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Uncertainty analysis of Gaussian plume model based on Bayesian MCMC method
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Abstract  [Background] Appropriate atmospheric diffusion model is necessary to evaluate the consequences of
hypothetical accidents at nuclear power plants. Compared with the traditional uncertainty analysis method, the
Bayesian method fully considers the existing observation data. The Markov Chain Monte Carlo (MCMC) method can
conveniently combine the Bayesian method and Gaussian plume model. [Purpose] This study aims to analyze the
parameter uncertainty for improving the credibility of model prediction by using Bayesian MCMC based Gaussian
plume model (GPM). [Methods] The Bayesian method and Gaussian plume model were combined to be adopted in
the MCMC method. Firstly, the sensitivity of the GPM to several important parameters was analyzed by changing the
value of one variable at a time, and then the two parameters with the highest sensitivity were selected using the
Bayesian MCMC method for uncertainty analysis. [Results] By analyzing the MCMC sample sequences, the best
fitting of observation data and confidence intervals of simulation results are obtained. [Conclusions] The Bayesian

method provides a more reliable confidence interval, which can provide better reference data for emergency response
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after the accident.
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Table 1 Calculation process of one-variable-at-a-time approach

R L S X B4R R A TP L WS
Release height / m Wind speed / m-s™ Release radius / m Release rate / m-'s™ Plume temperature / °C Air concentration / 10° Bq-m™
40 4.0 0.30 1.5 100 431
48 4.0 0.30 1.5 100 2.83
56 4.0 0.30 1.5 100 1.97
64 4.0 0.30 1.5 100 1.43
40 4.0 0.30 1.5 100 431
40 4.8 0.30 1.5 100 3.79
40 5.6 0.30 1.5 100 3.38
40 6.4 0.30 1.5 100 3.05
40 4.0 0.30 1.5 100 4.31
40 4.0 0.36 1.5 100 4.10
40 4.0 0.42 1.5 100 3.90
40 4.0 0.48 1.5 100 3.73
40 4.0 0.30 1.5 100 431
40 4.0 0.30 1.8 100 4.20
40 4.0 0.30 2.1 100 4.10
40 4.0 0.30 2.4 100 4.02
40 4.0 0.30 1.5 100 431
40 4.0 0.30 1.5 120 4.21
40 4.0 0.30 1.5 140 4.14
40 4.0 0.30 1.5 160 4.08
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Table 2 Prior distribution of input parameters
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Table 3 Analysis of model results series

IR RS R/ME ISUN: REL FrifEZE

Downwind distance / km Minimum value / Bg'm™  Maximum value / Bq'm~® Mode / Bq'm™ Standard deviation / Bq'm™
0.5 6.479x10° 9.117x10° 1.007x10° 5.375x10"

0.8 4.251x10* 7.970x10° 2.148%10° 4.619%x10*

1.0 5.878%10* 6.558x10° 2.147x10° 3.764x10"

2.0 5.914x10* 2.873x10° 1.324x10° 2.025x10*

5.0 2.490x10* 8.403x10* 4.639x10* 7.701x10°

040009-5



% AR

2020, 43: 040009

4

“5E

HH EE T A% e i AN 58 20 A 77 ik, DU 7 077 9%

AT A R GRS HUE I A5 R
F RN ATSE 15 21 BAF X TR AT A5 B S e
Sy IRBHREE SRS R 2 T3] D7 AR & K ik
AEE TR UL $r 5 925, B G 1 DL S 2 s ) — A
B SR 5 DR b T DUAR e e 7 FH 72 0 DL SR Ag T =X
R,

HRAE MCMC J5 B Fr 51 %k 7 PR AR A5 4L 45

SRR AR ORI #E 22 5040 70 A 5 7T DAAS 00000 AR ) e
DEARL A5 A AT X 8], AT 9 2 N300 3 4 {1 B
AT FE A EHE 25, A7 RBEAR PR SRR 1R A XS o

S5 3CHR

1

P B S =A% BTG 2 2 W) AP1000 1FIE[)]. R}
22 5 T FE, 2005, 25(2): 106—115. DOI: 10.3321/j.issn:
0258-0918.2005.02.002.

ZHANG Mingchang. Current status of generation III
nuclear power and assessment of AP1000 developed by
Westinghouse[J]. Chinese Journal of Nuclear Science and
Engineering, 2005, 25(2): 106—115. DOI: 10.3321/j.issn:
0258-0918.2005.02.002.

L, BENERE, Jev, 55 . RAY BN 2 Hk 89 X3 A
B E VESZ BT FE[)]. b 50K A4k (A SRR 2D, 2019,
55(5): 878-886. DOI: 10.13209/j.0479-8023.2019.058.
ZHENG Yufan, CAI Xuhui, KANG Ling, et al. Study of
the influence of wind field uncertainty in atmospheric
diffusion Acta
Naturalium Universitatis Pekinensis, 2019, 55(5): 878 —
886. DOI: 10.13209/j.0479-8023.2019.058.

Fli2R, REF . S K EAE AU A 78 VE R DL 87 70 4
[7]. K FI 24K, 2010, 41(3): 264—271. DOI: 10.13243/;.
cnki.slxb.2010.03.004.

