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We present a new framework to extract low-dimensional modes and to predict their temporal evolutions.
Autoencoder-type Convolutional Neural Network (CNN) which can learn nonlinearity of data is used to ex-
tract low-dimensional modes and Sparse Identification of Nonlinear Dynamics (SINDy) is performed to obtain
ordinary differential equations with nonlinear terms of CNN encoded data. The proposed method is applied to a
flow around a circular cylinder at Rep = 100. The CNN trained by fluctuation components of velocity vector u,
v shows better results than the snapshot Proper Orthogonal Decomposition in terms of the energy reconstruction
rate. The errors of CNN and SINDy are accumulated when we reproduce the time evolution of flow field. The
error of CNN can be reduced by devising a better network structure; however, the error of SINDy depends on the
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AWFFETIE, Fig. 1O LS
tﬂmm%ﬁ&ébﬁ,ﬁh@%%%?»@%bm7
V=L — o 2R 5 2 e 2 HNE 5. BAAMRIZIE,
Rep = 100 OHFEE D JfihicBWT, CNNA— bz
I—REMERT DI LIZEVEIRTLE— REHMEL, X
Iz, Tva— ﬂ%%mtﬁéﬂkﬁﬁﬁ%~$@ﬁ%ﬂ
T =22 U SINDy 2T WEMD A2 E56 Z2ic &

D RS ORISR 2 PS5, [EMESORHEFERZ T

1252528 T, MNGEERT 5.
2. HEFEBLVIEFE
2.1 T —4% DERFE

CNN DFl#f7T—2 & LT, EHEMEY Iab -3y
(DNS) #{7>o THRNGDO T — X 2 Fkd 5. DNS DX

Copyright (©) 2018 by JSFM

CNNA—bzZva—&



—
8.2D 9.6D
—>
U y . 4.8D 20D
o
9‘
85D ' Circular Cylinder
—>

25.6D

Fig. 2: Computational domain and the area of train
data.

FHRERIE, EHDOR L Navier-Stokes HFER,
V-u=0 (1)
ou 5
Effv-(uu)—Vp+ReDVu (2)

Thd. MHEOERD 2RERI L LV A/ VA
Rep 1£100 &9 5. FHAEMEEIL Fig. 2 DR THE N7
KT, FHREORMAIAK At =25x%x 1073 2§ 5. Ff
BREFI30E Az = Ay = 0.025 OFERMIRESEF %2 W,
MHRAOBRRME L LT, HDABERIE® 2V 5.

AWZETIIPMARE 0 IZEHT 5D T, Fig. 2 DHEFERRT
FHENZ82 <2 <178, —24 <y <24 DRI
5 ER AR o & ERIEE S FEE o 23T — X & U
THWS. £7-, AIFT — X ORHIMEIE 100At = 0.25
3%, DNS TIN5 A bo— LB 0.1716
THDDT, 23T 1EAZRERL TWD. BRSO
T — X% 10000 AHZEL, T -2 LTHWS

2.2 CNNA—hTvO—%

CNN X E Rz i 2 BA0AAJE &, R
%it@%7%7—U/7%#b%ﬁéﬂéﬁl—7w
2V "T—=2ID—DT, T—XDEMEMRL LRSS T —
REEWT DL TES. ONNA— T a—RiFT
v ad— &KT:] ﬂf*%ﬁkém Ir3a— ﬂfenc%ﬁﬁl‘\
5& miIRTGCDATIT—X q il(/’?rl:(l<<m)0)7’ A

CHEMiI NS, £/, iz T =X rIIHL, T
:J—é?‘]-'dec WS &, m‘{kn@bﬂﬁdi’é@ﬁ:ém
5. FdsrlL,

r = Fene(q) €R! (3)
q = Fdec (T‘) € R™ (4)

4%, CONNA—bZva—XKix, AigqHIigo
ZMWNS KRB L2173 5.

AWFFETHWZ CNN ORFEKM)7Z2E D % Table 1 1IT/R7.
Conv2D(h,w,n) Tl hxw DT 1 VR —IZ X B EAH
% n [F{75. Deconv2D(h,w,n) JETIE, hxw D7 1)

—Z KB WEAAE n[FfTS 2 EITKD, T—XDHL
Kaf1d. SO 3 X TD Conv2D &, Deconv2D
JE T UiEMEALEEE 217 5. 7238, * D DWWz Conv2D &
TREE T T ETDIR\W. 7z, Maxpooling J&§T
12 x 2 O/NEIRIZHE U TIRKDIED AFED & 5127 —
KX DJEHEZ 1T\, Upsampling ETIX 1 DDfE% 2x2 D
INEIRIZ A — LU TCT —XDILRZETD. ‘

2D CNN BT, AMfEAS 8th Conv2D Ji & TH°
TUO—XT, (384,192,2) DH A ADF—X % (2,1,1)
DY A ADT — X ETIEMIS 5. 1st Deconv2D JEH 5 i
HEETHTaA—XT, (2,1,1) DY 1 XfFElhInsi
T—RETLOYA ADT—RXRETHEILT 3. i

Table 1 @ & 5 2K H CNN A — b ¥ a—X& (C-
CNN) TlZ, 2 20f5{bE Nk L, €= NI

% 32 MBERENZS VRI T A
B04-2

Tab. 1: Network structure of conventional CNN au-
toencoder

Layer Data size Activation
Input (384,192, 2)
1st Conv2D (3,3,16)  (384,192,16)  tanh
1st MaxPooling (192,96, 16)
2nd Conv2D (3,3,8) (192,96, 8) tanh
2nd MaxPooling (96,48, 8)

