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BAHZBIRBE A EEAT T IR Ye SPHRH T —Fhk T B S0 R I % B 37 T B A
EEDRBHBRBI I, FALREH, BRMAENENMEBLIERE 2P ER
FARMI S AT R, Jin SPURH T — BT8R I3 1 EAL B B R P AR, A RIR
R & BN E R4 (CNNs)E I A 7 2B V8T 1 B AL R T K 7135 43 70 3 1 8 B B 3 it
7M. Huang YR T BP WEMETMME, SHAETMATHE. IHESEN
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MANEES. DHBSRRABRESREOSHSEHET TR, RESRrTE
THREFIANRESZAFITEE, ZBEERTEESEEA. FHERLSHEFER
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H A& TIRE 2R G2 R X ERA TRESEASFERA . NBSRSEH
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Pl i iREHE SRR L, FIFH R M40t 2 ELAIE A FARIRIEAT T RGBT R 75
AESPIETFRSFREES, FIA BP MEMK NG REME ML BKEHERN SN
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THAM AN SR, Bt CFD HHEBE T 4 MARZURETHRUERGEHEEE: &
ST ERHEMETIEY, BEMRMANBRRER U. ZRERSH o REE p ST
REEE, T T EUKERARENRYE C.
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2.1 CNN A %5H

BAK CNN BB HBAER. BHRE. LR, SEZEMMHEAR, RiEEERH
BEIAH, CNN THLSEZNMERENMLERBHA, HEFZI2EEE.

BAE E2HE e 2HRE LEEE HUE

1 CNN Ry RIZE

(1) WA E (Input Layer). ZEFERXNEHEGREEHTHAE, EFETER
BIE#TH M ESELE, D& 4B HIERETGE N ZR T RO TR
ABITLAE.

(2) BHE (Convolutional Layer). %= CNN HIECLARES, BidARRBR
AR B B R B AS [F4FAE -

BAMEME 2 FTUARERR R IR W, AR L RBIERH (Activation function) il
ATIHRERE, R TREERPRES, £ “BERNHETHE” i RmiREH
BB T —E. CNN ¥ KBS REH Sigmod. Tanh. Relu A Softplus 2K, 1M Relu
BT USSR R R E AR BEE R SIS HR L, WAEERRANEREREFEERY
WSHEE. FHit, Relu RERE BT RZVDHEERE.

(3) #fkZ (Pooling Layer)., ML EF B THHEMSE, EHABENSHNILE,
EBRTIKEEHBPIHE, ANREEMEAOEHEE. NEENSETRP@EETUIIAN
Dropout #1E, REEVLMERHE M4 PRI ETT, BbNSEEEINE.

(4) 2% #ZE (Fully-connected). £EEBETHENMEZuHBNN—ENFRAEMHEL
TEHATAERE, TEEARMNERRITA%E, TUBESEREREMLEDEFRIIK S
HRREER.

2.2 CNN Vgt i2

BERMEMEHINEIRSABINE: fTAEENER, WEENMIBEXRAREXSE
#: RERMEENER, 4RTRARSHNERSTRAHERN, BRENBBKAK
BER#ATHERNE. WEdEwAE 2 Frx.

ERTEMERT R, MANEREELE 2 EEHENERMmALE, KRIKFE
FMEEANSEERR, WBHEMEELY, BEEdHHESHIRRINER. JHCNNH
HHMERSTUREASFR, MHTRERAMEEITE. RUEREHHMERNRE, BHR
ZZREE, (tEHE—BERIRE, REHTREES, ZMRNEERMRET ISR
24 FO P (H SR 17 2 D 28 AL A
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EHWE

B2 CNN filZdRE

3 FEHOKEE ) RETRNRE

3.1 ZHKkBRS RS

EE 45K B NACA0015 =BT AT AR R, KA DEE U=8n/s . A a=7° -
LES MR A RREZHE 0=0.8. 1.1, 1.4 & 1.7 TR =ZHRENBTHESER, B2
TAKRRAEHZRE C,. ZUKBRHRERE U. ZHRERI N o« RBHREE p &,

XH CNN MMIASHERET UK BEETEER, BRI =ATUETRIING
RIERNGEEE, H—NBUETHEREANUNSERE. ZEEERHTEEEHKERR
67X51 mMELEE U, BESTHRERSB U o. EESEEL (THREFESKOEFL
B Up™ERBA, BUKERRE 37 MRBEARY C, /ENME, AERMBEMEHITH
. RHPRABEXFWE 3 Fiw.

