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Abstract : In this study, our primary objective is to optimize a turbine employed in an Organic Rankine
Cycle (ORC) system that harnesses waste heat from a ship. Traditional optimization methods are known to
be time-consuming and expensive. To streamline a more practical optimization approach, we have
leveraged design of experiment, machine learning, and Latin hypercube sampling. Our experimental design
involves varying turbine geometries under different conditions and subsequently creating a machine
learning model using the results derived from computational fluid dynamics simulations. Through the
utilization of these methodologies, we have succeeded in achieving a turbine that surpasses the turbine
isentropic efficiency obtained at the initial design point by 1.3% point.

Key Words : Machine Learning, Organic Rankine Cycle, Radial Turbine, Optimization

##F G4k Z(https://orcid.org/0009-0001-8463-1461) : 1<, **F Sang-Jo Han(https:/orcid.org/0009-0001-8463-1461) : Professor,

PR R A R L A b PAR-S et K Department of Mechanical and Automobile Engineering, Seoul

National University of Science and Technology.

E-mail : sjhan@seoultech.ac.kr, Tel : 02-970-6321 E-mail : sjhan @se}:)ultech acke. Tel : 00-97 0_g6y3 21

#2411 (https://orcid.org/0000-002-9827-4717)  : AAU71E  sjon0 Beom Seo(https://orcid.org/0000-002-9827-4717) : Senior

4, A FERNEA T4 Engineer, Korea Research Institute of Ship & Ocean Engineering.

*##18 7] ) (https://orcid.org/0009-0002-5745-388X), 3A17|(https:  **Gi-Won Byun(https://orcid.org/0009-0002-5745-388X), Seon-Ki

/forcid.org/0009-0001-3510-6919) : E-3A), A]2-3}817] &0) Hong(https://0rc1d.0rg/QOO9-OOO1-3510-6219) : Undeirgraduate,

St A ARSI TS Department of Mechanical and Automobile Engineering, Seoul
National University of Science and Technology.

*o] T AY (https:/orcid.org/0000-0003-3042-5889) : HUAT *Ho-Saeng Lee(https://orcid.org/0000-0003-3042-5889) : Principal

A, At FZHEA T4 Researcher, Korea Research Institute of Ship & Ocean
Engineering.

iy

SHAABIGS X K273 Mex, 2023 12€ 59


https://crossmark.crossref.org/dialog/?doi=10.9726/kspse.2023.27.6.059&domain=http://kspse.org/&uri_scheme=http:&cm_version=v1.5

714 &t&E 0|88t
— 7z 49—
M : Blade curve length
R : Length at radial direction
Z : Length at axial direction
T : Temperature
az2|Aa E2Xt
B : Blade shape angle
® : Deviation values for turbine rotor
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Table 1 Specification on design point for first-stage

turbine
Parameter Value
Inlet condition 2,106 kPa, 155T
Outlet condition 724.2 kPa, 121.0C
Pressure ratio 3.0
Mass flow rate 4.2 kg/s
Number of nodes 539,896
Efficiency 91.1%
Rotational speed 25,500 RPM
Power 79 kW
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Fig. 1 Configuration of first-stage turbine(left) and
second-stage turbine(right)
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Table 2 Design variables and control points for
turbine blade

Hub Shroud

Points | Z[mm] | R[mm] | Points | Z[mm] | R[mm]
1 0.0 56.0 1 4.8 56.0
2 -0.1 37.2 2 4.5 40.8

3 14.7* 3 33A4*
-1.8 16.4 13.9 | 37.15
(P1) 181 | 2 40.9
4 314 20.0 4 329 38.7
5 39.3 20.0 5 39.6 38.7

Table 3 Control points and ranges for turbine blade

angle
Hub Shroud

Points | %m’ B Points | %m’ B
) 3.6 ) 7.4
0.0 40° 0.0 8.22"

®3) 44 | P 9.04
2 125 | -15.4 2 9.1 279
3 -6.3

3 79.2 5.6 727 [ 594
(Po) -5.17

4 708 | -34.5 4 81.8 | -58.1
-60.6 5 -76.96
100 | -55.0 100 | -69.96"

(®4) 494 | ®D -62.96
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Table 4 Control point variation and results

Case 1 |Case 2| Case 3 |Case 4 |Case 5

P1 15.7 15.8 16.7 16.9 16.7

P2 36 37.6 379 36.8 37

P3 4.11 3.98 4.01 4.06 391

P4 -55.5 | -54.5 | -54.6 | -55.8 | -54.5

P5 8.09 8.13 8.1 8.12 8.23

P6 | 58 | 57 | 58 | -59 | -57

P7 | -769 | -76.5 | -76.6 | -763 | -76.7
Nrowy | 92.77 | 92.78 | 92.78 | 92.78 | 92.78
Newp | 92.38 | 92.1 | 92.24 | 92.45 | 92.48
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