Sk B0 O S O I ¢ Vol. 42 No. 10
2021 4 10 H Chinese Journal of Scientific Instrument Oct. 2021

DOI: 10. 19650/]j. cnki. ¢jsi. J2107839

E F CEEMDAN Fn#L 2R 18 22 M 28 1Y
ERIRD[EHBAEIRS

XA R B R, OB
(FRIERIRAREB S 3 TRBe Ak 132012)

B RRIE IR AR XA B ) B R AR BT R S B ek AR AR R h T R
555 LA X IO PR AT R R B0, RS AR AR 3 4 8 P 19 PR 2055 Bl et 3 K LA 3 3 2 (A 3 A i, R IR BB 18 5 R R 0t
RMFRRIRNITR , FXF R R IR SRS IR IR 2215 5 00 5 22, 43 R A B 38 I 18 75 19 58 4 B IR 2 0 S 25 o0
( CEEMDAN) FIEA L RS 51 ik (EEMD) X /Nl B 5 119 i 2545 5 AT 20, £ I CEEMDAN RERS 7L 38 /DB 43-f 1 ]
BHARAS 2G5 spearman A5G REEERE A FAF R LAY IMF 4323547 Hilbert 28 #1157 RE = AE M FRIEME R
FEVME 280 22 ) 245 o 3 D R AT IR ), 45 S R W, SR CEEMDAN 3EAT A5 20 20 7 45 4 M 2R 0 25 I 2% 1) 1 531) 5 125 v A 26 3k 3
95. 83% , REME I THRARIR BN T P AR I B IR

KB . SR IATAS A MER A 2 R 4% S RARIR BN SR AR 5 TR

HES %S TH01 MEARIREE: A EXREFERISERE: 470. 10

Flow pattern identification of fluctuating vibration gas liquid two phase flow
based on CEEMDAN and probabilistic neural network

Liu Qichao, Zhou Yunlong, Chen Cong

(School of Energy and Power Engineering, Northeast Electric Power University, Jilin 132012, China)

Abstract; Accurate identification of fluctuating vibration gas-liquid two-phase flow pattern is of great significance for the safe and stable
operation of nuclear power platform under floating vibration. Through comparing the differential pressure signals and the corresponding
spectrums in static and fluctuating vibration pipelines, it is found that the differential pressure signals in fluctuating vibration pipelines
have larger fluctuation amplitude and contain more frequency components, and both flow patterns have dominant frequency, which is the
fluctuating vibration frequency. Aiming at the complexity of the pressure difference signals of gas-liquid two-phase flow in fluctuating
vibration state, complete ensemble empirical mode decomposition with adaptive noise ( CEEMDAN) and ensemble empirical mode
decomposition (EEMD) are used to decompose the pressure difference signals after wavelet de-noising. Tt is found that CEEMDAN can
reduce the mode components and obtain more effective components at the same time. Through calculating the Spearman correlation
coefficient, the IMF components that have symbolic meaning are selected to perform Hilbert transform, and the energy is calculated and
used as the eigenvalue. Probabilistic neural network is used to identify the flow pattern. The results show that using CEEMDAN to
perform mode decomposition, combining with probabilistic neural network , the accuracy of the identification method is 95. 83% , and this
method can be used to identify the flow pattern of gas-liquid two-phase flow under fluctuating vibration.
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Fig. 1 Fluctuating vibration platform structure
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Fig. 2 Flow patterns of gas liquid two phase flow in vertical

pipe with fluctuating vibration
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Table 1 The correlation coefficients of IMF components

and original signals for EEMD decomposition

75 1 2 3 4

IMF1 0.7327 0.549 4 0.648 0 0.651 9
IMF2 0.5329 0.8512 0.599 4 0.778 2
IMF3 0.279 6 0.533 4 0.496 1 0.404 6
IMF4 0.3519 0.262 3 0.340 7 0.1618
IMF5 0.430 7 0.112 4 0.205 2 0.157 5
IMF6 0.269 3 0.061 1 0.148 9 0.165 3
IMF7 0.027 5 0.021 6 0.053 9 0.020 4
IMF8 0.035 8 0.006 6 0.020 5 0.010 8
IMF9 0.021 9 0.001 2 0.028 5 0.008 2
IMF10 0.017 1 0.002 0 0.0137  —0.005 8
IMF11 0.017 1 0.002 5 0.0134  -0.004 8
IMF12  -0.002 7 0.005 3 0.0116  —0.005 1

%2 CEEMDAN 7}f&& IMF 2 2fRHRESHEXRE
Table 2 The correlation coefficients of IMF components

and original signals for CEEMDAN decomposition

T 1 2 3 4

IMF1 0.724 6 0.707 6 0.648 0 0.652 2
IMF2 0.551 0 0.632 6 0.574 9 0.731 4
IMF3 0.502 0 0. 669 2 0.5820 0. 650 2
IMF4 0.301 6 0.506 1 0.495 4 0.320 2
IMF5 0.289 8 0.2255 0.342 4 0.127 8
IMF6 0.402 6 0.079 4 0.194 3 0.162 8
IMF7 0.303 2 0.1222 0.147 4 0.159 4
IMF8 -0.013 8 0.051 4 0.055 6 0.000 1
IMF9 0.021 7 0.0430  -0.0004  -0.0015
IMF10 0.019 2 0.025 0 0.027 0 0.009 4
IMF11 0.013 1 0. 063 2 0.0200  -0.0118
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Fig. 7 Recognition results of different methods
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Table 3 Accuracies of different recognition methods %

P E R % EEMD+PNN CEEMDAN+PNN
HRIE 83.33 90
AR 90 96. 67
PR 93.33 96. 67
AR 100 100

Gh 91. 67 95. 83
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