, ]
i
i
t

B3 KRB 67x51 sk b i A

3.2 CNN &gt

HBIRME ML) SEEFERWE 4 Fin, PENZIEFH ReLU BE/EAEIEHR
B, HErEARN f(x)=max(0,x).

PRBHR —ANEALERE, ERBTRAUESEEZRIMRE16], RKBEE
B, ERMFSEERG. CNN IR SRR REUERIT T IRIRZ R RMSE.
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Bt TR RN — MEARMEA I, Rl Rk RE R ME LR,
BRRE TRV RIME AT, Hoh Adam HVERBEHUBERE FRESEMT RR, ©
BEEE T YIS AR M R

Input

4 CNN FHI SRR R
( “Conv’ZBHE: “ReLU”REIEREL; “Pooling”ZHLE; “Dense” B EEESE)
BB RHEXSBWE 1 Fix:
£1 CNN XS

Layer(type) Output Shape Parameters
conv2d_1(Conv2D) (65,49,16) 304
activation_1
max_pooling2d 1 (32,24,16)
conv2d_2(Conv2D) (30,22,32) 4640
activation_2
flatten 1 21120
dense_1 128 2703488
activation_3
dense 2 37 4773

4 R

4.1 FHEHRGIER TR REF
AT B TR RIABALZ X TR 2 RO, Ao 5N F—RZNKRYE C-U. BE
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C-U_a VAR5 [RET RN 2 AL B SRS C,-U' R C,-U o317 7 T, BRIRIYTRIR
EIE 2 Fi.

b, BfEAIZA=L, L RKBRIHERREEXKHERS, « REHER,

R 2 PRSERTUSRY, EFENERLENERLT, ZERBE TR B
LSRR BLT -

2 HEAALEN NG ROENS

CU C-U’ CrU.a C U a’
0.8 0.1857 0.1117 0.1541 0.1088
11 0.2028 0.1019 0.1287 0.1106
14 0.1502 0.1079 0.1427 0.1316
17 0.2417 0.2485 0.2661 02121

42 R C,-UMMER

MR C-UNTIIE ER S IR BETERBNAF IMARAZUE T KEZZHLE
WHEE UERINGEE, B35 1 MEUETRKBZZURIER U ERREEE, Al
ERMEMEN KBREE I RZH C, #HITHN.
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AR 4 HARBSUETRRE U BHHEER#TIE, B8R TKERRAENRY G,
FTRERESHETEE R, Wl 6 iR (K, E6 (a) BEEME 1.1, 14117
BERKBZEUWRERRERE UENIGEE, Z4hE 08 BAMKRZZHERER U E
ARSI, BB MEME R ITRUBEKRREENZRE C, WEAETNE RS CFD
BETESE R,

- 801 -



F=+—EEEKFHAHEFRTRRIE

s U-cavitation number=0.8 o U-cavitation number=1.1
~—— predict resuit —— predict result
e cfd result e cfdresult
2 time = 1.3500 2 time = 1.3500
g ‘é
g g
I g
£ 1 £ 1
3
o o
e °
2 0 L 0
g °
£ ® o000 o 5 2 oo [ ® e e e o0 o ° P
-1 5 -1 .
-2 v - -2 - r v -
00 02 04 06 08 10 0.0 02 0.4 06 08 10
x
(a) 6=0.8 il (b) o=1.1 Tyl
s U-cavitation number=1.4 2 U-cavitation number=1.7
—— predict result —— predict result
e cfdresult e cfdresuit
2 time = 13500 2 t 1
€ €
< ¥
g€ 1 g 1
] I} .
S 3
(5] S .
K ¢ 3
2 0 2 0
2 a
o v
= a
=1 =1
)
® e o ovcsece o ©
=3 r T y T r 2 r T 7 T e T
00 02 04 06 08 10 00 02 04 06 08 10
x

(c) o=1.4 T (d) o=1.7 T

K6 #A C,-U NSRS CFD 4R Xt

RIGHTARATAH TREIERUS R TRREM K. AERTURBH, % CNN K
MR EREE C-U MM AERARE, FAETHE 11 1.4 TRABERME R0
08 M 1.7 FRISMETRNEREER .

