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Identification of turbulence eddy viscosity coefficient in supersonic
isolation section based on deep neural network
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Abstract: The Reynolds-averaged Navier-Stokes (RANS) equation is still widely used in
engineering design due to its low computational cost. In order to further improve the calculation accuracy
and reduce the time, a deep neural network (deep neural networks, DNN) method was applied to
adaptively identify the steady-state turbulent eddy viscosity coefficient. Taking the detection flow field
generated at the front edge of the shock train in the isolation section as an example, the Wilcox-2006 k-w
turbulence model was used for simulation. A steady-state turbulent eddy-viscous flow field was generated
as a training dataset for model learning under different back pressure conditions. Finally, tests were carried
out under different back pressure conditions. The results showed that the proposed DNN method can
quickly predict the value of the turbulent eddy viscosity coefficient. The coefficient of determination was

greater than 99%, and the predicted flow field results were basically consistent with the real flow field,
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which further verified the feasibility of deep learning technology in turbulence model parameter

identification.

Keywords: turbulence model; deep neural network; eddy viscosity coefficient;

parameter identification; flow field prediction

s & S AL 25 B TR be 5 Ak <l = [,
R H IR AR AR T A R PR RS B A A B
AT ., FL L PR A2 % 1 i A I B R I OC &R B
R ol R 2 S ILE S )R B R PR R e = 1 A e
FEPECS, FEm T AT, P RRRs Bk A 4 i
S, BRSEGE AR S, I, B X R R B
PN A2 % 1 i A 3k 8, A AR PR SORS o b 53N A3
Mrimm BEAEEE L, BT, HEEEAI (direct
numerical simulation, DNS) 5 J< #% £ #1 "(large
eddy simulation, LES ) %5 =5 4% B B AE 2 AT5 SR ME L)
T e SE b T R2 [R) 8, H5 34 7% Navier-Stokes
(RANS) 75 B AT SR J& S sh it b e i AR (A
PP SRMAE R %0 i s 4, RANS 7
FEICE 4 th AT & TR R ZOR 8 1Y, X T
RANS F R IHEIRZE, MPRE NN FEERA T
W T R AR 22, JT AR T R AR R R R
PEASE 2 BB 4 X0 T U 0 D A T AR Y L A
A, H K BEHR B BB AE A [R1 2 B 5 2% i 3l A 1
T, SRR 1 RN YT 48 AR 1) T 9 T SR AR
A, FESK M RANS J7 B f vh, 2248 [R] 14 T it 452
BUR, SRR A RECRIS AR . Stefano 551
X RANS A5 5. A 0 DU i it 455 280 114 P31 - 3R 280
HEAT T ANH 2 1 A0 R AR o3 B, JFR 0 T
AR s & ShAIL R IR 25 U 20 JLART 1 5 L 021

Wit ML 27 > BOR AR B 3l 7 2 A W &
JRU R 5 3 3 A A v R T RS AT R ok A A
FRIAAY, DT 4 & 1153 K 30 ) % (CFD) 1154
W ARS B o 2012 4F, Yarlanki 261 {fi AL 2% 2%
> SR o i e S R P AR R B T4, 153 T
Foc A i R AR R, 5 P A R AR v R 2 R A
e, iR 22 0 B /> . 2015 4F, Zhang U BFSY T
BILASR 27 > B A DA g P AR AL R S 50 5 v 2 BBy
235 [B) o3 A i DD REIE X, P 45 SR = T LA
= AR R SR i i A T LA T . 2018 4F,
Kaandorp 5! #2 it 1 5K & JE R AL AR Ak (TBRF ) >k
TOUI E v N T 45 ) SRR R 7R R T T
A BN G0 T YA 1] R v R, RS A3 P2
A, HT DNS/LES 2%%dli. 2019 4F, Saakaar
GUR T — R 5 T B M 2 45 (CNN) /9 3

Gy e S AR AR . K F CNIN ke Fi il 78 S 7] UL )
TN N REES AR 1. %R LA A 3l
o FEACRRAE, DA s/ 0 ) W B A A b A 1
7 3 RN R ) 37 85 G R B, AL AR i
VEZA G S Y T . 2019 4, Zhu 5500 B 42
L) Spalart-Allmaras J5 FEE AR A IR EE MR B AR,
HENT N T AR 2% AR IR A, P T
THERCER, BRAR T 0T A% 25 B2 A AR . 2021 4,
Panda % OV F| AL 45 %% > (ML) 3L M T ML
BIRY, Xt 22 CFD J7 etk A7 172K, B0l 1 e
()5 FR AR (ABR) LT . SEgm g SRR, VI
YR J5 1) ML A RL a] DU 000 i 37, by 55 s T A
PR T — P R E R A SOAESE . 2021 4F,
Shuvayan %521 & X S 38 17 5 09 B0 1) 81, T
T AAIE IE 42 53 fi# (proper orthogonal decomposition,
POD) B Fir5i AU 1) 22 J2 R AILAC SR R 52, i)
WD T HLAR S > TE T PO o R b 28 o iU
JFE BT E] . 2022 4F, Sun Z¢ P2 TR BE #2451 2% (1)
15 T A ORS8RI AR AU EE Spalart-Allmaras
Tt AR . FEAS A R A5 AL AR L E bk,
W EEAY) T, %07 vk B AR R i e .
MLER2= 2T F Fim i A A, otk CFD RS B alnk B 1Y
O TAERAR 2, FE B2 JUAR, R a2 3 X
TR TR K oTik™>,

AN, W IR T Tl R 27 42 v T BA 2 2 9T g
TR R vl R & S AL B B A A TR, AR
R AR R B 2 2] o FH B A AR 7 2, R )R e
R SO R A, AU TR . N Li
SRR R IMLAR 2 > AT T s s . S A 5 )
DA R = Bl i sl il 78 SE 8 5 05 = b S0
T AR 2 DA R T AR G AR 7 27 7 T Y
[R]85 Kong %2527 F| VR BE 2% 2 Jy bk db AT 1 MR
o & ShHLRR B Bt S T, Bk 1R TR O vk
R A T A5 R  TH SRR ) 2 A5 R RAF,
I A B A T R .

