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ABSTRACT

In this study, an optimization design was performed to improve the hydrodynamic performances of an ultra-small turbine
based on a 3-D Reynolds-averaged Navier-Stokes (RANS) analysis. The runner of the turbine was selected as the computational
domain and optimization object. The locations of the inlet, outlet and external interface of the computational domain were set
to 3times, 6times and 3times the diameter of the runner, respectively. For the turbulent closure problem in the RANS analysis,
the shear stress transport (SST) turbulence model was used, and a grid dependency test was performed by applying the grid
convergence index (GCI) based on the Richardson extrapolation method considering the grid discretization error. Four design
variables related to the geometry of the runner blade were selected to maximize the power coefficient. The radial basis neural
network (RBNN) was used as the surrogate model and trained to improve prediction accuracy. The optimization results obtained
by using machine learning method showed highly accurate prediction values, and compared with the reference design, the

optimum design provided improved hydraulic performances.
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Fig. 1 Classification of the hydraulic turbines
according to the usage conditions®

Fig. 2 Enomad UNO Reference model
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Fig. 3 Computational domain for the numerical analysis

Fig. 4 Grid system obtained by using GCI method

Table 1 Grid dependency test using grid convergence index

Grid convergence index (GCI)
Representative cell
N N> N;
Total number of cells, N | 1,894,853 834,932 345,871
Grid size, h 0.00512441 | 0.00673419 | 0.0090337
721 1.314139
32 1.341464
Key variables, ¢ 1.0000 0.9969 0.9541
& -0.001
23] -0.012
s 1
Apparaent order, p 9.99776777
Poi”! 0.28987043
el 0.00310559
Cord”” 0.02429871
Gl 0.00030381
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Fig. 5 Procedure of the optimization based on machine learning
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Fig. 6 2D cross—sectional view of the runner
Table 2 Range of the design variables
LB Ref. UB
B 0.901 1.000 1.306
B 0.913 1.000 1.198
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Table 3 Design of experiment

Bip Tip Bro T G B G B G G
1 0.901 0.497 0.913 0.489 0.887 25 1.149 0.531 1.097 1.435 0913
2 1.306 0.497 0913 0.489 0.917 26 0.992 0.940 1.179 1.246 0.923
3 0.901 0.497 1.198 0.489 0.969 27 1.306 0.701 0.959 1.119 0.908
4 0.901 1.553 0913 0.489 0.889 28 0.966 1.280 1.198 0.741 0.960
5 0.901 0.497 0913 1.466 0.842 29 0.979 0.599 1.106 0.615 0.965
6 1.306 0.497 1.198 0.489 0.962 30 1.189 1.417 1.069 0.678 0.968
7 1.306 1.553 0.913 0.489 0.919 31 1.280 1314 1.078 0.993 0.941
8 1.306 0.497 0.913 1.466 0.868 32 1.136 1.042 1.161 0.583 0.971
9 0.901 1.553 1.198 0.489 0.977 33 1.071 1.008 0.949 1372 0.874
10 0.901 0.497 1.198 1.466 0.898 34 0.927 0.735 1.032 0.962 0.933
11 0.901 1.553 0.913 1.466 0.833 35 1.019 0.633 1.041 1.277 0.921
12 1.306 1.553 1.198 0.489 0.960 36 1.228 1.451 1.005 1.340 0.904
13 1.306 0.497 1.198 1.466 0.881 37 1.241 0.769 0.913 1.214 0.881
14 1.306 1.553 0913 1.466 0.854 38 0.901 1.348 1.152 0.836 0.961
15 0.901 1.553 1.198 1.466 0.885 39 1.215 1.110 0.931 0.709 0.916
16 1.306 1.553 1.198 1.466 0.846 40 1.058 1.519 1.014 0.520 0.946
17 1.202 1.212 1.124 0.646 0.976 41 1.176 0.565 0.995 1.182 0.919
18 1.110 1.178 0.922 0.930 0.889 42 1.267 0.803 1.143 1.056 0.935
19 1.084 1.553 1.060 1.403 0.900 43 1.254 1.076 1.170 1.088 0.920
20 1.045 1.382 1.087 0.489 0.970 44 1.293 0.906 0.977 1.151 0913
21 0914 1.144 1.133 0.804 0.964 45 1.162 0.667 1.023 1.466 0.902
22 0.953 0.974 0.940 0.867 0.894 46 1.123 0.497 1.051 0.552 0.955
23 0.940 1.246 0.968 0.899 0.906 47 1.097 0.872 1.189 1.025 0.930
24 1.032 1.485 1.115 0.773 0.963 48 1.006 0.838 0.986 1.309 0.896
ijfnld Training folds Table 4 Optimization results
P i ) _
~ - | | [ — (o s Design variables . G
B Tip B oy | Predicted value | RANS

