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Inverse analysis of unsteady incompressible flow using PINN
with distance field, adaptive weight, and sign constraint
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We present an improved approach for inverse analysis in Physics-Informed Neural Network (PINN) by ad-
dressing boundary condition imposition and weight tuning. While standard PINN formulations incorporate
boundary conditions through the loss function, we enforce them exactly using distance functions. In ad-
dition, we enhance accuracy through dynamic weight tuning and an explicit sign constraint on estimated
parameters. These improvements address reliability concerns in PINN, particularly for inverse problems.
The effectiveness of the presented method is demonstrated through numerical experiments on incompress-

ible flow in a square cavity and flow around an obstacle.
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SHERZEAERNC AR B HALE, 1990 FERD 1T
bITWS [1-3]. EFETEEMEEZ A 77V O
MitEA, FETFEDLENVTFICRBLTWS. —FH, 0D
£ 5T = ZEE D 7 T u—F I T O
MENE WS DD D, EROGEEIERIN LY
BOBHD. TOLIERNIS, REDT —XITEONT
2% 415 J51% (purely data-driven) 12fXH D, FHHEGH]
ik xBAL7ET L (prior knowledge-informed) % &
AT 3 Z e CREEEEZM EXE 2 FEPERINLTY
% [@]. FHiZ, PINN (Physics-Informed Neural Network)
[S] (ENERFEAT - AT OTE I P HEAH ATRE & W 5 R
BrHs, mh7r—&Z2EHT2HETHHZATY
3R], £/, FFEEX Xvad)—Rk77a—F
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FHHE O OFATIRSE (1] CTlF, JEFEMEOTRIVGIZE Y
T, FEREREECE AW BRSO HLD o [R-TO] & Ef
AIEE A [I1,02] DHFFIC & 2 Wit o mfg bz B L
oo L L6, 05G22 T DRI
REXNTED, [B,13,03] 7% ORFEFiLE 0ZEHHb
DA TH o 72, KRBIFETIE, FFED, BEFEFE
TR BN L NHEICN LT AR THL Z k
ZRL, ZORMMEZIMLLT 5.
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(1) Physics-Informed Neural Network
JEEMEM: D Navier-Stokes TR ZE 2 3.
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u=ur on T 3)

ZZT, u=(uv) HEE, pldES, pldEE, vIZH)
KRBT H 5. PINN [8] 1, f# u(x) Z MLP (Multi-
Layer Perceptron) ai(x;0) 12 X D3ialL, DINOEKE
BreR/MET2Z e THEEEITS.
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—+(u~V)u+;Vp—vVu dx 5)
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B-1: #RITITH S % FRAERI L

I T D D EEPALENT 25 E08Z V. K
HETIE, ZOXIBRRFNVT A7 T u—F% ‘soft
imposition” £ LY, ITHAR 2 75¢H & XAlF 5. 2B,
. @)-®) DFIAIX, (quasi-)Monte Carlo EIZ & D L
35 (FlziX, [ms) .

(2) HEEBEEERAVERZEOGE

I Q FOFEDA x I2BWT, BRT £ ToHEE
T IR C A TR T 5. x 206 T % TR 2 I
ZOX)TERIZLETEE, OEIRORHEEE- (14].
(A) ®(x)=0 (xel)

B) 3,0(x)=1 (xel)

(C) "P(x)=0 (xel,meZs)

T, vIiET LONRAZHRAIERR S bV TH B, T2
72U, B O 2R 2 23RBS
M2z, THEELINCER TR ¢ (x) ZHET 5.
¢ WERT R, ERRORHE (C) ZBEM LM TD
3DOTH5.
(@ ¢x)=0
b) dpx)=1 (xel)

() p(x)=0 (xelk=2,....,meZs)

IO E, pldmRXETIERLEh TV, 255 [11].
3, BRIt 2 IR ORI OWT
HBRD. HP YR QERIRITE Spo XL, LLFOD
FFEAT = BEBERERL spo (x) ZEFKT 5.

1 7
roll 72 ™ ilxrll
ZIZT, 1N L 2 s, s, IBRP ERLQ ZAERIE
RS b (XS D15 S BRBEBIEL, npo 13 Sp, 1IXTS
LENERRZ b LVTH B, K2, UFor) I vy
B tpg (x) BERTD.

1 MMW_ B 0
|mﬂ«2 Mxﬂ 1o

TIT, xc 3T Spo DFRTHS. LLEXD, spg (%)
¥ tpo (x) ZHAEDET, ¥ S po (AT 2 FHAERTEL
bpo (x) BEHKRTZZLHTES [9].

(xel)

spo (x) = npg-(x—xp) (9)

tpo(x) =

12

BiEfle LT, P = (2,27, R0 = (878" %
EIT S po 1T B A BIECE M- 1R, N X
D, #5 Spo 7%, § = {xeR}|spp(x)=0} ¥ T =
{x €R? | 1pg (x) 2 O] DRUEL P = {x € R | gpg (x) = 0]
Y LTEBENTVS I L HHERTE 3.

T, FEEGTN S 2 FRRERI U O W TN B . B
ST BRI oMkEh 2565252 T =
UX, T, Ticxtd 2 B2 LU NI & D EFT 5 [16,1R].

¢ = M (12)
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ZZT, m(€Zs) i ¢ DIEHILOXETH 2 (LFLD
FE () . H2W0IE, XD EEICEBEBER 2 LS %
ETiE, RozEtvHILATVS.

e=[1a (13)

R (@), @)X, MWHF & DIFHE () 272323, R @)
R (b), () Biif7- &3, Neumann 55t 7% £ 5 15 5UlH
MIENEA ST 2Oy 723, 7B, [B,03,04] 7%
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¢:crhi (14)
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i =P @)= ar + ¢t (15)
Z Z°C, ar & Dirichlet £&f7% N6 L 7-B8%T H % [17].
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Dirichlet 254 % {57z 3. Neumann S22 W T & [FIFR
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S B R 1% hard imposition” & FESN.
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