25 b, A SCEXT Wileox-2006 k-wiift it 15 5 IF
Ji& 7 T TR A 22 N 2% (DNIN) 19 8 7 3 ol 2 B
T VL 18 B VE R EOIHR M BFSE TAE . il pldssy ]



314 o= 3

VAN S 1

38 %

B, ST T U IR 260 P AR B A R B e 5 Y
26 ARFAS TR, AR SR AR it AL % 28 2R 0 T T A
A5 i — S RANS J7 176 CFD #44:h f
TRAERE . AR SCAY 35 B TR 2 B R U 43

1) DA R B B i 0 e A7 B 4G 000 14 9 3 A Bk
], 1 F Wilcox-2006 k-cwiiit i A5 B 147 B4R . A
P A AR R, 7 A e TR A 1) i O 108 8 4 S A«

2) JFRE T T DNN 1 i s 2 1 R 4 B
BRI, B G T AR 5 H AR sk 5= 7]
MR C R .

3) X DNN 9 i 9 103 2 1 2R A s 78 315
S5 SN B IEIEAT T4 EE AT, I X6 5 w4 ¢ B
BETRUR FE (9 IR JEAT T 0F9E .

4) XA R Y B 20 45 S FN B Sl b AT

T e o4, 91 IE R T DNN 7 CFD 8
AR i DA A TR R A T B AR B T AT

1 HIE&SE/EL (CFD)

1.1 MEER R T EIE

ARSCR P E 2SS i S kb A E
FE % B9 RO A7 500k AHL3D JF J 5 #5410,
A AT DI e = e @ W a AR E R L 58
SRS A AR A I B A, B T AR R T
JZBUE . AR SCHFFE Y 4% SR i A (R f# RANS
BT FE AT LASRAS o LA JRUE Tl K7 i L 3%
FORBR b & S ARG B B R AT 4, SC e B
mE 15, Bd TI~T10 £t G, %905
5 TR 43 7T 275 3R [28].

Settling section Nozzle Test section
Storage t—r < > < >
tank i .
i Stagnation Static pressure 20 mm 20 mm Stepper
pressure transducer 4 mm: / i « 95 mm p. motor
transducer a T T2 T3 Tio -9-
e NG T W A S
' T - - ) A K Flap
: — i E&Glass windows |}
/ ﬁ‘/J T T 1.1 T o
Preumatic e j ‘Tll T12 T13 T20 e« p 140 MM
control valve Wedge o) x—‘ K Backpressure
30 mm transducer
14° (20°)
1 T R i R S SE R
Fig. 1 Ground direct connect scramjet test bench
o e . . 162.120 — 3401x201
% BB = AR BUE AT SRR B R, AR SRk ~--- 401101
N 5 T e g o . P 141.855 | ----240%101
(EAAPUR ] 4R, . O T PR UEBRHR 3R AR 2 s
TE BB AR UL o A TR AT I A% TC M 23 B, AR 3C £ 121590
AT ZFORTR 3 BRI IS (3 401201, 401x101 2 101325}
F1240x101), AR [F] R A% T Wilcox-2006 k-wii i 15 £ si0e0f
PRI B PR3 535 0 2 B T 1L LY ool
& 53 BE2E 401101 AJ L) yfE B A5 400 BE 1A s 7,
. . N 40.530
IRy TV AR R R, B 401101 (1 0 A% A

R IE SL TR BT

QniE 3 B, R RS R AL A £ 24K 40 000
ANFRIT, KO 340 mm, =24 30 mm, BEE S — 2 M
% JEBE 24 0.001 mm, 3 [] [8] B 4 1 mm. fifi A
BEAERR B8 B A 15 S R, ARV B AT IN

KRS S BB BN & ShHLA O 54k
N 2.72, SRSy T K 28.96, IR N 1.4, TN
50 604.77 Pa, il N 123.0 K, 557 IR 2 4 300 K,
VB B R R N 3.0 mm. TR A E R

0 0.05 0.10 0.15 020 0.25 0.30
X

2 PR TE I
Fig. 2 Grid independence analysis

B3 RARAR
Fig. 3 Grid model



523

P E A R T A% R Pl 22 190 4% F) 7 e g B i W T 1 R R IR 315

Navier-Stokes 5 &, TG % it 701 25 #k H MUSCL
(monotone upstream-centred schemes for conserva-
tion laws) +fAUSMPW+ (advective upwind splitting
method by pressure-based weight functions) J5 &, i
TAL RSN Wilcox-2006 k- AL, 3 A 8% 6 i
G B R Hrh— SR IE 4 R

BT |

Mach number 0.5 10 1.5 20 25 3.0

!!___.___

0 0.05 0.10 0.15 0.20 0.25 0.30
K /m

7 ) Aq N
0 0.05 0.10 0.15 0.20 0.25 0.30
KE/m

Kl 4 B noh BEGEIE

Fig. 4 Position schlieren diagram of shock train

1.2 Wilcox-2006 k-1 B
i Wilcox 2 H 09 5L A & SRR A= an T .

0 Cpk) N 0 Couk) ou,

o1 ox, oy, P (D
] pk\ 0k
B_x[(” Wk?)a_x_/]
0 Cpw) 0 (pujw) = y—wTi,j% - Bpw’+
ot 0x; k7 0x; 2)
poy 0k dw

+

0 pk\ dw
e tih et
Horpr ¢ RORIFE], pRoR % BE, kKR i L BN RE, i
u RN x . x T R B, y ROR LR, 1, 3R
IR RN 1K B i, B o R i i A A S
B, RN B i it S BB AR, w3k oy 1B 1%k
BE, B 0o oo FEEFEHUR T RS R A

AR 7 R AR IR R B R B T PR &R A
Cim MR T8 Bk, (B EAT53 IE R T4 A
AU BT YT JZ 3l | 953 25 Ik 3 0] AU B 1) 1 )
B ) 1 %ok B 2 A v . Wiileox A28 3P E ST
T REEE el

w 0x; 0x;

utzﬂ( (3)

w

X B AT/ AHL3D v 9 5 R A AL kA 7
e, ARAF k-2 3P B9 10 U 286 E AR R TE 5
N T AR PR — ZONA R, MRAE(2) FI(3)

