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Prediction of thermal field using sub-voxel data structure by machine learning
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Yoshitaka Wada and Takumi Tsukiji
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This study presents how to apply convolutional neural network to regression for engineering prediction
using local sub-voxel data structure by input parameter design. Predictor to be constructed in this paper
can predict temperature at a point using near field physical parameters and properties. The full field
temperature distribution can be predicted through prediction at a point by the predictor. Results by 2D-
CNN and 3D-CNN are compared and evaluated. 3D-CNN presents better results than 2D-CNN. The
effectiveness of the proposed data structure and 3D-CNN is discussed.

Key Words : Convolutional neural network, input parameter design and local sub-voxel data structure
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Accuracy of wind speed prediction in urban areas using machine learning
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Takuto Namba and Takenobu Michioka
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Wind estimation around buildings is required for building design in urban areas, but the prediction by
wind tunnel experiments or numerical simulation requires a lot of time and effort. In this study, a machine
learning is applied to investigate the reproducibility of wind speed distributions in urban areas from two
input values: building planar shape and height. The machine learning model for the same wind direction
as in the training successfully estimated strong wind areas and wind speeds, but the prediction accuracy
of the model decreased for wind directions which is different from those in the training.

Key Words : Machine learning , Wind prediction, Urban area
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Basic study of temperature prediction method using CNN-based surrogate model and superposition
principle.

NKBERAA, a TR
Miyoko Irikiin, Yukihiro Iwata
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(T570-8501 KEAFsFHi/\ZEHIT3 TH 1% 15, E-mail: irikiin.miyoko@jp.panasonic.com)

CNN-based surrogate model (deep learning) is under development to speed up CFD calculations. In order
to use the surrogate model for design development, it is necessary to improve the generalizability of the
surrogate model. We have exploited the principle of superposition as one of the solutions to this problem.
For the multiple heating elements that make up the model, their temperature distributions are predicted
individually. We have devised a method to predict the temperature of the entire model by merging the
temperature distributions of multiple heating elements in the model. Radiation and convection phenomena,
for which the superposition principle does not hold, are also considered.

Key Words: CFD, Deep Learning, CNN, superposition principle
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Fundamental Study of CNN-based Multi-grid Networks for CFD.

i HIERR, FiEEA, AREeRR T

Yukihiro Iwata, Yoshihisa Inagaki, and Miyoko Irikiin

%,  E-mail: iwata.yukihiro@jp.panasonic.com)

In CFD for thermal design of electronic devices,
CNNs have difficulty in supporting multigrid because the

a surrogate model using a CNN has been developed to
speed up the calculation process. However,
input structure is fixed-length.

As a means to solve this problem, we propose a method to create a surrogate model for coarse grid
regions (coarse network) and a surrogate model for fine grid regions (dense network) separately, and
fuse them to predict the temperature of the entire model. The key point of this method is the method of
information transfer between the coarse and dense networks. In this study, high accuracy is achieved by
utilizing temperature information pre-calculated in the coarse network for prediction in the dense network.

Key Words : CFD, Multi-Grid, Deep Learning, CNN
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Balancing Multiple Back-Propagated Gradients with Dynamic Weight Tuning
for Accurate Training and Inference of Physics-Informed Neural Network
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Data-driven technology has been widely applied to various problems in science and engineering. In recent
years, the community has focused on developing machine learning models that can integrate data and
prior knowledge rather than purely data-driven approaches, and in particular, PINN (Physics-Informed
Neural Network) has attracted much attention due to its applicability to both forward and inverse analysis.
Since PINN trains based on both physical laws and data, the weights need to be chosen appropriately. In
this study, we present a dynamic weight tuning method for PINN training. Numerical experiments show
that the presented method enables accurate inverse analysis while keeping the additional computational

cost within a reasonable range.

Key Words: Machine Learning, Physics-Informed Neural Network, Dynamic Weight Tuning
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WYNCT 2—=2 T T D ENEETH H[7,89].

I TEEOIL, PINNOFEBRBRICR Y NU—sH%E
WHRHE T RS D T A — & HFL & A\ 7= B ) 5
£+17 7% (DN: Dynamic Normalization) Z 4228 L TV 5[10].
DNiZ, #H7z/e A R—RTG R = EVTEETHHEDOD,
FRROELEFATHEROICED 2 LEMEEZTY BRE 2D
PINNIC X 2 TP O @ L % alREIC T 2 FIETH Y,
BANCEDEFE A FOHES B HI0% LA D Z &
WTED. AR TIE, FeATHIE[10] THEMHT ~D S HIZ
YL TWEDN%E, PINNZ W =i~ LA L,
ZDOF AR LT,

2 WHEETE
(1) PINN: Physics-Informed Neural Network
PAF O &5 ICRd S 2 W ESE F a8 2 % 2 5.

a

S 46X = Flut,x); pl M
u(0,x) = g(x) 2
u(t, x) = h(t, x) 3

22T, R XEFETH D WMy X, X(©2), 3)
EENENIHSM, BRASGtTHD. /2, K)o
Flsulidpz /35 A — 2 ZESRMSVEMZETH 5. PINN
W, FTfRuEr =2 —J Ry U272 X 0IEET 5.
AJix = {t,x}(e Rfin), 1y = {@i}(e Rfow) & FFOLE D
Za—I VXY NT—=Z 2BV, El(=1,2,..,L)EIC
BT BIEEHZO (€ Rt )13, UTFOMBY Ths.