=3 FRZHETMNERRENET
0=0.8 o=1.1 o=1.4 o=1.7

GU 0.1117 0.1019 0.1079 0.2485

43 58 C,-U o AL R
MR C-U_a MIFRIEER S HRBEHEBINKT IMFARAZURTKRZZL
RAEE UMZRERD Y o ERNSGEIE, B 1 HZUBETHKRZZURRERE U
M RARS B ERBRSEE, BT EFHEMENKRREEN R C, #1T R,
g s, SHAEXNHFRIEZ (RMSE) BERKEMHZLHLZDE 7FR.

-802 -



B+ REEKIFAETTSRIE

)
-]
N

Step

B7 B C-U alZdfdh iRzl 2k

RNTETRE, B745H7T 50 KEHF A RMSE BHEL. MBFTTUES, 213
50 RTEH 5, KA 6=0.8 1 0=1.7 HATHRIRS, RMSE 2 TR 0.1 LLF, FHHLHHET
RERIES .

U_Vc-cavitation number=0.8 U_Vc-cavitation number=1.1
3 ~—— predict resuit 3 —— predict result
o cidresult o cfd result
time = 1 3500 time = 1.3500
¥ 2 ime w 2 e 0
7 [}
g g
% 1 % 1
8 S
¢ v
g % e g o
& ° . &
-1 11 oo o coeesses & s @
-2 T T T T —_— ~2 T ——
00 02 04 06 08 10 00 02 04 06 08 10
x
o= S sy
(a) 0=0.8 Tl (b) o=1.1 Tl
U_Vc-cavitation number=1.4 U_Vc-cavitation number=1.7
3 — predict resuit 3 — predict resuit
o cfdresult o cfd result
time = 1.35 3500
¢ 2 ime = 1.3500 g 2 time = 1
3 L]
£ £
B 2 I
8 S &
v v
5 5 S
a0 2 0
4 3
£ &
o -1
® o o ovcsece o o
-2 T T + T -2 —7— T T
00 02 04 06 08 10 00 02 04 06 08 10
x x
3 N
(¢) o=1.4 Tl (d) o=1.7 Tl

K8 MR C,-U a TSRS CFD 4Rt L
DHIX 4 ARZAB T U_a HESERET IS, B3 T KBREE /) RZHERE
AR EBUETHHLE RN, WA 8 fin. R4AHTARZUBTRETMALERRE
Xt BES R, % CNN KT EN R C-U_a MRS R R HBRTHRE C-U
WSRO BHTRRE, BUE 0=0.8 F o=1.7 THIHHRREER A

- 803 -



F=t—EEEKHHEFTRRE

¥ 4 FRISHBMMNERRERE
0=0.8 o=1.1 =14 c=1.7

GrUa 0.1088 0.1106 0.1316 0.2121

4.4 B C,-U p*RER

MR C-U p* MBS ER S B BET HARNE D 3 WARZUHTKESE
WRAEE U MEREESKERELE p*ERNSGEE, 55 1 MEURTHKREZL
BHEE UNZREES5KE EHE p*ERASEE, EdERHEMEN KRREES
RY C, #ATTH

Wit Ed, SR HRIRZE (RMSE) BEEFXEHZLHLNE 9 Fin.