] DA B (9 i U Bl REAE B wowieor W T -

w
ilcox — T~ (4)
Wil C,

Hirc, WA H %

B MRAL (D) A (2) o] AR AE
AHL3D Hffi 4 il O A ik =Cn F, 1R
e LAZ 2 SR [12]:

5 0 (i) i (B
0 (pk) AV =ﬂ,j%_(ﬂ_)pa)k+
ot 0x; _];E)xék Cu (5)
P
ol e
0p@) ) _yo_ B (B
or o, & on \G, e
~ 50.C A 0
— (,U+0'wC ka)ﬁ_w 4+ P L
0x; 0x; @ 0x; Ox
(6)

Hrprer RoRF 36, “~ TR A RO T A
1.3 FRENEHE & i b 22

AR SCHE U He A S Az BUMLAS 27 >0 U1 2Rl i
GRS 8 433 0.22, 023, 0.24, 0.25,
0.26. 0.27. 0.28. 0.29. 0.30 MPa FiI 0.31 MPa It
10 AR HF FE AT BUE R AU SR ORI, LA Bl 25 B
) T8 It R 7 RS I ) O 4 4B o B, FE AHL3D
A AR A 3 R &, R Wilcox-2006
k-t A TR 7 AR AR IR A A IR B M SO, Sl A
fIE FUAh 3 X LA {5 B SR pI iR R R . LA
U A5 A RN RGUES T 3L 108 280 1 10 3 A << B A B s
(I8 ARAE VN LR B . 72515 R4 F 3k B
T 14 %A1 s, 3k 405010 B . B
UNSEVEA S TP Il

T., Po> ks Warns Ma, T, p, p,u (x) N
v(x),wx),x(x),y(x),z(x) - v (x)

ARICEHFp. poulx), vx), x(), y(oORA
ZHAE Fv, COBIFRIEBFR 25, B9 35 5 A~ o5
WL RS SR T WA A5 Y A
FKF 5 ) 19 B 45 5 | 37 vh A AU I A Al
FrfESN DNN 5 ASE . v QONAE B R HEAY I
A it U A A5E TR v ) 30 6 1 R L, D DNIN Y
fnth o BARRECEBS C RN (8), %S HMY)
HEXANHWE IR,

0,0,u(x),v(x),x(x),y(x) - v (x) (8)

T DNN I 2R A HCSI0H L, Y 2Rl 2 1
i ARl 3 WA O BIEA 0L T5 2208 1 IYEK



316 o= 3

VAN S 1

38 %

i, H—AL AL BN KR

_ (JTl l’lmean ( 9 )
Tsd

Horp e Zm 1 — AL 5 BB, xon e 7R I BR X3,
Hinean 22 7N S0 805 it 5000 B IR, o RN DA
a3 i R BB v 22

®1 SHHMEEX

Table 1 Physical meaning of parameters

S YRR X
T SR
Pt BE
p Petiokid s
Keurb T AT )
x (), y(x), z(x) TR A A bR
Ma gl
t T
P ST
Ve (x) BEEREL
Wiurh T AR w 1)
u(x),v(x), wx) TR R Ay B
Ciim il e
K RITHE

2 DNN FiEN4E

DNN [& H 455 19 AF 2 4 4005 58 7 i A2 21T
{Z KiF . DNN i =#B7 4ll: fAJZ | Oz A
)R o A JE A R R 2 oc o ok T
i AR H RO RN, RSO i 22 T2 A 22 TR
TSI AR Lk UL R Ty, FRURZ B2 A 200
JE IR AEAT TS R BRI SRR R R I0HY
B B e B EAEAR KR S B DR T e
R0 265 (9 1, A 3 T U 2= ORI B e 2
TCHIAN RO B R o AH 2 AT AT — ol s
925 FCHE A T8 5 190 5 vl 22 o0 9 A ORI 3K
RO RMEE M H I 2R LR,

FI AT, DNN A9 I ZRad 72 0l 53 o = A2 3% IE
6] A48 . B 2k eR BT SR S i) R A IE Jh) %
AL A JE R A5 A B LR O A
1 B e 2 Hh 22

Y = f (WY b (10)

Forbw by i R 5 m 2 I 45 T I 2 A 2R R e

Fow ', Yo 55 m J2 90 28 1 i 266 P 2R 0

PR m 2 S R, BOI AR H PR AR
EOEEADIW A NG |55

T4 2, P T ] A% 5 AR A5 04 5000 i L (B
yored 5 S R i H I et 22 i) 19 15 25 SF A a5 0 45
Ao 1R ZE (B T4 2k B 4L (loss function), — H.
THE A0 2 PR, & W B S T AR 4, A T4 2K bR
B R RS AT AR R 2% . 7E H T
B TAEH, oA R Bk sRBOR 7 YRR 22, 1
FESLUNTR

L= l pred aclual
- 2 Vi Vi
i=1

Z((s) (D

Hodr ok BOHE AN B, Y0 R AR A T Ay R, e
RIS SEPRE HA, 6, =y -yl Rz ) {5 4 it
Fih, A AR 2E TR T

oL

m _ mo 12
Wt W[—l naW;ﬁl ( )
oL
[ (13
t =1 Tlab;,il )
Hor Wl s m JZ ¢ W20 B, by R 5 m )2 ¢ i)

ZI (4w 25, n>h DNN [ 2% 2] 28, JI48 2R AR {8 (1)
A, OL/ OW 6 JE (gradient) , “—*5 3% 7/n AL HE 1Y)
T ) 2 w9 2 RO/ IN B T
FEX I T AR, ffi F Pytorch 4E 4261 22 DNN
BEAY & HE 0 I 2 g A2 B0 E0k 6 4,
T BB Tanh; B 2 8 200N B0 1A, A
PTG PR BROEUZ N BOR 64, BEJZ 40 P4 oT
{8 FH Tanh 476 R 2K, LS SR A9 28 AN IR S T o
K Adam AL ZFHEATIIZR, 22 2] 2% &l 0.001,
FE VN RIS 1 R 2 2] e R, 3l 1 2 i A5 4% 5
TR AR RN 22 PO 1L, AR el B/ IME

iy
"