20 = gO(WOZE-D 1 p©) @)

22T, 20 =x, zW =9TH Y, cOITIEIELEIE L
RN D, 358 2 L ICERT 2 544 (g o
TH%FM) ThD. £72, WO, bOIEIEIC T 5 B,
NATATHY, Zhbid, UTORKBEME R/MET 2
ZETEETD.

L = AppeLepe + AicLic + AscLec + Apatalpata

= Z AL (5)
Jj
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Lopg = Z |28, ~ Flagn ©)
Lic= Zlﬁi - g(x)I? (7
Lyc = Zmi — Rt x)I? ®)
Lpata = Zlﬁi —u(t, x)|? )

T, 0= Aty xg; 0), 01FST A—F N M ThS
(0={WO,bOY ) . Fiz, LIAHELIECE A D ES
THY, ZNTNONH e EEE R

RN, ORI TEE VS D & LT 5. ARk Tk
Ck BB, UTOMY Thbs.

e+ — g(n) _ n(n)VgL(B("))

=9@L_¢mzz%vﬂﬂem) (10)

(2) EBIEHA{T(+i% (DN: Dynamic Normalization)
KK LO)D, 0™ E Y TO2% £ TOTaylorEHH
EEZD.

Lo+ — ) 4 pAgm T G
+%A0(”)TH(”)A0(”) (1

KOO0, L0 = £(00+D), 6™ = v,y(0™),
HO = V3L(0M™ + ar@™) & L. 7285, a € (0,1) TH S
x(10), BLORADNS, UT%EE5
n n) — n n 2
ﬂ+n_ﬂ>_;¢4mum .
2 (rm)emTgmgm
+2(n )'G™ HWG
T, AU IIIPINNO R 25T 5 L THA
THHHDOD[8], HWDEFHHENEAM TH L=, EM
b, ThEZFHLCEAZED D Z LITIERENTH S.
L7e23 > T, BiByE A 4F1F 1% (DN: Dynamic Normalization)
[10] TIXF2HE A EH L, BIAOARICET 2 HICE S &
BLHEEDD. £, RA2)EUTO LI IZERT L.

2
) _ ) ~(n)
D ar® = ™ |1 26 (13)
j j 5
DT, & EOBRIEL N, RET 5 ARG I k5T

2
DD S B LATET I, AL = @ |||

F28METETHHEERR

BY[8,11]. FROERIE L g LT, XEHRERND
DFEFE% T3 5 T Lppg & IR I & & 2 B A A FE
T5 (705, Gl » Gecll, 72 &) [9]. #ERN 72
RORE % FE 3 2 _E TSl 720 ¢ <, wIgRt -
BRRALEHLBETILENH D Z &b, HEOEKE
ERSOFEE TR SELZENEETHS. UL,
BE OB KRIEZ FEOMEE TRV 5121, LLFORE%
D ESINHEREThHD.

n n 2 n n n 2
|76, = —n 426 (14)
DT, MR ES (EEE) 2E2 570, A7 =10
LT5L, UTOELEED.
o1, )
) o
::lei LB CEE SN A AR SV CEE
SINDD, FEHPICEHIELT S, £, ftEANEZ
Mz 579 ,ﬂzni$y7_&_EﬁT5_k&¢5

(212, T=51072 £[8,10,11]) . 7272 L, RASDER
EESEAT S L, AVBkE RBT S Lnb, K
L (e [0,1)% AW T F OV z fid.

&l
2 =ﬂg§f (16)
AV =BV + (1 =PI (17)

IIT, B=0ETDL, RUSHIT—FKT D, BliI A —
RGA=BThHY, BRIICE > 1TAVNEET 5 L
DHHNTWAD (B =0.90997 X[10]) .

3. HEEER

ARETIE, BB E ST (DN: Dynamic
Normalization) % 3# H L, PINNIZ & 2 W8T 21T - 72 5/l
KB ERT. KFETHWEX Y bU— 7 R
{ h(ilc)men}: = fridden = 50, L =5% L[9,12], IEMALBE%k
K&i{a(l)(-)}lL =o0(-) = tanh(") Z &R L 7=[13]. {&M:AL
B DU, EAOYIHIEIZ X Glorot D HTHIE[14]
R LTo. Bol b FIEICIZAdam[1S] 28R L, 58 %y
i dn = 0.001, 17K « 2IRE— A FHEE DISEIHERE,,
&i%ﬂ%ﬂm=o9 B, =0999L Liz. 728, AKik

F 17 B PINN D BH 5 (21X TensorFlow[16] &2, 3 121X

NVIDIA RTX A6000% Fv 7=

(1) NAR—=/3F5 A =2 D5t

F9, #YEAfHFE (DN: Dynamic Normalization) C
MASNDHNA/R=RT =2 T LT, FATHF5E[10]
BLOEP O] 6, —EDHEEHIRIATWD
HLOD, RIEZHERORMMAFEIN D, AREITIE, BINEH

