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Introduction

= Background
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4\_j(|x-| HFEH.

A Y8 FDM (Finite Difference Method), Spectral analysis, CFD (Computational Fluid Dynamics), PINN (Physics Informed
Neural Network)
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Methodology

= Air dispersion model
- BAE SEL E2 LS EL O7] =etof CHsl A2t ¢ >0, |IK] (x,y,2)0 X2 LE=EE skE&
Uy EHA 0| ofsf R
- 2K HO|E WHA HEfS 71
dC " Where,
V=2 Cxy,2,t): S5 [kg/m?]

J(x,y,2,t): mass flux [kg/m?s]
S: Source & Sink &

j:jD +fA

Jp = —KVC K = diag(K,, K,, K,) [m?/s]: &4t A==
]_)A =Cu u= (ux'uyruz) [m/s]: HFEHE

aC
E+V-(Cﬁ)=V-(KVC)+S




Methodology

= Air dispersion model

— Gaussian model

%y (Cd) =V (KVC)+ S

dt
- Sourcex= ot HEzE= A= (0,0,h)0 XISt point source
> S = Q6(x)8(3)6(z — )
- Higto| gigkif £ &= A-™E > 1= (1,0,0)
o HfZh HISE (x B3O 2 = advectionO| X|H{E 0|22 HtZh 8iSEO| diffusion effect FA|
> K, =0
« Time scale is long enough

. Q —y? —(z—h)? —(z + h)?
Clx,y,z) = Wexp W exp 202 + exp 202

= Gaussian Plume model




Methodology 3C .
— +V-(CU) =V-(KVC)+ S

dt

* PINN (Physics Informed Neural Network)

- O 384 (=aH 22)2 8 & 2ls dEd8ez P80t 0|F sta

2
oc + ua_C = KG_C (for 1D,whenu and K is const.)

ot 0x 0x?2

Input Hidden Layer Output Ci = —uC, + KC,,,
PDE Cé(_o:o’tg)zz()o Boundary condition

4

Optimization | C; +uC, —KCy, =f € Loss function

argmin(MSEf + (NN(—,t) — 0)2 + (NN(o0,t) — 0)?)
w L - J L Y J

assume that C = NN(x,t) Loss function Initial & boundary condition




Methodology

* PINN (Physics Informed Neural Network)

@D assume that C = NN(x,t)

def net_Clself):

se|f.C_model = tf keras.Sequential()

¥_C =tf.stack([self.x_C, self.t_Cl, axis=1)

sl f.C_model . add(t f.keras. lavers. InputLaver (input _shape=( layers[0],))) C = =self.C_nodel (%_C)

@ f=Ci+ul,—KC,y

def net_fiself)
with tf GradientTape(persistent = Trug) as tape:
tape.watchisel f.x_f)
tape,watchisel f.t_f)
4 f = tf.stack([self.«_f, self t_f], axis=1)

C = self.C_nodel (X_f)

C_t = tape.gradient(C, self.t_f)
C_x = tape.gradient(C, self.x_f)
C_wx = tape. gradient (C_x, self x_f)

del tape
return C_t + wind + C_x - K+ C_xx

@

return C

randomly sampled
x,t

® argmin(MSE; + (NN(—o0,t) — 0)? + (NN(oo,t) — 0)?)

def loss(=elf):
f_pred = self.net_f()
C_pred = self.net _C[)

return tf, reduce_neanitf. squareisel f.C - C_pred)) + tf.reduce_mean(tf. squarel f_pred))

boundary condition
x,t




= 1-D / constant wind & dispersion parameter

— X7|4k C(x,0) =
—u=5 K=5

1

cosh(10x)

d%C

(for 1D,when u and K is const.)
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<3 &2 BXHRoot Mean Square Error>

RMSE FDM FFT PINN
FDM - 1.11E-6 | 2.66E-5
FFT 1.11E-6 - 3.09E-5
PINN | 2.66E-5 | 3.09E-5 -




Result

=2-D

- 2274k C(x,0) = -

cosh(lO x2+y2)
—u=(uu),u=2/>510
— K: Ae|0f| M2t ddX o= S7t
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=2-D

- X704k C(x,0) =

1

- 1 =(50)
- K: Ae|of mep 4
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— 718 C(x,0) =
|HA (x’ ) COSh(lO x2+y2)

ﬁ
— u = (5,5)
— Smaller K
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471 (rlgja2177 @gmail.com)
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