5 DNN it gtk R HOH R 4
Fig. 5 DNN turbulent eddy viscosity coefficient

identification network



523

P E A R T A% R Pl 22 190 4% F) 7 e g B i W T 1 R R IR 317

3 GRS

31 8N BET 406 AMNMHEANHRBRFER
BIHAXWEE RO
1E 8 AR (0.23, 0.24, 0.25, 0.26, 0.27,
0.28. 0.30 MPa £ 0.31 MPa) F, 3£ 324 008 MEEA,
HRAE 8 A5 FEBE ML HR 406 2H H4is FH T U1 2k 58 B
J& BT K, 32 400 41 K0HE FH I Zhad A iy
D E5 40 , 0 A %08 T DNN I 25, Yl Zhad 72
H R T R I E 6 I .
0.14

0.12 | - Train loss
o010l — Test loss

0.08
0.06
0.04
0.02 v! L
0 L 1 1 1 1 1 1 1 1 1 )
0 100 200 300 400 500 600 700 800 900 1000
Epoch

Loss

16 DNN YL TRz

Fig. 6 DNN training loss decline curve

Kl 6 /R T DNN pysid 2, Rk sk 2y
300 B, DL A - OC R AT R I 28K
b o UNZRREA I P 2% 5 I 3CRE AR 1 4 2R S5 A1 433l
KFT 5.48682x107, 7.541 69x107%; [&] 6 (1 41 2
R 2R, U i B DNN AR B ASE AR AS Wy
BT B AL, B S5 57 A DNN AR B A5 A AT L)
PRAEAE — 2 158 22 SO T8 ] PN Xt 7 06 28 1k R i
AT

A5 T I BCHE 4 G 406 4 B0 A I 2R 4 1)
DNN H B A7 F . 0 4 SRk FH T O YRR iR 2%
Eoes W HR R BORY, LS 45 B 5 T 25 SR X6 Lb 8T
LI L TN 24 R 2 T i A R U
2 RIFH T RIA

406
Em=1l— > =y™H7=0.0009 (14)
4406; Y

R R B

406

T 2
D G
=1

R=1-=
- 406

Z ()’i—y)z
i=1

=0.998 15

Horhy y 350 R8s, A~ ELIAE, Y0 Y551k
Si. N TNE, v IME

ELT 5 W S 4 S L e AR
PRI LA S 0 s 22 PR Gn Pl 7 BT s, HE rP R A b s A
T i BB L S5 i dak 39 26 Pk B BT HE R A E
K 7(b) T EHZ RS H L

XTI 406 2H B PE, O B R 258
0.000 9, 1] H 2 M 0.998, i i 1w i Pk 28 A T
1B 5 B 22 1) i A8 s 3l o Bk, T {1 e
]I i e B T IR B A . R WA 406 4 A A 1)
TOUIN A BE A o LT By LS5 R S 45 R %
F P | R R LA R T A 2% Rl L R B T 1
W . BT, T A AR RS A
DNN fE7E I A& — 2 0 FE 1 45400 T XTI B P R 2
AT

0.10

- Predict
0.08 } Real 7;‘"'
) 0.06 ;j
= 004} ;’
0.02 ~<"{
ot ._...4-—)"(*“"
0 50 100 150 200 250 300 350 400
Point
(a) BLILMH 5 WUMELS X
Vel
0.08 o
e
_ 0.06 -
~ o
- P
Q P
< 0.04 d
L
-9 =
0.02 o
ol
0 0.02 0.04 0.06 0.08

Real v,
(b) FLSAHS TR =2 [ ) i B R

0.010 ¢

0.005

v, error
o
H

—0.005

-0.010 b . . . . . . . .
0 50 100 150 200 250 300 350 400
Point

(c) B 5 FLICAEARXT 1R 2%

K7 8 NFIE T 406 ZLTINEAS BN s SR 747
Fig. 7 Analysis of prediction results of 406 groups of prediction

samples under 8 different pressures



318 o= 3

3.2 —ANEE AT B iR R R R EER
XWEERIT

ANAE 3.9 FE Ak, A A DNN 43 51 %
0.23 MPa F1 0.28 MPa ¥ & T 1% £ 4f 28 47 19 0 43
Bro HEHLT 8 AN E(0.23, 0.24, 0.25, 0.26,
0.27. 0.28. 0.30 MPa #1 0.31 MPa), 3£ 324 008 />
FEAS o At 7 4> B S IR A AR (L
90% K ZL 5 A A DNN B Il 2R FE A, 10% 11 5035
AR Gyt B (R AR ) ¢

0.23 MPa T B /E S M4, S50 45 51 1Y
Jr ¥R IR 2R 0.001 5, AT H R ECH 0.995 4, ) X
SERNE 8 frn . U Y — 4k 3 = B 5 B Sy,
B 4 = B E 9 FiE 10 . B9 x,
y 8 B 2 T T AA) S 7 ) 0 A A AR s T 10 H
v o3 SR R T AR ] Gl EE L OULEE R R
IR IO 8 U 3 3 3 A R R, G S A [ e 3
JE 53 A R b 1 R ECHIOIRG R 5 A 3 R
J& SRR SRR 1 L — 3

0.10

Predict
0.08 } — Real

0.06 +

= 0.04}
0.02 + P
i
0 Ct 4.‘:,.".;,&"

0 10000 20000 30000 40000
Point

(a) FLSAH S HMESS AT L

0.08 |
0.06 |

0.04 |

Predict v,

0.02 |

0 0.02 0.04 0.06 0.08
Real v,
(b) FLIE S TR 15 F) fi o AR

0.025
0.020
0.015
0.010
0.005

v, error
(=}

—0.005

—0.010
—0.015
—0.020
—0.025

20000 30000 40000

Point

(c) B S FUILAAMIXT B 22

0 10000

VAR R ' 38 %
2100 mm Predict
1800 [l Real
1500
>
Z 1200 |
=
2 900t
600 |
300
0 - =
0 0.02 0.04 0.06 0.08

vt
(d) ELEAH S BONE AR GE T2 B (3 241/ T 1065)
&8 —NE R A BUAEAS T 45 R 5347 (0.23 MPa)
Fig. 8 Analysis of prediction results with a back pressure of

predicted sample (0.23 MPa)

|| S .
v, 0 0.010.02 0.03 0.04 0.05 0.06 0.07 0.08

0.03 - —
N 0.02 E
08 P ——
0 = —

0 0.1 0.2 0.3

() BEAAR 5 . yEI S 2 ]

| S .
v, 0 0.010.02 0.03 0.04 0.05 0.06 0.07 0.08

0.03 = —
0.01 g %
o B

0 0.1 0.2 0.3
X
(b) BEARAR I3 . y RTINS = [
| | T
veerror 0.002 0008 0014 0020  0.026
0.03
0.02
-~

