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Abstract

This paper mainly uses feedforward neural network to solve one-dimensional steady-state con-
vection diffusion equation. The equation contains a small parameter, so the traditional method
cannot achieve the ideal effect. This paper constructs the neural network simulation equation and

then makes comparison with its accurate solution. This paper chooses parameter ¢ = {0.1,0.01} ,

uses computer software to simulate, calculates its error, and makes an image.
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Figure 1. Schematic diagram of neurons
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Figure 2. Neural network diagram

& 2. HMEMEREE

DOI: 10.12677/aam.2022.111005 30 W FH HeEt e


https://doi.org/10.12677/aam.2022.111005

FHE, AR

4. REMEBYEDHENDTR
X F— AN e A AR R
{*ﬁu(x): f(x), xeQ

u(x)=g(x), xeaQ

Horpu(x) R—ARERE, ROACKBAET, £ (x) B g() NEREI. ML T RS

e
1) 765 SUBEQ A X (121,20, N) o 7200 FEUFAR A X (=12, M) Herft M, N 46
NEHA
2) M4 B, 5 u(x) = u(x:0)= FY° (x), 36 0= (W,b) MM Rz 5.

1

b 1 % 1 M i 2
3 BBk L(0)=1 > (%(u(x »‘”»L_*MEW“”‘“”WM
8) FT 3) PEVKEBUR/ME, RIHM&SHEW, b,
(W",b")=arg(min(L(0)))
5) 15 B AR I A u(x,07) = FY ¥ (x)
5. HERE

AL & ={0.1,0.01) =FifE SLBEATHI, (& BIEAE Python 1 TensorfFlow FEAHEATIFEE. 7EM
LW KGRl R b B S A T2 FEeZ BT 22 I 2B ATTHAR, 125 20,000 Y, 1 H AR AR MRS At
B, IFTRHIRZE. K 3 2 e =01 REQ@)MEUA M S5 KGR 14 4 & e =0.01 1 TR (3) 1
B i SAE w0 B R

1.0 1

0.8 1

0.6 1

Ju(x)|

0.4 -

0.2 1

00 T T T T U
0.0 0.2 0.4 0.6 0.8 1.0

X

Figure 3. Images of exact solutions (blue line) and approximate
solutions (green line); error is 5.69e—05
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Figure 4. Images of exact solutions (blue line) and approximate
solutions (green line); error is 9.01e—05
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