complexity of the 
flow leaving from the runner outlet is produced by non–uniform distribution of the velocity, which 
is operated with the certain swirling flow. The discharge cone part of the draft tube gives rise to the 
secondary flow such as the flow separation from the wall or reverse flow in the central region, hence 
the discharge cone angle α in the optimization of the draft tube should be considered. 
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Figure 1. Geometric parameters of the elbow draft tube. 

While the increment at the height (h1) of the discharge cone helps to obtain a uniform flow leaving 
from the runner outlet, but it results in the increase of the hydraulic loss because of the decrease in 
the curvature radius of the elbow portion if height (h1) is larger. Therefore, how to set up the rational 
ration of h1 and h2 is very important. The discharge cone part can be featured either by the 
divergence angle α and cone height h1 or by cone height h1 and diameter d4, the cone height h1 and 
diameter d4 used in this paper used in this paper. And the curvature radius (r1), (r2) and elbow height 
(h2) of the draft tube describe the geometrical range of the elbow part through the change of their 
sizes. The reasonable size of height (h3) can be decreased the hydraulic losses from the 
elbow–induced secondary flows, and the height (h3) of exit diffuser is an important geometrical 
parameter for the discharge balance between the elbow portion and exit diffuser. The purpose of the 
exit diffuser is to connect the elbow portion and the tailrace for achieving the higher recovery of the 
pressure from flow downstream in an elbow. Therefore, the exit diffuser should be considered to 
minimize the flow separation and reverse flow. Flow separation and reverse flow in the exit diffuser 
can be effectively controlled by parameters L, L2, L3, h4, θ, and h5. Because L is constant while the 
diffuser angle (θ) can be described as a function of h4 and L3, and L3 can be described as a function of 
the length L. Therefore, the exit diffuser can be indicated by the parameters L, L2 and h4. Combining 
the median section and cross–section is reasonable in the optimization the performance of the draft 
tube, because the cross–sections of draft tube affect on its performance. Thus, the free geometric 
parameters for optimization design of the draft tube are ten parameters: h1, h3, h4, d4, L1, L2, r1, r2 and w. 

2.2. Objective Function 

The choice of the objective function for the optimization design is very important for the 
successful solution. The objective function for the performance evaluation of the draft tube is 
characterized by two parameters: the pressure recovery factor (Cp) and the energy loss coefficient 
(ζ). It is desirable that Cp is great as possible in the optimization process. The Cp indicates the degree 
of converting of the kinetic energy to the static pressure where a higher value means higher 
efficiency for the draft tube. The pressure recovery factor is defined as follows: 
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−=                                              (1) 

where Pin is the static average pressure at the inlet of the draft tube,  Pout is the static average 
pressure at the outlet,  Ain is the cross–section area of the inlet ,  Q is the flow rate at the inlet and 
ρ is the water density. The energy loss coefficient (ζ) is the usual quantity for measuring the 
efficiency in the draft tube of hydro turbine. This factor indicates the degree that is converted to a 
form that can not be used during the operation of an energy producing, consuming, or conducting 
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system. It means the total pressure loss from the inlet to the outlet compared to the inlet kinetic 
energy. The energy loss coefficient is defined as: 
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where Ain is the cross–section area of the inlet,  Aout is the cross–section area of the outlet,  Pt is the 
total pressure.  

The optimization problem is mathematically formulated as follows: 
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where X is the set of the geometrical parameters of draft tube, f1(X) and f2(X) are the objective 
functions for the pressure recovery factor and energy loss coefficient, respectively, Xlb and Xub is the 
lower and the upper bounds of the design space for each geometrical parameters while the 
constraint conditions of the each geometrical parameters is described in Table 1. 