Thd. 72k, PINNOFEBRIZIBNTIE, FHKHEIC -
5 1 AR O AR 12 B & VB S0 Un = & 28K B L C OB EL, BIOESHMEIZET 2R 21T 0.
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MRRERTE & LT, SEATAFZE[ON o BRI 2 D
EF 5. BGRB8 L ORISR, SERJMETLELTO
LI HEABND.

ou  0%*u
E = VW (18)
u(0,x) = sin(mx) (19)
u(t,0) =u(t,1)=0 (20)

ZZT, t€[0,05], x €[0,1], viiirERETHY, v=
1.0& L7z, ERRICIILL T OBEBENATFET 5 (R-15H).

u = sin(mx) exp(—vm?t)

@n

E-1121E, v B X aolUAalE CRT mnBlillacdh,
KO)Du(t;, x WY T 5. & Z T, x = {0.25,0.5,0.75}
D3HITHE W T ={0.1,0.2,0.3,0.4,0.5HIBUH S D IR E
DIERD B ISR E Y & T3 5. 10,000=K v 7 720F
FERETOZEEL, TA M T —OHR, FEaA D
HWINZESEB, tORELZRETT 5. LUK LT
B =1{0,0.1,0.3,0.5,0.7,0.9,0.99,0.999}, T = {1,10}>#%i[H
TZY y R —F 2T fER, wWihooixt LTy
B<O0ITIET AT T —PIFEA LD LAad>Teie®),
£ =1{0.9,0.99,0.999}DFE R D AR

10,000=R v 7 DT A =7 —DHEBZR-2127R7 7.
Fio, t&EFEaA M EOBMRER-TIIRT. R,
D=0, BMEARZHEA LRWIES (wo DN) =
A MERL, FHIMNICIEE S 2R LTS B-280, 7=
1034, B=09,099TIET X b= T —nR AT, B =
0.999 TCOLZ DWWV MR TE 5. T=10TiE, =09
TETA NI =D Lanbon, g=099,0999T
WY R PR NFATTE TS BLELY, B 1,013 VVE
WEDTREE, X(16), (17)TEDDEPELEZIELMHIC
FALEHHZ L CRELZFENAREICRD EBZXD.
BB, R-1EV, tOBRICE > THFEHa X MIfEZ D R
b5, FRROBIZHETAHEMLY, BELIZFEEDOIZDIC
X, BB E IS EL 2 EBGFE L. Fe,
FIzX () DFHFEICER T 5 FE a2 oy IT/hs<
M BHRETHD. LLEND, ABFF TIEB = 0.99,0.999,
T=10%28RT 5.

(2) IRTEMLEEATER

AT & [ CREICB W T, BIRESZ#H LR WE5EE

(w/oDN) & i 3 254 (w/DN) TORERZ L $ 5.
BB, =a—J %y FT—7 OEHZOYIHME[14]1 3R
DD EN DT, FH HERIZIE—ED T U H A
PEREFEND[17]. LR ->T, T2 TRHBEARD K —
R % W CL0E OINT 723 T & AT o 7o i R & s T

F28METETHHEERR

1.00

W Sampling point

0.75

0.50 =

0.25

0.00
0.0 0.1 0.2 0.3 0.4 0.5
t

H-1 LA EX DS RE

Test error
S

W/ DN (=09, 7=1)
1074 w/ DN (3=0.99, 7=1)
W/ DN (3=0.999, 7=1)
5 ] W/ DN (8=0.9, r=10)
—— w/DN (3=0.99, 7= 10)
—— W/ DN (8=0.999, 7= 10)

0 2000 4000 6000 8000
Epoch

-2 #REEAREX: TR IS —DHR

=-1 BLE AR EFERcE2E IR b

Training time
Method T
(sec/ 10,000 epochs)
w/o DN - 182.69 (x 1.00)
w/ DN 1 231.80 (x 1.27)
w/ DN 10 189.96 (x 1.04)

1.0250
-——- v

w/o DN

—— w/ DN (8=0.99, =10)
—— w/ DN (8=0.999, 7=10)

1.0125 4

X 1.0000

0.9875 4

0.9750

T T T T
15000 20000 25000 30000

Epoch

-3 BRER AN IR OHEEDHT

T T T
0 5000 10000

®-2 BLEARER BBRROHEERR

30,0007 v 7 DT LS FEE BTV, IR IO Method B T Identified v (& std)
ST 24T > 72, SRR COMEMOHBZB-3icr  WoDN ) - o 09952(F7.5x1079
T B-3TH, W0MTOPHE KR T, MLy WON | 099 10 0.9998 (£4.9x 107
ORMEBHIR TR LTS, £, FHKTIATo _WDN | 099 10 09996 (+48x 107
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TEBAR By OHEEE A R-2T7 . R-2THE-3 & FEEIC
1051 T O EHIE & R 2 A2 R L OV 5. B-35L 0, B
HEAEE A LRWEEA OPINNIE, 30,0007 v 7 D%
THERFEEMEAFRLEN TR LT, &R R T O
7eDllE, LY RFMOFENKLETHD ETHRIND.

