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Abstract: A two-phase flow parameter measurement method, which combines multi-task learning
and electrical capacitance tomography, is proposed to solve the problem of the interference in pa-
rameter measurement caused by the low accuracy of the images reconstructed by the reconstruc-
tion algorithm in terms of electrical capacitance tomography. Firstly, the residual module is used
as the feature extraction module to extract the features of the images reconstructed by the Land-
weber algorithm, so as to eliminate the interference of artifacts of reconstructed images on param-
eter measurement. Secondly, a dual output multi-task neural network with hard parameter sha-
ring is built to finish the task of initial measurement of the phase fraction in order to further im-
prove the anti-noise ability of the model. Then, a method of fusing neural network and classifica-
tion models, such as extreme random forests, is proposed to achieve flow identification. Finally,
regression models such as extreme random forests are used to obtain the final phase fraction by

fusing the results of flow pattern identification and initial results of the phase fraction in order to
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further improve the accuracy of phase fraction measurement. The experimental results show that

the proposed algorithm can improve the accuracy of phase fraction measurement when compared

with the method of only using the neural network. In the actual measurement, the relative error

of phase fraction measured by the proposed algorithm is within 5%, and the accuracy of flow i-

dentification is beyond 98 % , which shows a good anti-noise ability of the model and can meet the

demands of practical industrial applications.

Keywords: electrical capacitance tomography; multi-task learning; two-phase flow; flow identifi-

cation; noise interference

ECT $& A J& —Fh F T HL 25 % 1 25 % 4 ) 47 3
YA A B3 A R B AR F ATIZ B AR AT LS )
AFE S e 5 W ECT AR MR H 4 5t
B X0 A I R AR A 6 A I AT 280 & A )
Ay BLAB S S T A 3 R R 9K 045 3 ik 1 O R R T
AU ¥ - 7K B A -7K AR O X 42 H U Bl i X2
227 RGO I 21 2 B8 o 0 o U R
PR [0 0, T AL 4 O 20 2 B 32 AR T AL L R L A
R DL i A AR IR 22 A R AT O R o T
() 2 502 Ui AL RN AH £ 238, HE rpod 2 32 00 T = 55 A
S o UL T8 R L A 2 B0 i 1 SR A R U AR SR T
Q] o A S BAR 5 S B0 0 R B R ECT 4%
AR EBESRBAAERA AT IR RS AH R
BORTEFE AT U AR A & A8 00 I 5 7 AT SR A 1F
Z ), H v gt A6 B A AR B 2 B R R S T A
ECT R 8B i A Ze v In) 45, 13X 2 %2 e 3] ECT
FURE RS, W EGRER R
TR B (LBP)P! | Landweber % 0 &
B AE PO SR F AL G 0 R B A I R R
R IR s A RO AR 25, 1 A L X 4 T A
PO B &5 5 s R, 2 T BAH & R S 50ny il &, 4]
a0 ) A R S S R G g A Y
BEREAE BT LA B T RA B ORIRE W
() TG 2% (5 A5 AH 2 R A 45 SR B A BRI 22 . X Ut
7] R0, B A ) i ey A I O R AR R
R E5RE S B R T B R T AR A (R R T
AR IH B A A R il DIz ), el 1) P A 2 1)
B R PG 2 4 HORH 5 58 R O R wfE DA 4 A T
AR IE M2 > MHL a2 > BoA B ny JE 2tk
YRR AT 38 S FH R A DRI R Pk TR 8, BT DA AR SR
5] ML AR 7 >0 1Y FA BE R D R R, i TR
> RN 2 2D AR B i A ) e A A4 R R T E Y, T
S FH A SR AE i AR, X TR Y ECT &
AT DR Oy A 1) 4 R Y AN [R) I S R iR O 4
Fag o DAL AR LA F, 25 1) A Dy i A ) A B 3

http: // zkxb. xjtu. edu. cn

LRI, FrRAASCLL Landweber 5544 1) B N
5] 368 2k — il B WL 27 >0 RN BE 2 20 1) J 1 ok SE R
HH P 00 8 I AL R

i A AR 3 BEO L EGOE 4 PR S A 4
Il 1) O LR T TR BE 2 2 BB A8 B4 1 5€ SR AH L
9 B AR B R AR IR A TE RS FE T 26 B B E L 5
S5 [P RL, TG HG rp — A ik DR 7 15 2 BT B 1Y I 45 4
4 BN A 200 5 A 4 1) N 4% 25 ¥4 40 5 ResNet™'™ |
VGGNet"*  DenseNet™'" 5 ff LA, A 3C ¥ 56 Ho X
T ResNet, VGGNet, DenseNet AH 3¢ 55 1F $2 UK B
AIROR LA 2 £ 5 18 I RFAE S IOBE B, 24T 55 2%
2] W] DL AR R AR 2 AT 55 HRRE % AE LG I 1 4
B LA 30 1 5 R i A B B R S T
MIRe oA Prafiom ., SR, 2RS¥ I —1 K
[ LA 0 o] S R R 55 22 B AR A A e =270
HRAE LA A5 BUK B L R T 2 AT 55 2 2T 1Y I 28 45 48
AT LLIH 94 S B 2 %0 3 =2 AR S 503 =2 0 b 0 2% 45
Fa o AL EL AR TR For 45 A T S A 40 52 B 1Y [) 80 % L
P . HeAh  ASTRNE: 55 04 45 2 oR KR L B LT 7 9 A
FX T RAMSERSAERAZm, Fik, A SCR
it 08 ST W 28 S5 R BT T — A R A i 2
1155 P P 2%, F HXEZ M 46 5% F 24T 55 27 2T 10 7
23 LA R ST ) UM B 32 1 0 4

