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Abstract

The Bratu equation plays a pivotal role in describing the temperature distribution during heat con-
duction. In this study, we deployed a segmented sensor array within a one-dimensional interval to
collect corresponding temperature values. Considering the measurement errors of each sensor, we
utilized Bayesian inference to analyze the overall temperature distribution of the conductor. Initially,
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we performed inference based on the collected data under various levels of noise interference, aim-
ing to obtain a temperature distribution that aligns with the test data points through a Bayesian
neural network. Subsequently, we incorporated the Bratu equation, which describes the character-
istics of heat conduction, in the hope of achieving a temperature distribution that conforms to this
equation and further inferred using the Bayesian neural network. The results indicated that the
Bayesian inference combined with the Bratu equation significantly outperformed inference based
solely on data. This finding underscores the importance of integrating physical models with data-
driven approaches in heat conduction problems.
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Figure 1. Graphical representation of the transcendental equation (7) for various values of
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Figure 2. The graph of u(x) when 4 =4,
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Figure 3. The dataset of u(x(i)) and u" for different values of e,

3. BEREN  Tu(x")fiu’) Himtk

3.2. Bartu 75 FE 8 4E 5 19 DI H-HirHE
FRATHE) 28 DL P B 4 22 X 2% f) EAARAE ZE )9 1 x 16 x 16 x 1, F40% BB B FH tanh, SEFEJT 9 HMC.
3.2.1. BABGESE D 89 DI H R
BT EIE 45 D BEAT VLS HERT, MR35 2k R A U134 9 28 A RS B0 4 A TR0 A e s B 4
KMz %, B
Loss =30, ——
! 20.(')
AV R B S, HEWTEIE DA R a2, IR LA 4.,
B 4 TDANER R, BT B ) DL S R A B AE s S PR B AR ke . S IRIL g R
HEAT I 0 X, 99 i DR P AR 5 B O 03 T E B 8 A X3, SR 45 SR 5 SR B i & B B

() (x.0)-a" (x.0))

DOI: 10.12677/mp.2025.151002 17 AR L


https://doi.org/10.12677/mp.2025.151002

B S

IS P 4(a) P 4(d), BATRT UKD, B RAAT B AR, DL Sr b8 AR ANt 5 2L L (7 9E) 22
FHENTE), XM RN I R G T S PR

1.5

— Exact
——Mean

2 std
1.0 x Training data

0.51

0.0
—0.51 —— Exact
— Mean
~0.51 -1.01 « gl":;&ing data
0.0 0.2 0.4 0.6 08 1.0 0.0 0.2 0.4 0.6 0.8 1.0
@ ¢ ~N(0 0.1%) (b) & ~N(0, 02%)

—Exact —Exact
——Mean —1.0 { —Mean
—1.07 254 2std
x Training data 154 * Training data
0.0 02 04 06 08 10 0.0 02 04 06 08 1.0
(© &~N(0, 03) (d) & ~N(0, 0.4%)

Figure 4. Bayesian Inference based on the dataset
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Figure 5. Bayesian Inference based on the dataset and Bratu equation
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