—77, BMELZEM L-BE121310,000=R v 7 D
B R WA TR TR R I R HEEEZ /TR, £
D%, HRAICHEE~EWRE LTS, ERR LY, AREEC
BT, X(16), 17)TED 2 HEYEAITPINNZ U 72
WENTIZ BV TR - EEEIcFES L TnD EEX
5.

(3) IR RILERATER

RV THATHFZEI8IC bRV, BvRbi A By B
2. R, WIS, BERAIEIILL T OEY Th 5.

ou ou 0%u

E + Ha = Vﬁ (22)
u(0,x) = —sin(7mx) (23)
u(t,—1) =u(t,1) =0 24)

22T, tef0,1], x€[-1,1]1THD. wIBFEE, vid
AR TH Y, =10, v=0.1/r = 0.0318& L7=[18].
LREOREIZ I Fourier MEPRAR AL IZ L 2 BB H1 5T
WAMN[19], Z Z TIE800H £ COARMRMELZ &R &
Z[18] (B-45HR) . =72 L, SBBBBNERCTH 5720,
ZHEMROAOTTRITENET 2 ((19]138) . KRETIEL,
x = {=0.5,0.0,0.5}D3fIZF Tt = {0.2,0.4,0.6,0.8,1.0}
B SN D IREOFE®R (R-4NDO~E B0 ATE)
D DB & YRS 2 WiEAT T 5. F72, 18k
WCEARROBMEEBEST D20, BipsilHe—F
Z W TI0E ORI T A AT o TR A T 5.

60,0007 > 7 DT NNy FEBEITo T fEREZ T,

FEEE TOBTOEEuOHET I, TEEREY OHEE D
HR 2 E-5, R-61c Lo, /i & FEIC10AT D

EE % FERR T, PEHERZEO2E O X & fHNT IR TR

Fio, FEK TR TOZENENOHEM CEYE - 9
W) #%&-2, ®-3UIR-T. B-5, BLUVOER-2LY, 60,000
TRy 7 OFETIE, BINEAZEHA L2WEGEE L
TEHHAOWET, BEEICBIHEEOHENFITTX
TW5b. —J, B-5, £-3LV, BINEAEZEH LAV
A &(B,1)=(099,10) & LCHlH LG4 & T, W#HF I
72 22T E A E R BN, (B,7) = (0.999,10) &
L CEMEAZEA L2612, IEBARE O Mg 23
FEMNZEREEA LTS, BLEX Y, REEIZBS VT,

F28METETHHEERR

Sampling point

00 02 04 0.6 0.8 10
t

H-4 BRMEARXOSHE

1.0050

1.0025 4

< 1.0000

0.9975 4

Y
w/o DN

—— w/ DN (5=0.99, 7=10)
—— W/ DN (60.999, 7=10)

0.9950 T T T T T T T
0 10000 20000 30000 40000 50000 60000

Epoch

X-5 BRMEARER: BREEDHEMEDHRS

R-2 BRBEAEX: BREEOHTERR

Method B T Identified u (+ std)

w/o DN . . 1.0002 (£2.1 x 1074
w/ DN 0.99 10 1.0001 (£2.5 x 107%)
w/ DN 0.999 10 1.0001 (£2.2 x 107%)

0.03500

0.03375 4

2 0.03250 A

0.03125 4

==

w/o DN
—— w/ DN (5=0.99, 7=10)
—— W/ DN (8=0.999, =10)

0.03000

0 10000 20000 30000 40000 50000 60000
Epoch

X-6 BiRMmBARR BBERROHEEBEDHRE

-3 BRMBARX HMBERROHEERR

BNEAZEHAT 5 Z & TEN R ERBELAHfGFTE S Method B T Identified v (+ std)
HOD, FERICITEEREEEEZ 5D TIEeh ok, w/o DN - - 0.0324 (+9.3 x 1075)
FEHEOPIRET HDNLUSOBRY E AT FIEICET S w/ DN 0.99 10 0.0324 (+9.1 x 107%)
Y, EAPERICRESSEETLIMEEEE L w/ DN 0.999 10 0.0321 (+9.2 x 107%)
WD B D Z ERREINTEY[11], 4% EDLD
ZRRIBEICK L CEAEZBET REDERTOILER S D.

- A-10-05 -



© —MHHEABAGEIZS

A-10-05

4. @S

ARHFFETIE, PINNOFEEITEBWNTNA /=R TF A —XH
ELTRESNTE A BREICE X D2 ELOBINRE
O Zigim Le. FE O ORATHIE[10]TIE, H(16), (17)
TRE WD DB E A O A ITNEAENTIZ 8 £ o Tz, AR0F
ZECIE, [RARICTE O 7= A% PINNZ F U 7= AT (3
L7z FEDOBKRENIHET 2 AELO I & - TR
DHEVWHIIRENEAINTNDLOD, FAEERNS, +
O—EOHMMEEZMHER L. BRI 5 5E
FBRTIE, WA O Rk - ERS LI BT —E D AR
DD EEMB LI LOD, BIRILHITERIZB N T
i3, EAEZEALRVEE LR ORIER%E O RE T
bolz. TNETIZ, BAEMELRL L —EDHFET
JEfEAT - WFRMT A FIRECH DB b BE RIS TS Z &
7 5[3,9,20], A EIEKEEERR] & L THRY RS 7= Bk
HRER (Fe, BAWERMN, BRSEM) bEAOZE
MNEEFICENR -T2 D EE XD A%, [T,