i "” . Ref. | 1.000 | 1.000 | 1.000 | 1.000 - 1.000

~L T T N T T.T [+emm opt. | 1306 | 1.129 | 1.109 | 0489 1.067 1138

p T T T T T B

Fig. 8 K—fold cross—validation

A oltt o]E 93] K—fold cross validation S Z-&

shoict, o] S Fig, 83 Zo] JHitE K9] wefd F ’

2o R Fgstar, 7+ & oAl Test foldE 41745}

o] Training fold® RBNN-S £#3lt} o] o] £3% RBNN

9] ol &g} Test fold2] AA| gk} vlwsle] A AE 7| (a) Ref. (b) Opt.

AVSHIL, o] TR KYl uhEste] 2 KB o] At oxE

it B Apelq AR vllee

3 QAL AT oA HANE 4 gl W GRS RS Ueiilch HAUAS B 10% 9 g SpelAe] 2y o

uke et T 747} Z7hslela, ey GRel Airfoile] 2 F1o) $]
Table 49} Fig, 9] ¥ GIol4] 53t HZAA A0S A7k © AWML 517 WREOR oL, T0% LBeA]

Fig. 9 Comparison of the 3D geometries

20 SH=EFHIIHES

=28 M243, MsE, 2021



ZIcs
£
Ay
2
5y
=
o
oX
_I i
<t
L
ftlo
e
4
20
=

138
1.21
1.04

0.86

0,69
0.52
035 —4—Enomad_Reference
0.17 -O0-Optmization
0.00

(¥
s
-
w

Fig. 10 Comparison of the performance curves

1.060

1.040

—
=1
=
=]

Reverse

1.000

0.980

Normalized Static Pressure

=
o
o
=1

0.940

0.920

00 02 04 0.6 08 1.0
Normalized Streamwise Location

(a) Ref.

0.920
0.900
0.0 0.2 0.4 0.6 0.8 1.0
Normalized Streamwise Location

(b) Opt.

Fig. 11 Static pressure distribution on the runner surface at
70% span

S=ERMDIHEE =28 M24d, M55, 2021

TSR = 6))

AN 1, 09 U A2} By Bejolue] wAE, Bld &
= 9 QT §4S o,

FaH)7h 39 B A|efata, BE F4u] Goof
WA 712 WAk Hlaste] gabE A
& 4 gleh 53], 2R F4u) 5 o] WA
7|2 @Akah vl wsto] oF 5% SFAFE|QI O, Enomad UNO2]
Wl e] ShEAIRRE 7120 oF 1ARF oAk 75 A7 AL

gL

2

»olob b
rre 2

:

fu

Fig. 112 712 F43 A5 949 70% 204 2]
g Y $2E VRS AT Fig, 11 @olA w

ulel o] 712 WAke] A% Heh BZl A(Leading
edge) ol A 3E] oF 20% $IX|olA] A Bl Aol TE|Y
o}, olefst @A #12] WE7HAngle of attack)o] Z7]
A7 ool iz YA

A5 At w1, vk, 24 o) 49 o) ue

Zo] A stelo] et FAHA ] Y 27} Fig.
11 ()&} o] 5= e BEd -

FEE7F 5w HH Q] 70% AMolM fAlREE Fig.
120] YEpRIer. oA AHget niel go) 7| 4 ¢
Fig, 12 (a)°fl Yehd vie} o] vhgzho] 27] A4 ojw=e}
o227 =o] geuolM FAHe] e Ae ;IY

| @] o
olet. 24 BAre] A9 Fig, 12 (b)o] trehd vhe} ol
Y] Alolx] GAde] FAE
A7k AR WgoR o] o

O:

(a) Ref.

00 01 02 03 04 05 06 0.7 08 0.9 1.0

Normalized Pressure

Fig. 12 Static pressure distribution with streamline at 70%

span



h

|

X

(a) Ref.

(b) Opt.
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