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A Neural Operator Enhanced Panoramic Prediction Model for

Meridional Flow Field of Two-Stage Low Pressure Turbine
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(1. School of Energy and Power Engineering. Xi’an Jiaotong University, Xi’an 710049, China;
2. AECC Shenyang Engine Research Institute, Shenyang 110015, China)

Abstract: To address the inefficiency and poor engineering applicability of traditional flow field
prediction models due to separate construction required for each performance parameter of the turbine, an
efficient panoramic prediction framework is proposed to predict accurately any key performance
parameter of the turbine stage meridional plane. With a two-stage low-pressure turbine taken as
an example, a high-precision panoramic prediction model for the turbine meridional plane was
established. Specifically, the proposed prediction framework first predicted the six basic physical
parameters of the turbine stage meridian plane, such as temperature, pressure, density and velocity, and
then predicted the overall performance parameters of the turbine stage and the distribution of key

cross-section performance parameters along the blade height as well as the meridian plane contour
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of the key parameters. Meanwhile, in order to improve the prediction accuracy of the performance
parameters of meridional plane, Transformer was integrated into a Neural Operator network under the
framework of panoramic prediction, and a Transformer enhanced Neural Operator (TNO) prediction
model was established. The test results of the two-stage meridian prediction model based on TNO
showed that, the TNO prediction model could accurately predict the overall performance parameters such
as mass flow rate/turbine power/expansion ratio of the turbine stage, the distribution of outlet
flow angle/stage reaction along the span, and the meridian contour of entropy, etc. The relative
prediction error was less than 1%, and the prediction accuracy of TNO was significantly higher
than that of the panoramic prediction model based on the classical UNet network. Thus, the
effectiveness of the proposed panoramic prediction framework and model has been well demonstrated.

Keywords: two-stage low-pressure turbine; flow field of meridian plane; panoramic prediction;

neural operator network

F T8 A 1k BE VA T M B 9 -0 HE v
(N-S) J7 T2 14 38 JH fige M e A7 98 2R S0, 3 >R 53
TR SN T3 (CFD) B ik 56 45 7 ¥ I Jig i 58 P Rk 23 1
Higit. R, CED Kol 56 ¥ BE 3 Al 38 5 e B2 e
3o (A e B R0 TR R R O il e AR S
RE DAl 6 i A [) R0 56 7 53k 9K 3 9 1 RE IV Al &% i
AT BRI L IR LAY Kriging 42 1] JE bR
B AL G AR R e — E R BT DU R 99 58 /Y
PEREVE AL B BE L (H 2 2 RE S X LU i 3278 19 S ik
(EPERES BOIEAT F0IN 100 X T 2 B0 e B9 70 A 45
DA 1) i R 2 ) i A RE S B AR R

PEBEE TR L 25 2] IR AR U AR IE S
Ak O A5 G SR AT A IR S L 2 2 AR Ry — T A
F 25 30 B 3l 7 R T A 2 5 A e AR B Y B )
BRAE )" 2 T U8 B KRR AE $E T, Sekar
SIS B 2N 2% 5 22 AL, LLEE R LA
27NN R LS R (ESE PN S O < VAN B NI DAEE ]
AR T T 36 8 3 T ) 3 R R 3 4 R
B

7 It 8 LR 5K, T TR B 2 >0 1 3 3 T AR
)iz mAL . Chen S5 5L T TR BE i 22 W 46 il %2
i 0 v T R R ST T R R TR R T R R
B SR AR A e DG 2 A 2 [ I AL e S
KF T BT Rk, Li 0
WA T 6 P o 28 00 8% 1140 /08 Ji 52 L % 8 - Al 0 37
DA 7 58 OB RSN 255 6 0. 05 s LA PA BIVAT 3145
Z e ST B s B N S B Y L TR ) 3 43 A
MZER . Bruni 50T AT BRI T £ 90U
D= WA SR I3 i s ' I 1 - 4 N 2 IO
AR SN AT B RZ AL RE ) AN 2 A ) 2L, 50 4 AR 2
HE T D) BRI BIL A 2 T BEA A A o) 4 i B

