AT 455 5 Moa oM = Mt KR FE ok Vol. 47 No. 5
2015 4F 10 H Journal of Nanjing University of Aeronautics & Astronautics Oct. 2015

DOI:10. 16356/j. 1005-2615. 2015. 05. 024

BP MM % K ERERERFEESHHR

BE AT R A E B BATS HXE
CLo R 28R R A PR B2 5 BOR 22 e 1 0, 2111065 2. YL 44 o AT = 2~ B ] €385 v W 3t 210016)

HEMMFRELAN , TE EHORRZERA L EG I ITHHEE L LRBERSE L., KA Matlab #4924
W2 T B TASILAT BP AV 2 W 469 4 F 8OR AR K. A 32 & 4 F ¥R R R IE 7 569 4 L A5 ROE B
HIANEZLAKBTAR OB ASET AR NGIR FIEFBRAEEHR., FREREAV . ELBRAENZ
MEEMERLT BFEERREEENT SR . Z0F BRI G A fiR £, ALAREAEY L4450 kit
AP YT —F AR AR A SR E £ 8 T L)1 % 24 Trainlm b Traingdm # 3 &% EFH D W F
BRRARIR IR EREE S AT ERD SO INAENAHETLE I HFT EAAREE E TR
3 M F HOR R BIE 69 AR D 2 B ] AR 23 e

SABI AR M5 IRIRAR Y s F M R TRLIE ; BP AT 2 B % | 4 B 3

FE 45 S X946 XHERARERD A XEHS:1005-2615(2015)05-0778-07

Important Parameters in Inversion of Nuclear Accident
Source Term Based on BP Neural Network
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Abstract: When the nuclear accident occurs, the reliable source terms can provide the data support for
emergency response measures effectively. The network toolbox of Matlab can be used to realize the nu-
clear accident source term inversion based on the BP neural network. To improve the accuracy of nuclear
accident source term inversion calculation, several important parameters in nuclear accident source term
inversion are studied based on the BP neural network, including the number of hidden layer nodes, the
kind of training function, the learning rate, and the number of hidden layers. The results show that the
optimal hidden layer node number can be figured out in the single hidden layer, and based on the training
time and error, the hidden layer node number selected for further studies is 50. Under the condition of
the same parameter settings, the training function "Trainlm” is more suitable than "Traingdm” when the
amount of nuclear accident source term data is small. And the inversion calculation accuracy by "Train-
Im” is higher and the training time is shortened by nearly 35% when the hidden layer node number is 50.
The high learning rate and double hidden layers can effectively improve the accuracy of the nuclear acci-
dent source term inversion, but the training time relatively increases.
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Fig. 1 Schematic of BP neural network structure
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Fig. 2 Flow chart of source term inversion based on

BP neural network
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Fig.3 Change trend of training time
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Fig. 5 Change trend of training error
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Fig. 6 Testing results of Trainlm
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