K1), 12D~y 7 v HOOEREERT 52 LT

RIREIZIE U, BARBOLER 2 BT 5 FETHD. £
7o, BEODRETLIENELOWE L LT, Rz
ML TWDTew, FE OWMIBRE CITE DY &
WAL TASNTNS, RS, B 1.0ICITVWVEER L S L
&, B OEE 2 LTI ELDEE LBz, 8
MEA T REBORMAH S, 21X, Adam[14]
W, SA T AFIEE T 2 & 72 8T, SR I B
DMYNCEANEITHZ LM CE 5. ERROBE
WEALTYH, S%MitT 52 TETHD.

SiEE: AWFIEIL, JISPSEMFEIP20H02418, JSTIK HEARAFSE
FHHRERAOIGE 7 1 27 F A JPMISP2136, 35 L OVLIN KR Z3K
T — 2P A U AEENE X — DX T EZ T .
CZICRLTHEERERTD.
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BREZRFE LUOFRMNRAEICL BIARHICEDS
g% 8 % A\ /- CFRP B2 D
KB 3 RyTiBEERD T A
Prediction of 3D Information of Defects in a Simple Shaped CFRP Specimens

Using Transition Learning Based on Stress Distribution
from Finite Element Analysis and Infrared Measurements

WAMSARAR D PR > sk v > SR AR Y AR E

Yuta Kojima, Kenta Hirayama, Katsuhiro Endo, Yoshihisa Harada and Mayu Muramatsu

DEEFESR B E R T2 FERE (T 223-8522 #iigg) I IR IR HEILX H & 3-14-1, E-mail: kojimayuta@keio.jp)
DB EFRFAR AR T 588 (T 223-8522 )[R BE IR AL X H & 3-14-1, E-mail: kenta_hirayama@keio.jp)
DE T IS BHFEIE NP SRR S THSEPT (T 305-8568 ZIRIE-D < \XTHiMEE 1-1-1, E-mail: katsuhiro.endo@aist.go.jp)
DE TSR N SERAMAR S HIEAT (T 305-8564 KIRIED < IFTiiAK 1-2-1, E-mail: harada.y @aist.go.jp)
I () B EF BRI T 27 22 HESIZ (T 223-8522 M4 )1 E T B IL X H i 3-14-1, E-mail:

muramatsu@mech.keio.ac.jp)

This study proposes a framework of Non-destructive Testing (NDT) for predicting the three-dimensional
structure of internal defects in Carbon Fiber Reinforced Plastic (CFRP) structures from the distributions
of sum of principal stress on surface (DSPSS) through transition learning. DSPSS are obtained from both
the Finite Element Method (FEM) and infrared stress measurement. The infrared stress measurement uses
Kelvin’s theory to convert the surface temperature fluctuation under cyclic loading into DSPSS. The machine
learning model used in this framework is a three-dimensional convolutional neural network (CNN). The
transition learning method employed in this framework is as follows; First, a 3D-CNN that predicts the 3D-
structure of defects is trained from the DSPSS by FEM with noise. Noise is added to the FEM DSPSS, for
which a large amount of training data is available. This noise imitates thermal noise generated by infrared
stress measurements and noise generated by differences in the physical properties of the resin and carbon
fiber bundle. Next, the 3D-CNN is trained by transition learning using DSPSS obtained from infrared stress
measurements. The amount of available data is limited. The accuracy is evaluated using DSPSS from the
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infrared stress measurements that are not used for training.
Key Words : Machine Learning, Non-destructive Testing, Finite Element Method, Carbon Fiber
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With the popularity of social networking services and smartphones, photo processing applications have

become widely used, and there is a growing interest in more advanced photo processing techniques. In the

field of image generation, methods based on Generative Adversarial Networks (GANs) have shown

particularly superb results. We discussed Generating the human body structure of the corresponding anime

character based on GANSs. This research is expected to be applied in the field of drawing that can be used

as a tool to significantly reduce learning period or provide a new study method for drawing beginners.