3. CFD Numerical Simulation 

3.1. Modeling and Meshing 

The important problem for building the 3D model of the draft tube is to find an adequate 
method, so as to be easy for modifying its geometrical parameters, because its 3D model is 
continually refined by changing the free parameters during the automatic optimization process. 
Hence, Xueyi et al. [16] proposed a new method for overcoming the defect of the complex method 
for the 3D model of the draft tube, which was simple, generating the smooth surface with a large 
adaptability. Using this method, the 3D model of the draft tube is generated using GAMBIT software 
in this paper. GAMBIT software automatically can record the creation process of the 3D model using 
journal file, which can be modified combining with ISIGHT software in optimization process. While, 
the computation domain contains the objects such as spiral case, 16 stay vanes, 24 guide vanes, 
runner with 19 blades and draft tube. Here, in order to improve the accuracy of CFD numerical 
simulation, the computational domain of the draft tube is divided into three regions such as 
discharge cone, elbow and exit diffuser. The mesh of the cone portion and exit diffuser portion are 
comprised of the hexahedral elements, the elbow portion is adopted on the unstructured tetrahedral 
elements because of the complexity in the flow passage. Then it is generated the entire 3D model of 
the hydraulic turbine by combining draft tube with the other parts of the hydraulic turbine (spiral 
casing, stay vane, guide vane, runner) (Figure 2). It is only changed the geometric shape and size of 
the draft tube, the other parts is not changed in the optimization process. For consideration of the 
mesh independency, six cases with different number selected between 2 million and 8 million are 
considered. According to the result, when the mesh number is reached more than 7 million, the 
efficiency correlation coefficient is 0.05%. Therefore the influence of mesh number can be ignored. 
As a result, the mesh number of 7 million during the optimization solution is selected. 
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Figure 2. 3D model of Francis turbine. 

3.2. Numerical Simulation 

ANSYS FLUENT16.1 is utilized to investigate the flow field of the draft tube, which solves 3D 
Reynold –Averaged Navier–Stokes equations with the steady state. And Shear Stress Transport 
(SST) k–ω turbulence model proposed by Menter [17] is applied for the turbulence treatment. The 
SST k–ω turbulence model equations are: 

( )( )

( )( )

j

i

i
k k k k

i j

i j

j

u G Y D S
t x x

kuk k G Y S
t x

x

x x

ω ω ω ω ω

ρ

ρωρω ω

ρ

 ∂∂ ∂

  ∂∂ ∂ ∂+ = Γ + − +  ∂ ∂ ∂ ∂   

∂+ = Γ + − + +




 
∂ ∂ ∂ ∂  





                               (4) 

where Gk is the turbulent kinetic source term, Γk and Γω are the effective diffusion coefficients for k  
and ω, Gω is the dissipation equation source term, Yk and Yω are the divergence terms for k and ω, 
Dω is the orthogonal divergence term, Sk and Sk are user–defined source terms. 

The SIMPLEC algorithm is adopted to realize the pressure–velocity coupling. The SST model is 
suggested for the high accuracy of the boundary layer simulation, which can give a more reliable 
simulation result for flows around complex objects, flows with inverse pressure gradient, transonic 
flows, etc. The inlet boundary condition is specified as the total pressure at the spiral case inlet and 
the pressure outlet is specified at the draft tube outlet. The non–slip wall boundary condition is 
adopted. The standard discretization scheme is employed for the pressure, while the momentum, 
turbulence kinetic energy and turbulence dissipation rate are used as the second–order upwind 
scheme. The under–relaxation factor is applied as the default value. 

4. Optimization Procedure 

4.1. Design of Experiment 

In design and development of the previous product, it has been performed through the typical 
designing cycle of the design–assessment–redesign with changes of the geometrical design 
parameters for obtaining of the final design scheme, which includes the design process, numerical 
simulation and analysis. These processes are calculated repeatedly until they satisfy the condition 
of the problem, but it needs the consumption of many times due to the numerical simulation and 
result analysis for each model. And the previous design is usually based on experience or tests. For 
overcoming of this difficulty of the manual process, we integrate the processes such as the variable 
3D design, the numerical simulation and the result analysis using ISIGHT platform. This 
integration process not only reduces the design cycle time, but also performs the result analysis 
automatically. The choice of the sample points for the engineering optimization problems is very 
important for the accuracy and predicting capabilities of the approximation model. The DOE 
technique includes the factorial, central composite, Box–Behnken and face centered composite 
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design, which can solve the optimal problem and conduct the sensitivity analysis for the design 
space. The OLH is a modified Latin Hypercube design, which generate more evenly distributed the 
sample points than other DOE strategy [18, 19]. The OLH method provides the regular sample 
points between the lower and upper bounds. In this paper, 140 sets of the sample points are 
generated using the OLH method in the DOE technique. Here, the constraint conditions of the each 
geometrical parameter are described in Table 1. 

Table 1. Design variable and constraint values at initial design. 