0 0 0.1 0.2 0.3

x
(o) MR ARFRG 0 Ax . A SR 5T 1
AR IR 2E =
9 FTIMES R 5347 (0.23 MPa)
Fig. 9 Analysis of prediction results of downstream

flow field (0.23 MPa)

LI [ | | [
v, 0.005 0.015 0.025 0.035 0.045 0.055 0.065 0.075 0.085

150

100

50

~ 0

=50

-100
—-150 )
-100 0

100 200 300 400 500 600
u

(a) R ARBRT 5 A . vIVE S = &



5523 T ek A 5T IR o 2 I 4% 4 kol S B i O 109 2 1k R RO 319
T | | | [ a 0.08}
v, 0.005 0.015 0.025 0.035 0.045 0.055 0.065 0.075 0.085 0.06
150 =T
100 5 0.04
50 &
- o 0.02}
=50 ol J
—100 0 002 004 006 0.08
—-150 Real v,
. . . . . . : o o e s
-100 0 100 200 300 400 500 600 (b) E;&ﬁ%ﬁi{ﬂﬂﬁzllﬂﬂ’ﬂﬁﬁﬁﬁ
y 0.025
(b) BEARARAI ] e, VST 25 ‘
0.015
[ | | | . .
verror 0.002 0.006 0.010 0014 0018 0022 0.026 g 0005¢
150 = -0.005
100
50 -0.015 il
~ 0 —0.025 i ..:! . i ]
_ 0 10000 20000 30000 40000
50 .
100 Point
150 (c) THOME S BB AR X 1522
-100 0 100 200 300 400 500 600 2100
u 1800 L = Predict
WY YANA B GBS0 17 S TN 17 — Real
(c) BEGNARAR A A . v ELSL T 5 BO R A 1 1500 |
AR R A 2 1200
- . 5 900}
K10 A BINE R 2047(0.23 MPa) S ool
Fig. 10 Analysis of velocity field prediction 300
0 b
results (0.23 MPa) 0 002 004 0.06 008

0.28 MPa T YR/ R 4R, S50 45 2R 1Yy
Jr ¥R IR 2R 0.002 1, AT H R ECH 0.993 8, il ik
SERNE 11 s, BU Y 4k = B S B,
B 4 = B E 12 FE 13 fos .

X2 2 G PEAL an el 8(a) ATANEL 11(a) iF
TN FEIX SR R R B A TONE S B S (E )
G B, R TR WA BN o TR 3 B
11(d) /Y B 52w 10 A 256 285 B2 19 5 K {H EE T 8(d)
AN 2, DT R B BN i LA R . &t A dT,
XA RESEXT 0.28 MPa R Il 2R B SE v AT 12
P SRAE o [R) B, 00 ASE 78 0 B S AR TR 4 M 23 AT
A s R — 80k . T E], DNN R
MR Ty R

0100 Predict
0.08+ — Real
0.06
= 0.04}
0.02 +
0 fms
0 10600 20600 30600 40600

Point

(a) FLILA 5 BB A5 RS b

v(
(d) ELSHAH S B 4> A Ge 286 BE G BE 4R /N T 106%)

11— T BN ) 25 2R 7347 (0.28 MPa)
Fig. 11  Analysis of prediction results with a back pressure of

predicted sample (0.28 MPa)

P2 AR E 9 FE 12 i = KT LR
i, DNN 30l /9 3 3 = U LT 5 B S 3 o K —
B, 2E FEEPED R EL ., KB 10 FE 13
= RS R ae s b EiRgsie, (2 u, v 51
ZRNEHHBM KR,

4 0.05 0.06 0.07 0.08

v,
0.03 s 0 0.01 0.02 0.03 0.0

0.02
0.01

() BEAEARI 51 0, y I LS = ]

v, 0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08
0.03 s
0.02 L
0.01

(b) BEINARAR I, y RT3 2= 14



320 o= 3 % %38 4%

LR m 17 DNN Il 25 (90% (19 %5 48 45 R Ul 2Bk 48, 10% 1Y
ot TN R B i i), 2 30 55 A AN 1
J£(0.22 MPa, fE I ZREEHP; 0.29 MPa, 7511 454
PR N A BSR4 T T

0.22 MPa T IR 1 g AR, S 56 25 R 1Y

(0) BEDNARKRAN 3 o . i ELSE 4 55 U T 1 J7 YRR 2270 0.001 4, AT Pk R ECh 0.995 6, Fil i
MxFiRZERE . § s .
N 14 Fros, BB 4805 = B S B S,
B 12 S HSS 57 (0.28 MPa) B 4 = B E 15 FE 16 frs .
Fig. 12 Analysis of prediction results of downstream 0.10 r
’ - Predict
flow field (0.28 MPa) 0.08 — Real
0.06
[ D i -
Vi 0.005 0.025 0.045 0.065 0.085 0.04r
0.02}
0 o
0 10000 20000 30000 40000

Point

(2) HIHH S HIEEE AR L

0 200 400 600
u
() BRSNS 0 e v ELSCE 5 2

T T 7
Ve 0.005 0.025 0.045 0.065 0.085

o

S

&
T

g

=3

=
.

Predict v,
<)
o
g

g

ISy

2
.