Key Words: GANS, generating, body structure, anime character

1. INTRODUCTION

Over the past few years, many researchers have shown an
interest in assisting painting based on deep learning. Even
though there is much research have adopted the approach that
fully automatic [1][2] and semi-automatic [3][4] supplementary
methods, either method has little effect on efficiency or cost.
The problem seems to lie in the fact that they always focus on
colorization or directly generate a character and image.
However, there has been little study done concerning how to
help learners to draw a good sketch, and beginners always spend
too much time and energy on learning how to draw a correct
human body structure of character. In order to help beginners to
gain more experience in less time, it is important to find a fully
automatic way to human body structure extraction of anime
characters. The main objective of this thesis is to build a model
to automatically recognize the pose of the anime characters in
the illustration, through this pose [5] to generate the
corresponding human body structure and make sure they could
get a correct reference rapidly.

e mmmm e m—m e

__________________________

Fig. 1: The flow with using CycleGan

2. PURPOSE
Although the ultimate purpose of this research is to help

drawing beginners get a faster grasp on how to draw a correct
anime style character’s body structure, the current purpose is to
find a way to quickly and accurately extract the specified style
of body structure from anime characters, therefore, the flow
assumed as Fig. 1. Meanwhile, most pioneer researchers
generally believe that it is more valuable to keep the content in
the original image unchanged and make changes to its style or
translate it. And it is meaningless to research if the output results
in random content. This view leads to less prior research on how
to use deep learning models to modify the content of images, so
how to control the output results within a certain range is one of
the difficulties in this research.

3. MODEL

In this section, we propose a way how to convert an anime
character image to a simple body structure image. The current
dataset for this study was collected on the web, but
unfortunately, we could not find a website that specifically
stored images about anime style human body structures, which
led to a difficult collection of paired datasets. While pix2pix [8]
is very powerful in image generation and transformation, and
the result is always satisfactory, it is not suitable for this study
due to its high requirements on the training set (needs pairs of
images). Unsupervised model CycleGan [9] does not use paired
image datasets as shown in Fig.2, it for the most part solves the
problem of difficult collection of data sets.

Although we will use an unpaired dataset in this research, the
original CycleGan neural network will only change the style of
the image, not the content of the image, so the loss function
needs to be reset or changed to allow the model to modify the
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content of the image. By changing the loss function and adjust
the model to achieve the desired results.

Paired Unpaired
Z; Yi X Y
)

(A.4)
(% ) ¥\
(3.0 | &

Fig. 2: Paired training data (left) consists of training
examples {x;, y;} N;=1, where the y; that corresponds
to each x; is given [9].

4. CYCLEGAN

. Dy Dy

G G
oo FOROE BAE

t G

Fig. 3: The structure of CycleGan.

Fig. 3 shows the structure of CycleGan. (a) Our model
contains two mapping functions G: X — Y and F: Y — X,
and associated adversarial discriminators Dy and Dy. Dy
encourages G to translate X into outputs indistinguishable from
Dy, F, and X. To further

regularize the mappings, we introduce two “cycle consistency

domain Y, and vice versa for

losses” that capture the intuition that if we translate from one
domain to the other and back again, we should arrive where we
started: (b) forward cycle-consistency loss: x — G(x) —
F(G(x)) ~ x, and (c) backward cycle-consistency loss: y —
F(y) — G(F(y)) ~ y.We could clearly observe that CycleGan
uses the loss function to improve the quality of the learning and
generation results, and to maintain the shape and structure of the
input images without changing, but only the style of the images.
However, in our study, not only the style changes, but also the
content of the images (shape and structure of the characters)
changes, so the loss function needs to be changed or selectively
removed to some extent.

5. DISCOGAN

DiscoGAN [11] (Discover Cross-Domain Relations with
Networks),
relations, the network successfully transfers style from one

Generative Adversarial using the discovered
domain to another while preserving key attributes such as
orientation and face identity. Moreover, pairing images can
become tricky if corresponding images are missing in one
domain or there are multiple best candidates. Hence, the model
constructs one step further by discovering relations between two
visual domains without any explicitly paired data [12].

F28METETHHEERR

The model for relation discovery — DiscoGAN — couples the
previously proposed model. Each of the two coupled models
learns the mapping from one domain to another, and also the
reverse mapping to for reconstruction [13]. The two models are
trained together simultaneously. The two generators G, and
the two generators Gg, share parameters, and the generated

images xp, and «x,p are each fed into separate

discriminators Lp,and Ly, respectively.

One key difference from the previous model is that input images
from both domains are reconstructed and that there are two
reconstruction losses: Lconst,and Leonst-

Le¢ = Lgus + LeBa 1)

= Leang + Lconst, + Lean,™ Lconstg

Lp = Lp, + Lpg 2)

As a result of coupling two models, the total generator loss is

the sum of GAN loss and reconstruction loss for each partial
model (Equation 1). Similarly, the total discriminator loss Lj
is a sum of discriminator loss for the two discriminators D, and
Dg, which discriminate real and fake images of domain A and
domain B (Equation 2).
Now, this model is constrained by twoL;,y losses and two
Lcosnt losses. Therefore, a bijective mapping is achieved, and
a one-to-one correspondence, which we defined as cross-
domain relation, can be discovered.

6. EXPRIMENT
The color is a critical factor in matching the relationship
between the two domains, and we also use the Otsu's method to

h%
¥
Ly

process the anime character data.
ff) E
el

¥4 -

Fig. 4: Automatic image thresholding.