13k -— 0.8
1201 —~—41

3 -~ 14
10 | =

ool

08 F
Rttt
= 06

o5kl

oef | \n,

L 0 e e
s 1 S Sl S S R e

o R S e e s P
[s]

Step

B9 A C,-U p*IZd BT RIREZRAL 2%

RTETHE, B9 AHT S0 RMEFANA RMSE FiiEn. NESRATLLESY, &t
50 XT3 5, KH 0=0.8 Ml o=1.7 #4THHURT, RMSE S T2 0.1 AR, FEHEFHRETF
FERIES .
x5 FRISHHMNSERREXLL
c=0.8 o=1.1 c=1.4 o=1.7

C-U p* 0.1085 0.1219 0.1110 0.2132

FHIXT 4 AR ZUETE U psit BE R TVI%, B2 T KBRREE N KRB
MUERSHETHHERME, WE 10 iR, RS SHTARSHUE THEUBRS RRE
Stte. HARALABH, &% CNN BT ENEEY C-U p*FAlERRIF: M THE
Cor-U ML R FIRRE, BB =08 Ml o=1.7 TRIHHTRREFERA.

-804 -



F=A—BEEKSHEFEZRIE

U_Rhol-cavitation number=0.8 U_Rhol-cavitation number=1.1
3 — predict resuit 3 - predict resuit
e cfd result e cfd result
me = 13500 me 3500
2 time = 1.3500 iz time = 1.35
L L1
g ¥
% 1 5
S S
v v
B Z
g ol 5 F 0 o
a L]
-~ O 2 ® o000 o = =
1 1 R
2 +— T T v v -2 T
00 02 04 08 o8 10 00 02 04 06 08 10
(a) 0=0.8 Tl (b) o=1.1 Titll
U_Rhol-cavitation number=1.4 U_Rhol-cavitation number=1.7
3 —— predict result 3 —— predict result
o cfdresult e cfdresult
time = 1 3500 ime = 1.3500
z 2 ime 3500 w 2 i 0
o
9
1 % 2
S °
g e ° 4
O
2 o ® o 0 0 o ° L] 0 e
]
[
-1 1 .
* o *
® o © coccsee o o
-2 — + -2 . - — ]
00 02 04 06 08 10 00 02 04 06 08 10
x

(¢) o=1.4 Tl (d) o=1.7 Tl
B 10 % C,-U p*Tiilll 4 5 CFD 45 Rt b

5 i

ETHERMENGRE T —MEBAERRIKESURGNTE, T SHKEER
HEASHFREBERE, FHEATNE RS CFD SUEERE Rt iT T, BRT
T4

(1) ZBRMEMEX 3 MEEHRNEREERROERE, B3 BN T2UH
0.8+ 1.1 # 1.4 TME R AR IRZF LB 1.7 B/,

(2) HH C-UXNZHE 1.1 M 1.4 THRULE R TR RELZAE 0.8 F1 1.7 B
/N, BRI C,rU a F1 Cp-U_p*3 4051 1.1 71 1.4 THRME ROB T RIREMBR THRE C,-U
RHEA BT K, T T8 0.8 A 1.7 W R RIREH B/

(3) A MM Z BN T, ZEFMWAEMEE 4 FAFE ST 3 FEE
WG RBIITIRIREZRA RN, B\ T X ZURGIRN RERE.

- 805 -



FEA—EEEKSIEFSRIE

&5 3k

1 Carlos Michelén Strofer, Wu Jin-long, Heng Xiao, Eric Paterson. Data-Driven, Physics-Based Feature
Extraction from Fluid Flow Fields using Convolutional Neural Networks,2019,25(3):625-650

2 Ye Shu-ran, Wang Yi-wei, Zhang Zhen, Huang Chen-guang. Transfer Learning for Modeling Pressure
Coefficient Around Cylinder Using CNN(2019)

3 Jin Xiao-wei, Cheng Peng, Chen Wen-li, Li Hui. Prediction model of velocity field around circular cylinder
over various reynolds numbers by fusion convolutional neural networks based on pressure on the cylinder{J].
Physics of Fluids, 2018,30(4), 047105

4 Huang J H, Su H L, Zhao X H. Aerodynamic coefficient prediction of airfoil using BP neural network[J].
Advances in Aeronautical Science and Engineering, 2010,1(1):36-39

5 Wallach R, Mattos B S, Girardi R M, et al. Aerodynamic coefficient prediction of transport aircraft using
neural network[C]//44th AIAA Aerospace Sciences Meeting and Exhibit, Reno:AIAA, 2006:658-675