(=]
T

6 0.62 0.‘04 O.‘O6 0.‘08 ‘
Real v,
(b) ELIE ST 15 ) i o AR

0 200 400 600 0.035¢
B u A B 0.025
(b) BRI AARI S hue, VTN T 25 ] 0.015 -
mE T ™ g 0005y i
veerror 0.002 0.010 0.018 0.026 +-0.005
200 ~0.015}
150
100 —0.025 _
. 50 0,035 . . . S
0 10000 20000 30000 40000
0 Point
_1(5)8 () T i 15 BLIE MR 25
0 200 400 600 21001 .
u 1800 - | Erec}wt
— Ry, . SENEY — Rkea
(c) RENARFR AT ) M, vV B35 5 T 3 1) 1500 b
TR 2~ K]
R RZE = .%‘1200 I
. . S 900}
13 BTN S 4397 (0.28 MPa) A
600 f
Fig. 13  Analysis of velocity field prediction results (0.28 MPa) 300 k_lk
s . . 0 1,
3.3 M0 Il 2R AR Xt T 5 SR 89 # i 0 002 004 006 008
vl
N e S ANFB b2y e Jp— 3 13 3R
IR LR, X TFRANEET M, (d) LI ST S A 55 0 B (BTSN T 104%)

DNN BEAR S 405 FEHU, ELRE % 45 by e 3 11

WA S B#E—20, HOmAEA K, JEEH 10 (022 MPa)

A, H IR 8 A AN H R (0.23,0.24, 025, Fig. 14  Analysis of prediction results under 8 different back
0.26. 0.27. 0.28. 0.30 MPa #1 0.31 MPa) A% 5 #i5 1F pressure training sets (0.22 MPa)

B 14 8 AAIFF VI GREEAAF RIS R o



5234 P e A LT TR Pl 2 190 5% ) 7 T g B i W T 0 1 R IR 321

0.29 MPa T IS/ R X 4R, S50 25 2R 1Yy
Jr YRR 2k 0.001 8, AT B R A 0.995 7, T
gERLANE 17 Wi, BU A 4k 5 3 B S5 B S,
B 4 AN E 18 A 19 FIfR o

v 0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08

0.03
0.02
0.01

y

0 0.1 0.2 0.3

(a) BEARAR T 50 o, y B LSS 2 ]

V. 0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08

0.03
0.02
0.01

y

(b) REINALAR I hx, y YT i35 2= 14

veerror 0.002 0.008 0.014 0.020 0.026 0.032

0.03
0.02
0.01

0 0.1 0.2 0.3

(©) BEPALERI 5 hx, yBI LS5 M A 01
AR IR = ]
K15 8 DMARIE FAUILRE ST il B - oA
(0.22 MPa)
Fig. 15 Analysis of prediction results of downflow

field under 8 different back pressure training

sets (0.22 MPa)

N .
v, 0.005 0.025 0.045 0.065 0.085

100 |

—100

~100 0 100 200 300 400 500 600
u
(a) BEB AR5 hu v B SR = ]

[ I
v, 0.005 0.025 0.045 0.065 0.085

100 ¢

—100

100 200 300 400 500 600

- 1.00 0
u
(b) BSR4 51w v T 25

ma .
veerror 0,006 0.014 0.022 0.030

100 |

—100
—150
—-100 0

100 200 300 400 500 600
u

(c) BEGNARAR S0 A, vIR) ELSE R 5 U 44 1Y)
AHXF R Z2E = R
B 16 8 AT R YIRS 0 T s BE S P 45 53 43 Br
(0.22 MPa)
Fig. 16 Analysis of velocity field prediction results under 8
different back pressures training sets (0.22 MPa)

MEEAE 0.22 MPa i1 0.29 MPa F H&5 8L, A LA
i 32 WS — ML IE . XL 3.2 15
S0, 2 BUAE HEIIVRE A KOO S 0 B, D25
1 FES G R 3.3 7 S2 50 RS BEA AR T, 1]
o, VI 585 5 PR 1A BCHRAE 3.3 715 S50 PR
AR TF, 5t T B REA SO 45 DNN 19 i
S 4 T o P

0.10 .
+ Predict

0.08 — Real
0.06
~0.04}
0.02
0 L

0 10000 20000 30000 40000
Point
(a) HIAH 5 PUMMESS FXT L

0.08

g

<3

=
T

Predict v,
<)
)
e

0.02r
0 0.02 0.04 0.06 0.08
Real v,
(b) FLSEAE-5 T {2 1] ) B 2 32

0.025 -

0.015

g 0.005F
=
(5]

= —0.005 |

—0.015

-0.025 L L . L - ]
0 10000 20000 30000 40000

Point

(c) B 5 FUSCAEAAXT B2



322 o= 3 % %38 E
2100 [ [
mm Predict v 0.005 0.025 0.045 0.065 0.085
1800 — Real 200 1
1500 150 F
21200 100
g 900t = 50r
600 0
300 b ;(5)8 |
0 . i . . . f
0 0.02 0.04 0.06 0.08 0 200 400 600
v, u
(d) BE S FME AT G025 (LSRN T 10£%) (b) BEIAARFRAY ) R v TR 3 =
_ v . . [ |
17 8 AR R IIZRAE S F FOm4s 54547

(0.29 MPa)
Fig. 17 Analysis of prediction results under 8 different back
pressure training sets (0.29 MPa)

0.03
0.02
0.01

(a) BENARER T hix y B LS 25 ]

0.03
0.02
0.01

(c) BEGALFRI ) o x . y R EL S35 TIOR3 (4
AHXF R 2 = B
FE18 8 AR H AR A1 T i Tl
Z54347(0.29 MPa)
Fig. 18 Analysis of prediction results of downflow field under

8 different back pressure training sets (0.29 MPa)

LB
v 0.005  0.025

0.045 0.065 0.085

200
150
100

—50
—100

400 600

0 200
u

(a) HEAAARFR I3 e, v ELSE i = 4

0.006 0.014 0.022

v, error

600

0 200

u
() BEAEARI B Fgu, vV BI85 TN AL 19
HIER2E 7

K19 8 AT E N UINZREE A T A S il
50453 97(0.29 MPa)
Fig. 19 Analysis of velocity field prediction results under 8
different back pressures training sets (0.29 MPa)

A 3.1 SR B AIE, W] LRI AR A
MM, W x. y. u. v XILRHIE S ELRE S B
PGSO PO A% 5T A i VAL e b R K R 3.1 Sk
B LAl b, TR Y 3.2 Y SE IR YR I T A 28 R 4%
XFEAE IR, AN 5008 Bk R B M
INARRE 1, W] T 5 2 B0l 22 I 26 RE 5 7R 4 b 751
DNAMAE . A B RS T IR R R . 3.3 1Sk
B, Bt — AT R R, B Uk R A B ikt
L SR PSRIAE i SR i A