LU Le, WU Jichun. Bayesian analysis of uncertainties in

emergency forecast[J]. Scientiarum

groundwater numerical simulation[J]. Journal of
Hydraulic Engineering, 2010, 41(3): 264—271. DOI: 10.
13243/j.cnki.slxb.2010.03.004.

AEASIREGEL . AR PN BOR S W —— KA (HY
2.2-2018)[S]. Ab5T: HhEFRGERF A H R, 2018.

Ministry of Ecology and Environment of the People's

Republic  of China. Technical guidelines for
environmental impact assessment -  atmospheric
environment (HJ 2.2-2018) [S]. Beijing: China

Environmental Press, 2018.

Cimorelli A J, Perry S G, Venkatram A, et al. AERMOD:

10

11

12

13

14

15

040009-6

description of model formulation (EPA-454/R-03-004)
[R]. USA: US Environmental Protection Agency, 2004.
Cambridge Environmental Research Consultants Ltd.
ADMS 5 user guide[M]. Cambridge, 2016.

Homann S G, Aluzzi F. Hotspot health physics codes
version 3.0 user's guide[R]. California, US: Lawrence
Livermore National Laboratory, 2013.

Pisler-Sauer J. Description of the atmospheric dispersion
model ATSTEP[R]. RODOS (WG2)-TN (99)-11, 2000.
Mallet V, Quélo D, Sportisse B, et al. The air quality
modeling system polyphemus[J]. Atmospheric Chemistry
and Physics, 2007, 7(20): 5479-5487.

U7 1%, 24T, J7HR, % . ARCONOG MRS T 5147 AT 7T ¢
o5 i A R AR RS R B T il o o B R[] TR
REEEFAR, 2012, 46(S1): 617-622.

FANG Sheng, LI Hong, FANG Dong, et al. Computation
behavior of ARCON96 model and comparison of
ARCONO96 and Gaussian model in atmosphere relative
concentration estimation[J]. Atomic Energy Science and
Technology, 2012, 46(S1): 617-622.

Bander T J. PAVAN: an atmospheric-dispersion program
for evaluating design-basis accidental releases of
radioactive materials from nuclear power stations[R].
Richland, WA USA: Pacific
Laboratory, 1982.

KWK LI AR M]. b5t ST A8 AR, 1999.

SONG Miaofa. Foundation of nuclear environment[M].

Northwest National

Beijing: Atomic Energy Press, 1999.

TR T2, 6B . R A RN R k0 BT 75 T R IR 0]
Rl 5 E R, 2006, 29(5): 112—114. DOI: 10.3969/j.
issn.1003-6504.2006.05.045.

XING Kexia, GUO Huaicheng. Review on uncer tainty
model[J].
Environmental Science and Technology, 2006, 29(5): 112—
114. DOI: 10.3969/j.issn.1003-6504.2006.05.045.

FEI, NE AR T mUR s S B
SINTIT). AEERL S 5 EE, 2008, (10): 178-180. DOL: 10.
3969/j.issn.1673-1212.2008.10.049.

WANG Yingwei, SUN Xue. Analysis sensitivity of

analysis methods in environment

parameters in point source gaussian model under the
conditions of wind[J].
Management, 2008, (10): 178—180. DOI: 10.3969/j.1issn.
1673-1212.2008.10.049.

KRB, BEE . WU 2 oS R e (M), b s
k2t ik, 2006.
ZHU Huiming,

Environmental Science &

HAN Yuqi. Bayesian multivariate



FERANSE . JET UM MCMC J7 3 1 o 0 MR PSR AT 5 1k 23 #r

16

17

18

statistical inference theory[M]. Beijing: Science Press,
2016.

KRWFE . BIRFIREESR R P T SRR ] it S
W38, 2009, 35(21): 151 — 153. DOI: 10.13546/j. cnki.
tjyjc.2009.21.010.

ZHU Xinling. Review on Monte Carlo method of Markov
chain[J]. Statistics and Decision, 2009,35(21): 151—153.
DOI: 10.13546/j.cnki.tjyjc.2009.21.010.

Haario H, Saksman E, Tamminen J. An adaptive
Metropolis algorithm[J]. Bernoulli, 2001, 7(2): 223-242.
DOI: 10.2307/3318737.

Gelman A, Roberts G O, Gilks W R. Efficient metropolis
jumping rules[J]. Bayesian Statistics, 1996, 42(5): 599

19

20

040009-7

—607.

Hrivetts, A oc. 2T B8N MCMC B R 5%
[7]. WX &% 22 2 H R 5 B H, 2013, (1): 46-49. DOI: 10.
3969/j.issn.1009-6833.2013.01.017.

JIN Xiaoyan, ZHOU Xiyuan. Modulation classification
algorithm based on adaptive MCMC[J]. Network Security
Technology and Application, 2013, (1): 46—49. DOI: 10.
3969/j.issn.1009-6833.2013.01.017.

Gelman A, Rubin D B. Inference from iterative
Statistical

10.1214/ss/

simulation using multiple
Science, 1992, 7(4): 457 — 472. DOL:
1177011136.

sequences([J].