6 Santos M C, Mattos B S, Girardi R M. Aerodynamic coefficient prediction of airfoils using neural
networks[C]//46th ATAA Aerospace Sciences Meeting and Exhibit, Reno:ATAA, 2008:887-902

7 R, B, & BETREFINRISEHRBFRI). B3 H1FFER,2018,36(2):294-299
FEER, KES, HER E2THEMSERKIEFERIEAFRTENMEFER, 2010, 31(7):
1379-1388

9 Zhang W et al. Efficient Method for Limit Cycle Flutter Analysis by Nonlinear Aerodynamic
Reduced-Order Models[J]. AIAA Journal. 2012, 50:1019-1028

10 Lindhorst K, Haupt M C, Horst P. Efficient surrogate modelling of nonlinear aerodynamics in
aerostructural coupling schemes[J]. AIAA Journal, 2014, 52(9): 1952-1966

11 MTY, ISHII M, TSOUKALAS L H. Vertical two-phase flow identification using advanced instrumentation and
neural networks[J]. Nuclear Engineering and Design, 1998,184(2):409-420

12 MI Y, ISHII M, TSOUKALAS L H. Flow regime identification methodology with neural networks and
two-phase flow models[J]. Nuclear Engineering and Design, 2001,204(1):87-100

13 75Kk&E, TAKE, BRAM. BT EPABRBEERSHBKEERZLSEKRID]. K5
,2012,31(18):93-96

14 DE GIORGI M G, BELLO D, FICARELLA A. An artificial neural networks gpproach to investigate cavitating
flow regime at different temperatures{J]. Measurement,2014,47:971-981

15 HER, EE, HE, ¥ ETREZINELETARBRAI]. ARXBEREZER,
2017(11):165-172

16 Zhang Zhen, Song Xu-dong, Ye Shu-ran, Wang Yi-wei, et al. Application of deep learning method to reynolds
stress models of channel flow based on reduced-order modeling of dns data. Journal of Hydrodynamics(11)

- 806 -



=T mEEKHHERTEIRE

Pressure prediction of cavitating hydrofoil surface based on

convolution neural network

WANG Chang, YE Shu-ran, ZHANG Zhen, WANG Yi-wei

(Key laboratory for Mechanics in Fluid Solid Coupling System, Institute of Mechanics, Chinese Academy of
Sciences, Beijing 100190, China
E-mail: wange7631@163.com; wangyw@imech.ac.cn Tel: 15901175699)

Abstract: With the rapid development of artificial intelligence technologies such as neural
network, the data-driven machine learning methods have been successfully applied in exploring
the flow field identification, extraction, and reduced-order in complex hydrodynamic problems.
Cavitation is a common- hydrodynamic phenomenon that occurs in the field of hydraulic
machinery and other fields. As the core problem of high-speed hydrodynamics, cloud-like
cavitation flow has strong unsteady characteristics. Therefore, the data-driven identification
method of unsteady multiphase flow fields is of great significance to hydraulic machinery and
other fields. This paper aims to study a method for predicting the surface pressure of cavitation
airfoil based on convolutional neural network. This data-driven method constructs a complete
model of the hydrofoil surface pressure distribution by extracting the flowing features such as
hydrofoil wake velocity and vacuole volume fraction in unsteady cloud cavitation flow field.
Firstly, the cloud cavitation flow field of two-dimensional NACAQ015 hydrofoil is numerically
analyzed, and the data information of airfoil velocity field and pressure field under four different
cavitation numbers are obtained. Then, a convolution neural network (CNN) prediction model is
established, and the surface pressure coefficient Cp of cavitation hydrofoil are predicted by
extracting and classifying the hydrofoil wake velocity U, vacuole volume fraction o and vacuole
density p under different cavitation numbers. Finally, the comparative analysis of the CNN
prediction results and CFD calculation results shows that the prediction method of the
convolutional neural network has high accuracy for the identification of unsteady multiphase
flow fields.

Key words: Machine learning; Convolutional Neural Network; Hydrofoil; Unsteady; Flow
field identification
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