4 & g

30K DNN 5] A RNAS J5 &, 3 3o g <7 AL B
BEALAR A i A5 AL 55, il RANS 7 B0 . LA
Wilcox-2006 k-t i 15 1 Ay X 52 1 & T A G 5%,
2ot RS, A B DL T S8

1) #IAUEB T DNN X i 3 i3 26 1 28 Bl
BRI AT M, XA R T A O A 2k A T me,
AU AP 43¢ g Mo 43 A 7E T (8105 il R TR0, ) S 7
WEE R BCRARAE L, BRI B E R B R
B L R 1) 1) i 25 A X AR

2) B B S B0 o B 5 A G
TH B R 3R B 608 B R B /N 1y R



523

P E A R T A% R Pl 22 190 4% F) 7 e g B i W T 1 R R IR 323

M Z AN 0.001 DLT A8 HE ASURE o TR A Bds
R L b, S S B T IR AR  CHE AR
SRR B A TP R B I R BB /N My, T
SEIA T 0 26 M 2R B0 AL B s i I R A T
J AT BT REIR FR E FRBGHIEAT SR, T 4
TR % ot 2R e v Ak ) TROIIORG

3) #5 #1% DNN REAR &7 09 1 B i T i &, 4%
5 H T T A S 0 T e R R T 1, R
TR FH I ZRBCHINE 5 B 2 B i AR fh AR
BT, TN AE [0 il ZR B A A A AR .
KR EI R = B, v LLE I, B0 = B S
HALRE LT —HE . %I 4 BEAR I 1) T H AR 1k
FEEN

ARSCHE TAEC Wi £ M, % kK
fi#t RANS JrfE iy nl A7, 76 F — 209 TAE M,
FATK% DNN # A CFD # 4 24 vh, FF18 =0k
TR IR TS0 A M R B RANS J5 #3141,
M N % CFD 4.

SE Bk

(1] BRAE. B A i & Sl LR B9 B il 3l AL 2 e G 42 o 1 38 6 TF
FL[D]. A AL [ By B2 R R 2%, 2015.
CHEN Zhi. Experimental study on flow mechanism and control of
isolation section of scramjet engine[D]. Hefei: National University
of Defense Technology, 2015. (in Chinese)

[2] DOLLING D S. Fifty years of shock-wave/boundary-layer interac-
tion research: what next?[J]. AIAA Journal, 2001, 39(8): 1517-

1531.
[3] B A R oh R & sh HLIF 58 25 38 (9] 2k i 4 32F, 2005(1):
29-32.

HE Wusheng. A review of scramjet research[J]. Journal of Rocket
Propulsion, 2005(1): 29-32. (in Chinese)

[4] MATSUO K. Shock train and pseudo-shock phenomena in super-
sonic internal flows[J]. Journal of Thermal Science, 2003(3): 204-
208.

[5] BENR, L. W By i 8 2 12 25 Rk 3h 3 1 5% i

B RF 5[], HE HEHR, 2021, 42(5): 980-990.
ZHAN Wangjie, YAN Hong. Numerical study on the influence of
shock string on steady-state and pulsating back pressure in isola-
tion section[J]. Journal of Propulsion Technology, 2021, 42(5): 980-
990. (in Chinese)

[6] RIEM, 5L, w M, 55 . i itk 52 5 & SRR A

B Y B BB A ]. %S 3 )2 2 R, 2020, 38(6): 1111-
1119.
WU Zhengyuan, MO Fan, GAO Zhenxun, et al. Direct numerical
simulation of coupling of turbulent boundary layer and hot gas ef-
fect[J]. Acta Aerodynamica Sinica, 2020, 38(6): 1111-1119. (in
Chinese)

[7] XIAO Heng, CINNELLA P. Quantification of model uncertainty in
RANS simulations: a review[J]. Progress in Aerospace Science,
2019, 108: 1-31.

[81 FFFME, A=k AR, Tk T K, 45 HLA 2% > il Bl 3 i A2 S 7E 3

(9]

[10]

(1]

[12]

[13]

[14]

[15]

[16]

(17]

(18]

[19]

(20]

(21]

[22]

(23]

[24]

B U T R R [J]. 23 Rsh S AR, 2021, 39(2): 23-32.
YIN Yuhui, LI Haoran, ZHANG Yufei, et al. Application of ma-
chine learning-assisted turbulence modeling in separated flow pre-
diction[J]. Acta Aerodynamica Sinica, 2021, 39(2): 23-32. (in Chi-
nese)

CRAFT T J, LAUNDER B E, SUGA K. Development and applica-
tion of a cubic eddy-viscosity model of turbulence[J]. International
Journal of Heat and Fluid Flow, 1996, 17(2): 108-115.

SPALART P R. Strategies for turbulence modelling and simula-
tions[J]. International Journal of Heat and Fluid Flow, 2000, 21(3):
252-263.

STEFANO M, HOSDER S, BAURLE R A. Effect of turbulence
model uncertainty on scramjet isolator flowfield analysis[J]. Jour-
nal of Propulsion and Power, 2019, 36(1): 1-14.

SCHAEFER J, HOSDER S, WEST T, et al. Uncertainty quantifica-
tion of turbulence model closure coefficients for transonic wall-
bounded flows[J]. AIAA Journal, 2017, 55(1): 195-213.

XIAO H, WU J L, WANG J X, et al. Quantifying and reducing
model form uncertainties in Reynolds-averaged Navier-Stokes sim-
ulations: a data-driven, physics informed Bayesian approach[J].
Journal of Computational Physics, 2016, 324: 115-136.

MAULIK R, SAN O, RASHEED A, et al. Data-driven deconvolu-
tion for large eddy simulations of Kraichnan turbulence[J]. Physics
of Fluids, 2018, 30(12): 125109.1-125109.15.

YARLANKI S, RAJENDRAN B, HAMANN H. Estimation of tur-
bulence closure coefficients for data centers using machine learn-
ing algorithms[R]. San Diego, Canada: 13th Intersociety Confer-
ence on Thermal and Thermomechanical Phenomena in Electronic
Systems, 2012.