zkxb. xjtu. edu. cn

A B0 e i 7R 3 A 0 A g R L S e AR L]
ST R0 2 80P 28 A3 R L 19 = G 2 U
T

H AT, K 2 B0 BE 2 > 1000 A Y 32 B X 45
SE 11 8 2 B0 AT (AR B e i kR S 8
Bl S BRSNS O R A TTI=IN il i
T TR ORI L SR SR T e S B L R T G
T 4% 2 A L 0 AT IR AR A A L R R B O B
ST B 43 A B B g 00 A, BR TR R S R
E R R T e N [ e X N R W = e
DU P 1 i 2 B 25 B A5 T 0 2 35/ i HE S R 388
ERE A T A B R sh 7 O vk A i R ST AL
TR R A A AR o b A B A% B T DG B
T FE b T FO UEAT RSN, X BRI T AT F
AR () AR S M

g4 N-S 7 BREFAE AT 61, 38 58 T 55 8 A 3 1A 4
B OCTE M B SR MAFE 2 O R A BE R 1R
TRy R R 3 AT ) B ) S 6
I Atk Py 3L A, D) AT R L B SR AR BT O EY
JER R ROCR S, AN W TR L BT R
A R TN AR Sy DRI M S /1 O T 1 BE R R AR
TT e ok 0 IR AE R T

AR SCER X A 1T R 4 X AE 2R B AR, 4
S R T AL ) U000 AR AR AT S 3 4 A AT R OR
HEMERE S G T BN , DL A B & =4k CFD K i
F I R RE RS A . O PR 4 A B
K H Transformer 58X #f 255 HE 17 2l i, € 57
T Transformer Ml 45H F (TNO ) & 8 F 4 it 1 4
s U TR Y, - DL XA e i 56 R 4] B Uk 1 i 4
I AE S 5 500 A5 Y ) A P




o506 1

T RS, A 2 SR T N R 90 AR S s A T 3 4 5 R 0 A A 105

1 2 30 3 PO AE 22

KR himgdesm AR mmgEsR, &
I VB I FE G LA 2 BOR T 00 2 B o 2 st
U5 PR R ) Sy AR AE SR AR5, O T iR e 9
Ui o T A T B A 2 S XA e, B E R Y 6 4
Al oy B AR R R Y i A s R RS Ak
AR JU) T 500 s 5 ) A P RE 2 B M RE S BT
R TR, W, SERRE K2
TR S70K o EL 1] A0 15000 2 4 5 300 3 U0 S Ay ik 14
KEHARZ —,

U5 % R
N EPSYES
N EPY

H T
B

il

BRI
HhzE 4

¥
‘ SErtELy
IETRIEZ ET AT
,,,,,,,,,,,,,,,,,, o
4 - e . N
ST EL A 014 T J AL ERAS R
ifekie W MR RN W RRAE
PEfE BB = i
7 MRS IR SR il
ST B LK. RANE
FLERIT 1 IR, A =) i
ZH 0K A
o J

P i e g A st SO 3 T AE 42

Fig. 1 Panoramic flow field prediction framework of turbine
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Table 1 Physical expressions of performance parameters
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Table 2 Physical expression of derivative field
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Fig. 2 TNO-based turbine flow field prediction framework
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Fig. 3 Galerkin self-attention mechanism module
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Fig. 4 Numerical model and grid independence verification
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Fig. 5 Schematic diagram of the sampling range of profiles

with different blade height sections
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Fig. 6 Convergence curves of loss functions of different

neural network
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Table 3 Prediction results of key overall performance for the

entire turbine of a typical sample

HE m/kgesH QW T /% s/ %
CFD 9. 90 129.49  1.13  92.32 85.79
Tl 9.93 129.67  1.13  92.24 85.68
W2/ % —0.30 —0.14 0.0l  0.08 0.11
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Table 4 Prediction results of key performance for the first

stage of a typical sample

Ik 0 a/ () e/ % nrs/ Yo
CFD 0. 387 118. 62 92.98 81.36
ot 0. 385 118.58 93.01 81.38
W2/ % 0.52 0.03 —0.03 —0.02
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Table 5 Prediction results of key performance for the second

stage of a typical sample

VR7S 0 a/(*) nr1/ % s/ Y
CFD 0.411 115. 52 91.42 78.92
ot 0. 407 115.53 91.02 78. 47
W2/ % 0.97 0.01 0.40 0.14
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Fig. 7 Prediction results of key performance parameters of a

typical sample along the blade height distribution
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Fig. 8 Prediction results of performance parameters along the
blade height for the first and second stage of a

typical sample
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Fig. 10 Comparison of mass flow prediction results
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Fig. 11 Comparison of expansion ratio prediction results
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