Fig. 4 demonstrates the results of image processing using the
Otsu's method, named after Nobuyuki Otsu (Otsu Nobuyuki)
[15], is used to perform automatic image thresholding. In the
simplest form, the algorithm returns a single intensity threshold
that separate pixels into two classes, foreground and
background. This threshold is determined by minimizing intra-
class intensity variance, or equivalently, by maximizing inter-

class variance. Otsu's method is a one-dimensional discrete
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analog of Fisher's Discriminant Analysis, is related to Jenks
optimization method, and is equivalent to a globally optimal k-
means performed on the intensity histogram. The extension to
multi-level thresholding was described in the original paper, and
computationally efficient implementations have since been

proposed.

First, CycleGAN was used for training, and the results were
obtained as shown in Fig. 5. Since the output results were almost
unchanged except for the pixel values, we decided to remove
the consistency loss function in order to change the results.

e
7 &
¢ 7 B

Fig. 5: Testing with CycleGAN

7 &

Fig. 6: Removing consistency loss

Input

9

Output

R

Output

e

Removing the consistency loss function, the results are
illustrated in Fig. 6, but still no more progress is achieved,
therefore, we believe that CycleGAN is not applicable in this
study. The next step will be to use DiscoGAN to re-train.

ALK

Output

Fig. 7: Testing with DiscoGAN
We have made unprecedented progress, as shown in Fig. 7,
where an image similar to the human body structure is
demonstrated, although the human body structure is not clearly
delineated between parts for the time being, but no longer as
usual, with no change in the results.

7. CONCLUSION
We use the CycleGan model, which not only makes the style
of the image slice change, but no enables the content of the

F28METETHHEERR

image to be modified. CycleGAN is too obsessed with the
retention of the content of the transformed images, and the
results remain unchanged even after the removal of the
Compared with CycleGAN,
DiscoGAN is more focused on discovering the connection

consistency loss function.
between two domains. Therefore, in the subsequent research,
DiscoGAN will be used for more far-reaching training, and we
expect to get a better result, on which the model will be modified
and adjusted to achieve an acceptable effect.

REFERENCES

[1] Larsson G, Maire M, Shakhnarovich G. Learning
representations for automatic colorization[C]//European
conference on computer vision. Springer, Cham, 2016:
577-593.

[2] Varga D, Szirayi T. Fully automatic image colorization
based on Convolutional Neural Network[C]//2016 23rd
International Conference on Pattern Recognition (ICPR).
IEEE, 2016: 3691-3696.

Hiroshiba K, Ogaki K, et al
Comicolorization: semi-automatic manga colorization
[M)//SIGGRAPH Asia 2017 Technical Briefs. 2017: 1-4.

[4] Jacob V G, Gupta S. Colorization of grayscale images and
videos using a semiautomatic approach[C]//2009 16th
IEEE International Conference on Image Processing
(ICIP). IEEE, 2009: 1653-1656.

[5] Toshev A, Szegedy C. Deeppose: Human pose estimation

[3] Furusawa C,

via deep neural networks [C] //Proceedings of the IEEE
conference on computer vision and pattern recognition.
2014: 1653-1660

[6] P. Isola, J.-Y. Zhu, T. Zhou, and A. A. Efros. Image-to-
image translation with conditional adversarial networks.In

CVPR, 2017.

[7]1 ZhuJ Y, Park T, Isola P, et al. Unpaired image-to-image
translation using cycle-consistent adversarial
networks[C]//Proceedings of the IEEE international
conference on computer vision. 2017: 2223-2232.

[8] Kim T, Cha M, Kim H, et al. Learning to discover cross-
domain  relations  with  generative  adversarial
networks[C]//International  conference on  machine
learning. PMLR, 2017: 1857-1865.

[9] Kotecha D. Learning cross domain relations using deep
learning[D]. Dhirubhai Ambani Institute of Information
and Communication Technology, 2018.

[10] Angsarawanee T, Kijsirikul B. Generating images with
desired properties using the DiscoGAN model enhanced
with repeated property construction[C]//Proceedings of the
International Conference on Advanced Information
Science and System. 2019: 1-9

[15]Otsu N. A threshold selection method from gray-level

histograms[J]. IEEE transactions on systems, man, and

cybernetics, 1979, 9(1): 62-66.

-A-11-02 -



© —MHHEABAGEIZS

A-11-03

HEIZEERHRE Vol.28 (20235F5A8)

F28METETHHEERR

HEHI¥S

DPDY 2 alb—2a NG A—32D
EREBRMETEDHM=FEEIC L 5L

Improving Efficiency of Non-Empirical Calculation of Parameters

for DPD Simulation by Machine Learning

tEEEY,

FRREHR?, B EL Y, ),

PR EAY, MEIR Y, A0
Hideo Doi, Sota Matsuoka, Koji Okuwaki, Ryo Hatada,
Soujiro Minami, Ryosuke Suhara and Yuji Mochizuki
1) ) STERFEPEMTR B (T171-8501 FHT S5 X FEt4¥3 T H 34-1, E-mail: hideo-doi@rikkyo.ac.jp)
2) F(R) SERTFIFIRML T HHR REBEAE (T171-8501 HUTARE S X PEIAS3 ] H34-1)

3) H(H)
4) ()

SEHOREPREEAL SRR WFFEE (T 171-8501 BIRUHBE X PEiS3T H34-1)
SEHOREPREEAL AR A (T171-8501 BURUHEBE B X PEHhiS3T H34-1)