Variable Description Lower Bound Initial design Upper bound 

h1 The height of discharge cone 352.7 391.89 431.08 

h3 The inlet height of exit diffuser 594.02 660.02 726.03 

h4 The diffuse height of exit diffuser -186.62 -169.65 -152.68 

d4 The inlet diameter of elbow 171.84 190.94 210.03 

L1 The length of elbow 379.73 421.92 464.11 

L2 The length of elbow extension 85.869 95.41 104.95 

r1 The inner radius of elbow 211.11 234.57 258.03 

r2 The outer radius of elbow 336.34 373.71 411.08 

w The width of exit diffuser 358.04 397.83 437.61 

4.2. RBF Approximation 

The numerical simulation of the draft tube is combined with DOE, but it needs the 
consumption of many times due to the calculation and result analysis for each model in the process 
of the optimization. Therefore, in practical applications, it is very difficult to carry out the 
optimization based on an accurate analytical model. Approximate models are commonly used in 
engineering design to reduce the computational expense for the complex simulations and analyses. 
RBF approximation is a type of neural network with a hidden layer of the radial units and an 
output layer of the line units. RBF approximations are characterized by reasonably compacted 
networks and fast training. Moreover, RBF can attain the high accuracy as the curve fitting 
approach than the response surface [20]. Consequently, the application of the RBF neural networks 
can obtain the approximate model to describe accurately the relationship between the geometrical 
parameters and the objective functions. In order to build the approximation model, the sample data 
obtained from aforementioned DOE method are carried out through the training in RBF network. 
Then, it is needed to validate the solution accuracy of the obtained approximate model. For the 
error and reliability analysis, we adopt the coefficient of determination (R2) and the root mean 
square error (σ). If the approximate model satisfies the requirements of the error and reliability, it 
can be used in the optimization simulation. R2 always has the range [0, 1], it means the better result 
if its value is close to 1. Figure 3 depicts the construction process of an approximate model. 
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Figure 3. Construction process of approximate model. 

4.3. Design Exploration Using NSGA–II  

Based on the validated approximate model, the optimization problem is to find a new set of the 
geometric parameters to maximize Cp and minimize ζ. Both of these objectives conflict each other, 
there is no the best solution to satisfy these objectives simultaneously [21]. Hence, this solution can 
be called Pareto solution. Generally, multi–objective optimization problems in many engineering 
designs often occur. The engineering solution for multi–objective optimization problems become 
more numerically complex, because its solution is difficult to find a good solution due to constraints 
on feasible space. Genetic algorithms are one of the optimization methods that find wide application 
in the optimization problems. The NSGA–II proposed by Deb et al. [22] is more used for the multi 
–objective optimization because it provides the remarkable results compared to the other genetic 
algorithms [23]. Therefore, in this paper, the NSGA–II of ISIGHT software is used, of which the input 
parameters are selected for the construction of the Pareto solution as shown in Table 2. 

Table 2. Optimization technique options. 

option value 

population size 100 

number of generations 60 

crossover probability 0.9 

crossover distribution 20 

mutation distribution index 20 

4.4. Optimization Design Strategy 

The optimization design of the draft tube is performed by using ISIGHT platform, which is an 
effective, powerful and practical integration tool, setting up and managing the various software 
components in the design process such as CAD/CAE software. In this ISIGHT platform, the design 
variable and objective function are set and modified in the optimization process, in which the result 
analysis of the numerical simulation is automatically performed. In this paper, GAMBIT and ANSYS 
FLUENT software are integrated to create a design optimization platform. The main process of the 
optimization design is described in Figure 4.  
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Figure 4. The flow chart of optimization design. 

5. Results and Discussion 

The optimization stage of the draft tube includes the 3D modeling, the CFD numerical 
simulations and the mathematical optimization, respectively. After the completion of the numerical 
calculation for the generated sampling points according to OLH method, we analyze the effect of 
the key geometrical parameters on the performance of the draft tube using the DOE module. The 
sensitivity relationship between the various geometric parameters of the draft tube is studied at the 
same boundary conditions. Figure 5 shows the Pareto chart of the geometrical parameters on the 
objective function of Cp and ζ. 
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Figure 5. Pareto chart for the objective function. (a) Pressure recovery factor; (b) Energy loss 
coefficient. 
The Pareto chart reflects the degree of influence of the geometrical design parameters on the 
performance of draft tube. As shown in the Figure 5(a), d4, h3, h1, r2 and w give the great effect on 
objective function Cp, but h4, r1 and L2 give the small effect. Meanwhile, for energy loss coefficient, 
d4, h3, h1 and r2 give the great effect, and L2 and r1 give the small effect. Therefore, we can know that 
the geometrical design parameters (d4, h3, h1, r2 and w) of the draft tube have the higher weight value 
on its performance. It can be explained that the divergence angle of the discharge cone, the inlet 
height of exit diffuser, the height of discharge cone, the outer radius of elbow and the width of the 
exit diffuse are the main geometrical parameters affecting the performance of draft tube. Based on 
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above the 9 input variables of sample data and the 2 output variable, the approximate model can be 
achieved using the RBF approximation, in which 125 sampling points are adopted as the training 
data sets and 15 sample points as testing data sets. In order to evaluate the accuracy of the 
approximate model, the error analysis and reliability test are performed. Table 3 shows the 
calculation results of the determination coefficient (R2) and the root mean square error (σ) with 
respect to the pressure recovery factor and the energy loss coefficient. The results indicate that the 
approximate model can be ensured adequately as the data used with R2 and σ (Table 3) 