ZHANG Zejia, DURAISAM K. Machine learning methods for data-
driven turbulence modeling[R]. Dallas, US: 22nd AIAA Computa-
tional Fluid Dynamics Conference, 2015.

KAANDORP M. Machine learning for data-driven RANS turbu-
lence modelling[D]. Delft, US: Delft University of Technology,
2018.

SAAKAAR B, YASER A, SHAOWU P, et al. Prediction of aero-
dynamic flow fields using convolutional neural networks[J]. Com-
putational Mechanics, 2019, 64(2): 525-545.

ZHU Linyang, ZHANG Weiwei, KOU Jiaqing, et al. Machine
learning methods for turbulence modeling in subsonic flows around
airfoils[J]. Physics of Fluids, 2019, 31(1): 015105.1-015105.14.
PANDA J P, WARRIOR H V. Data-driven prediction of complex
flow field over an axisymmetric body of revolution using machine
learning[J]. Fluid Dynamics (preprint), 2021, arXiv: 2111.07937.
SHUVAYAN B, ANANTHAKRISHNAN B, HIDEAKI O. Fast
estimation of internal flowfields in scramjet intakes via reduced-or-
der modeling and machine learning[J]. Physics of Fluids, 2021, 33
(10): 106110.1-106110.24.

SUN Xuxiang, CAO Wenbo, LIU Yilang, et al. High Reynolds
number airfoil turbulence modeling method based on machine
learning technique[J]. Computers and Fluids, 2022, 236: 105298.1-
105298.30.

FCIREUR 5T e ¢ DA 1 5/ [ R 5. N & v S U
28 28 4], 2021, 42(4): 167-184.

HE Chuangxin, DENG Zhiwen, LIU Yingzheng. Turbulent data as-
similation technology and its application[J]. Chinese Journal of
Aecronautics, 2021, 42(4): 167-184. (in Chinese)

LI Yunfei, CHANG Juntao, KONG Chen, et al. Recent progress of

machine learning in flow modeling and active flow control[J]. Chi-


https://doi.org/10.2514/2.1476
https://doi.org/10.3969/j.issn.1672-9374.2005.01.006
https://doi.org/10.3969/j.issn.1672-9374.2005.01.006
https://doi.org/10.3969/j.issn.1672-9374.2005.01.006
https://doi.org/10.13675/j.cnki.tjjs.190671
https://doi.org/10.13675/j.cnki.tjjs.190671
https://doi.org/10.7638/kqdlxxb-2020.0132
https://doi.org/10.7638/kqdlxxb-2020.0132
https://doi.org/10.1016/j.paerosci.2018.10.001
https://doi.org/10.7638/kqdlxxb-2020.0155
https://doi.org/10.7638/kqdlxxb-2020.0155
https://doi.org/10.1016/0142-727X(95)00079-6
https://doi.org/10.1016/0142-727X(95)00079-6
https://doi.org/10.1016/S0142-727X(00)00007-2
https://doi.org/10.2514/1.J054902
https://doi.org/10.1016/j.jcp.2016.07.038
https://doi.org/10.1007/s00466-019-01740-0
https://doi.org/10.1007/s00466-019-01740-0
https://doi.org/10.2514/2.1476
https://doi.org/10.3969/j.issn.1672-9374.2005.01.006
https://doi.org/10.3969/j.issn.1672-9374.2005.01.006
https://doi.org/10.3969/j.issn.1672-9374.2005.01.006
https://doi.org/10.13675/j.cnki.tjjs.190671
https://doi.org/10.13675/j.cnki.tjjs.190671
https://doi.org/10.7638/kqdlxxb-2020.0132
https://doi.org/10.7638/kqdlxxb-2020.0132
https://doi.org/10.1016/j.paerosci.2018.10.001
https://doi.org/10.7638/kqdlxxb-2020.0155
https://doi.org/10.7638/kqdlxxb-2020.0155
https://doi.org/10.1016/0142-727X(95)00079-6
https://doi.org/10.1016/0142-727X(95)00079-6
https://doi.org/10.1016/S0142-727X(00)00007-2
https://doi.org/10.2514/1.J054902
https://doi.org/10.1016/j.jcp.2016.07.038
https://doi.org/10.1007/s00466-019-01740-0
https://doi.org/10.1007/s00466-019-01740-0

324 it

¥
o

1]

A=

i 538 %

nese Journal of Aeronautics, 2021, 35(4): 14-44.

[25] KONG Chen, CHANG Juntao, LI Yunfei, et al. Flowfield recon-
struction and shock train leading edge detection in scramjet isola-
tors[J]. AIAA Journal, 2020, 58(9): 4068-4080.

[26] KONG Chen, CHANG Juntao, LI Yunfei, et al. A deep learning ap-
proach for the velocity field prediction in a scramjet isolator[J].
Physics of Fluids, 2021, 33(2): 026103.1-026103.18.

[27] KONG Chen, CHANG Juntao, WANG Ziao, et al. Prediction mod-

(28]

[29]

el of flow field in an isolator over various operating conditions[J].
Aecrospace Science and Technology,2021,111: 106576.1-106576.14.
LI Nan, CHANG Juntao, XU Kejing, et al. Prediction dynamic
model of shock train with complex background waves[J]. Physics
of Fluids, 2017, 29: 116103.1-116103.16.

KUKREJA H, BHARATH N, SIDDESH C S, et al. An introduc-
tion to artificial neural network[J]. International Journal of Ad-

vance Research and Innovative Ideas in Education, 2016, 1: 27-30.

(¥t R L)


https://doi.org/10.2514/1.J059302
https://doi.org/10.2514/1.J059302
https://doi.org/10.2514/1.J059302

	1 数据集的建立(CFD)
	1.1 网格生成及计算域
	1.2 Wilcox-2006 $k$-$ \omega $模型
	1.3 获取数据及预处理

	2 DNN方法介绍
	3 结果与讨论
	3.1 8个背压下406组预测样本的湍流涡黏性系数辨识实验与结果分析
	3.2 一个背压为预测样本的湍流涡黏性系数辨识实验与结果分析
	3.3 增加训练样本对预测结果的影响

	4 结　论
	参考文献