HIRUR B 5 2] © AR AR 2 SR 3R 1T Y N
B RN BE Z AL &5 7 2] BT B A 1 S 8008 1 8%
0 T R R A AR A BRI, el 3 43 B R O
fil G AR GERL AR 5 2] R BE 24 20 & 1 i L 32 75 2 1
TRA IR, X I AR SCBR T — S P A Y
I o S B AE SR 2% 07 2k AT U B R0 A B Y
WEA B, O HLAT DA — 20 4 T AR 2 230 0 1) i 2
SV A ST STEkA LR 3 A4S J5 1 -

(DA T —Fh 456 ZAT 55 pl 2 N 2 FLAG 52 1Y)
HLER 2% > B Tk M RS R AE 4, 2 A 2R ] DUAR 4 Land-
weber [ 15 HE A% 1% TR 1Y P15 ) I 58 Ay o fy 3 552
PR B 232 A I 2 g 2 B A AE 55, O HLXE R SR




204 W% o i

PN

857 %

DA AR GR35 T B0 B PR BE 5

(2) e SR B0 IE , 75 AH 75 A 8 7 17, A B 5%
FHAE 38 45 G pR RO A B 224 55 1 2 T 248 AR T
1 95 o 22 0 285 A v BB P O LR T AS SCRY D7 AR
BRI 2 M 4 T DLt — 20 S THI e A TR 1 5

(3T 1 24 HL 2 A2 i 7 8 52 ) ooy SO e e 1
PO BL T B i B9 75 12 B9 A R0 L 2ad SERR Bk L A
SCHT R 1Y) 224 55 i 28 I 45 AH S T SR 55 i 28 1) 4%
A A BIHTME TR RE T I HA B A0 R £
P AT VI 2R AR AT AR TH SR 4 L I RE ) R TE
AR M LEAY I D0 T L AR REAR IR A BT T B

1 M5

1.1 Landweber &%

Landweber %X 8 #& 2% & ECT JZ 1 BiA%
A rheEs I R R B SR A% I8 2 B 5 BT
A B A G I 28, R AR iR Sk g i
HH R 3 3850 P9 1 A 50 A 1 O X (DS R

G = G, +A(Z—SG,) (D

KH .G B e WERE W IKE R B Z i
BRI S I RBIEFIEF A HBSEL

FIH Landweber 3% B 4K o LBP 553k 8 @ Y
PG 35 v W ME A 2, (EL 2 HC o s 1 R RUIR SR A7 7
B thi, KR F8AE THRINENRES Y
BN HEEmZ R R R, X SR
JEE R R A B O A TS T X 2 0 AR I R 25
Ko FEXFX AR, A &40 058 R ECT 14 8
H BAE R AR 2 0 A B A s X T R 22
PRSI AN RAT A A3 BT L ik S R R S PR b AR
5 We) 37 30 PN ) SRBERE 1Y S A DL . TR P A 5 ek
R IR AR E5 40 A5 7 B WA AR A I i e R A%
A i S B H R AR 28 R 1 R] L, Fir LLAS SO
Landweber & 1) KL 7517 Ab B X A~ A K fff ok 5
A PG 5 22 85 KT 51 2 00 Sk R 3 28 U500 T A
AR A )L,
1.2 REZIJMY[FEIE ECT B AR RN A

TR IE 2% 2] L 2= > 78 ECT ARt iy i H 3
FA ARG E S ARG BRI, X
Pl A5 ol U] A8, A SR FH 4 LR 8 I 600 L 3
GRSERINIEE | Rt 7 S & N B2 E N
181, BRI FH A% I 25 [ 5] B 0 i 75 31 B A5 5 R 3300
DO WNAIOR = ATTE N D (TR 1 RY S v <y 7.1 D
A R 3k e A% G IR S AR I DR S R 2 1 ()
R, X TR ) L, R R P A% R A A B Y

http: // zkxb. xjtu. edu. cn

o B A Y RGOk 92 B HCR TR O R AL
MR 2g e CEEMD ™ 48 AN [ SCHR 9 25 28 R
R ZBOTIEARRE NS B vl A9 552 B R B U0 (H 2
Mg s Xof G o 7 A R W O B PEAR B 2 B o AT
B B3 T R IR L o7 ) LA o7 ) 2R ad it
X EE Bk A ) R AR AT Ak TR i T TR A R
JEE, fER B ] AU SR B — S ok S B R —
FUBR T LUAR SCHR H — Bl il 5 WL 4% =% ~ A 2 A4F 55 1
221 2% 19 7 125 o S BRI L PR RIAR 5 R0

2 ARSCREIMMITE

2.1 ML

BE X} Landweber 5312 55A4) [ {50 B B AR 1) [
ARSCEE G Z AT 55 P 2 I 45 R 2% 2% > ok S AH & 3
DU A AL REAR A IS RESR AN A 1 BT

; LML~ (g \ ‘
VE: E‘ﬁ”-ig = ’25:59*%5@@
[4<:>: NN

I L L
| gy

’

*

11 B R0 R T R S A B A AE 4
Fig. 1 Overall framework of phase fraction measurement

and flow identification
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Fig. 2 Overall framework of multi-task neural network
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Fig. 3 Overall framework of machine learning algorithm
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Fig. 5 Impact of noise on results
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Table 4 The results of experiments on real data
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