Table 3. Results of the response surface analysis. 

Parameter R2 σ
Cp 0.943 0.954 
ζ 0.071 0.06 

The result obtained by CFD numerical simulation and the best lines fitted through RBF 
approximation are illustrated using the training and testing data sets as shown in Figure 6. Figure 7 
shows the comparison of the calculation result for the objective function of Cp and ζ obtained by 
CFD numerical simulation and RBF approximation. As shown in Figure 6 and Figure 7, the 
approximate model has the high precision and reliability for the optimization design. Therefore, the 
validated approximate models are adopted to search for the optimal design variable in the design 
space. 
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(b) 
Figure 6. Linear regression of the RBF for objective functions. (a) Pressure recovery factor;    

(b) Energy loss coefficient. 
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Figure 7. The result comparison of the CFD and RBF approximation for the objective functions. (a) 
Pressure recovery factor; (b) Energy loss coefficient. 
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Figure 8 and Figure 9 show how the objective function varies with various geometric 
parameters of the draft tube. As shown in these Figures, we can know that the dimension variation 
of different geometric parameters affect on Cp and ζ.  

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 8. The approximate model for each plot of two independent variables on the pressure 
recovery factor. (a) d4 versus h3; (b) h3 versus h1; h1 versus w; w versus r2.. 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 9. The approximate model for each plot of two independent variables on the energy loss 
coefficient. (a) d4 versus h3; (b) h3 versus h1; h1 versus w；w versus r2 

The multi-objective optimization solution using NSGA-II technique is obtained through 5,001 
iterations (Figure 10). Here, the green point denotes the optimal solution decided by the effective 
searching strategy. 
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(b) 

Figure 10. The iteration process of optimization solution: (a) The pressure recovery factor;     
(b) The energy loss coefficient 

The result comparison of the objective functions for the initial and optimal draft tube are listed in 
Table 4. 

Table 4. The objective functions for initial and optimal draft tube. 

Objective function Original type Optimal type 
Cp 0.75 0.81 
ζ 0.21 0.12 

 
As shown in Table 4, the results indicated that the pressure recovery factor (Cp) increased from 0.75 
to 0.81 and the energy loss coefficient (ζ) drastically reduces from 0.21 to 0.12. 

X
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Figure 11. The shape comparison before and after optimization of draft tube. 

Figure 11 and Figure 12 shows 2D and 3D model of the original and optimized model of the 
draft tube, respectively 

(a) 
 

(b) 
Figure 12. Comparison of initial and optimized draft tubes: (a) Initial draft tube; (b) Optimized draft 
tube. 
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6. Conclusions 

The multi–objective optimization for the performance improvement of the draft tube was 
performed using the combination of CFD, DOE, RBF and NSGA–II algorithm. The design strategy 
for the automatic optimization was performed by ISIGHT platform. We built the 3D model using the 
GAMBIT and carried out the performance calculations and analysis of the draft tube through CFD 
numerical calculation. The results of the numerical simulations based on the sample data generated 
by OLH method of the DOE technique were used to obtain the RBF approximation for improving 
efficiency of the calculation in the optimization process. Through the optimization process, the 
pressure recovery factor (Cp) increased from 0.75 to 0.81 and the energy loss coefficient (ζ) drastically 
reduced from 0.21 to 0.12. The presented methodology was very effective in solving the 
multi–objective problems with the low computational cost for the complex design. The comparison 
of the numerical calculation between the optimal and original geometric dimensions showed the 
superiority of the suggested optimization methodology. Therefore, the suggested optimization 
methodology can be applied for the performance improvement of the hydraulic turbine in the 
future. 
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