5) HRE STECRFEE LR HR (T171-8501 HTARE X PEH4$3 T H 34-1, E-mail: fullmoon@rikkyo.ac.jp)
6) PR FREURFAERINIIZEAT VY —F 7 = o — (T153-8503 H AU A BIXEH4-6-1)

In recent years, the demand for advanced materials development has increased in the field of materials
science. Dissipative Particle Dynamics (DPD) simulations are used to  study materials. However, these
simulations require parameters that describe the interactions between DPD particles. Therefore, we sought
to optimize the calculation of y parameters for DPD simulations by machine learning.
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Data augmentation method for stress field prediction using deep learning
EELHY
Takuya Toyoshi

D) () IR L B A7 L TER s
(T 443-0047 5% Jn R BB T V4 1 MT F5 3250-2, E-mail: takuya.toyoshi@g.aut.ac.jp)

Data augmentation is generally used to improve prediction accuracy, and four arithmetic operations or
random noise addition are performed on the original learning data. This paper proposes an effective data
augmentation method for deep learning to predict analysis results, such as the finite element method. This
method focuses on the appearance probability of learning data and aims to improve prediction accuracy
efficiency. As a result of examining the prediction of the stress distribution of the 2-dimensional finite
element analysis result, the effectiveness of the method was shown.

Key Words : Deep learning, Data augmentation, Finite Element Method, Stress Field Prediction
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Investigation of material constitutive model by using deep neural networks based on
thermodynamics

="

Takuzo Yamashita

DI () BESERIHMTITSERT EEMSEE (T 305-0006 KRR S < IXHRER 3-1)

The author aims to construct a unified framework of material constitutive models by deep learning based
on thermodynamic. In this study, a simplified modeling of the elastic-plastic model with a von Mises-type

isotropic hardening law was attempted. First, the Helmholtz free energy was trained using data from the

elastic analysis, and then the neural network that outputs the increment of plastic strain was trained using

data from the elasto-plastic analysis. By using this trained model, the stress-strain relationship of the elasto-

plastic constitutive law was succeccfully reproduced.

Key Words : Constitutive Model, Machine Learning, Artifical Neural Network, Thermodynamics
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Fundamental Study on Two-dimensional Magnetostatic Field Analysis by PINNs
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Masao Ogino
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For the magnetostatic field problem derived from Maxwell's equations, the 4 method with the magnetic
vector potential as the unknown is widely used as the formulation, and the finite element method with
edge elements as the spatial discretization. There is also the # method in which the magnetic field is an
unknown as a classical formulation. This paper reports the results of applying PINNs to boundary value
problems of partial differential equations formulated by 4 method and A method respectively.

Key Words : PINNs, Magnetostatic field analysis, Machine Learning
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Investigation of Application of Fillet Stress Prediction Method
Using Neural Network to Transmission Case
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In this paper, we examined the possibility of practically applying the stress prediction method for fillet
sections [1] using a neural network, which has been proposed as a previous study. A neural network was
used to learn the relationship between the stress distribution of a simple corner model using tetrahedral
quadratic elements and the stress values of a fillet model. The machine learning model was used to predict
the stress at the fillet of an automatic transmission case and its accuracy was evaluated. As a result, it was
confirmed that the prediction accuracy was within the practical range when the geometry did not change
significantly when simplifying from the fillet model to the corner model. On the other hand, when a
complicated geometry such as an automatic transmission case is simplified to an edge model, the geometry
changes significantly and the accuracy is not improved.

Key Words : Stress concentration, Neural network, Finite element method, Automatic transmission
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Investigation on Interpolation Method with PINNs
for a Two-dimensional Block Wake

i 752

D,

Masayoshi Tsuji and Takenobu Michioka
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WA L eRE (T577-8502 KR AR R Hi/NE713-4-1, E-mail: 2333330337n@kindai.ac.jp)

2) () IS RFHE TN #Hd7 (T577-8502 K B KPR 17/ 4471.3-4-1, E-mail: michioka@mech.kindai.ac.jp)

Recently, a machine learning model called Physics-Informed Neural Networks (PINNs) was proposed to
address the black box problem of machine learning. This study applies PINNs to the flow field behind a
simple two-dimensional block and the model outputs the flow velocities in the block wake. The PINNs
can interpolate the flow velocities in the block wake with reasonable accuracy from a relatively small
amount of training data obtained by numerical simulations.

Key Words : Two-dimensional block wake, Interpolation, Physics-Informed Neural Networks
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Development of Land Use Classification Model
by Semantic Segmentation Using Aerial Photographs
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This paper presents a land use classification model for aerial photographs based on a deep learning image
classification method. In order to mxamine the validity of the present classification model, the model is
applied to aerial photographs of the target area.
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In recent years, machine learning for design engineering and numerical simulation is progressing. The

authors have developed a robust design method and optimization tool (JIANT) for nonlinear simulation.

In this research, we propose an environment for creating a surrogate model for machine learning by

utilizing the multi-level orthogonal matrix, which is a feature of JIANT. This is expected to enable high-

speed data assimilation and robust design (quality engineering, set-based design).
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