3rd Conv2D (3,3, 8) (96,48, 8) tanh
3rd MaxPooling (48,24, 38)
4th Conv2D (3,3,8)  (48,24,8) tanh
( )
( )

4th MaxPooling 24,12, 8

5th Conv2D (3,3,4) 24,12,4 tanh
5th MaxPooling (12,6,4)
6th Conv2D (3,3,4) (12,6,4) tanh
6th MaxPooling (6,3,4)
7th Conv2D (3,2,2)* (4,2,2) tanh
8th Conv2D (3,2,1)* (2,1,1) tanh
(Encoded values) (2,1,1)
1st Deconv2D (3,2,2) 4,2,2) tanh
2nd Deconv2D (3,2,2) (6,3,4) tanh
1st Upsampling (12,6,4)
9th Conv2D (3,3,4) (12,6,4) tanh
2nd Upsampling (24,12,4)
10th Conv2D (3,3,8)  (24,12,8) tanh
3rd Upsampling (48,24,8)
11th Conv2D (3,3,8) (48,24, 38) tanh
4th Upsampling (96,48, 8)
12th Conv2D (3,3,8) (96,48, 8) tanh
5th Upsampling (192,96, 8)
13th Conv2D (3,3,16) (192,96, 16) tanh

6th Upsampling
14th Conv2D (3,3,2)
/Output

(384,192, 16)

(384,192, 2)

DT RRDZENTER, I T, AW TIE Table
20 &5 HMEEERFOE— NOMA CNN A — bt a—
& (MD-CNN) 2{E3 5. 3, ftkKD CNN A —hx
VAR EFAROHED T Y =& Fo. T (384,192,2)
DTF—Rq% (2,1,1) DY A ADT—R r £ TIEHMET 5.
(9< > EfgShizT—Xr %1 “)E@ﬁérl 2 DOHDHE

5. 1 DHDOEIZK LU TlE 1st Deconv2D J& 5
b 14th Conv2D JEETDT I—XK Fyee1 %2, 2 DHDIH
IZXF U T 4th Deconv2D J@#* & 20th Conv2D EENS
DTFIA—K Faec2 ZXNTNH, TNENH DY A
ADTF—=R ¢, g TTIKRT S, HHEIZ, 1l r 23S
THHI g LMl ro ITHIET BN G 2R LT, CNN
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Tab. 2: Network structure of Mode Decomposing CNN autoencoder
Layer Data size Layer Data size
Input (384,192, 2)
(Same structure as Table 1)
(Encoded values) (2,1,1)
Value 1 (1,1,1) Value 2 (1,1,1)
1st Deconv2D (2,1,1) (2,1,1) 4th Deconv2D (2,1,1) (2,1,1)
2nd Deconv2D (3,2,2) 4,2,2) 5th Deconv2D (3,2, 2) (4,2,2)
3rd Deconv2D (3,2,4) (6,3,4) 6th Deconv2D (3,2,4) (6,3,4)
1st Upsampling (12,6,4) 7th Upsampling (12,6,4)
9th Conv2D (3,3,4) (12,6,4) 15th Conv2D (3,3, 4) (12,6,4)
2nd Upsampling (24,12, 4) 8th Upsampling (24,12,4)
10th Conv2D (3,3, 8) (24,12, 8) 16th Conv2D (3,3, 8) (24,12, 8)
3rd Upsampling (48,24, 8) 9th Upsampling (48,24, 8)
11th Conv2D (3,3, 8) (48,24, 8) 17th Conv2D (3,3, 8) (48,24, 8)
4th Upsampling (96,48, 8) 10th Upsampling (96,48, 8)
12th Conv2D (3,3, 8) (96,48, 8) 18th Conv2D (3,3, 8) (96,48, 8)
5th Upsampling (192,96, 8) 11th Upsampling (192,96, 8)
13th Conv2D (3,3, 16) (192,96, 16) 19th Conv2D (3,3, 16) (192, 96, 16)
6th Upsampling (384,192, 16) 12th Upsampling (384,192, 16)
14th Conv2D (3,3,2) / Output 1 (384,192,2)  20th Conv2D (3,3,2) / Output 2 (384,192, 2)
Add (Output) (384,192, 2)
DHHIETSH. FeHdL, T35, OV TORHEEREZED,
() e R 5 o) y(n)
z(t2)  y(t2)
g1 = Face1(r1) € R™ (6) X = : : (10)
G2 = Fdec2(r2) € R™ (7) 2(tm) y(tm)
I=a+g@eR” (8) TRINBEI X RT3, £/, AR o(t) 2
I U 74l @(t) 25D,
L72%. ZOME®D CNN TIE, JEMES 72BN L
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CNN DFlI#DES, BRI T Rz L, 23 X = ] i (11)
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Fig. 14: MD-CNN-F encoded values.
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Fig. 15: Numerical integration of Egs. (20)-(21).
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Fig. 16: Energy reconstruction rate of SINDy & MD-C-
NN-F decoded field (Simple Moving Average).
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Fig. 17: Time history of wall-normal velocity on one
point in the wake (SINDy & MD-CNN-F decoded field).
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