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Improvement of flow pattern identification technology for ECT

system based on DCGAN dataset enhancement
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2. Beijing Research Institute of Mechanical Equipment, Beijing 100854, China)
Abstract The flow pattern recognition technology based on capacitive tomography ( ECT) system is widely
used in dynamic measurement of various industrial processes due to its non-invasive and visual advantages. To
improve the flow pattern identification accuracy of ECT system, recognition algorithm based on neural network
model is widely used. But the ECT system can’t get a lot of ECT system measured samples, resulting in low
accuracy, low model generalization. To solve this problem, this paper adopted the dataset amplification meth-
od based on deep convolution generative adversarial network ( DCGAN) , and used the images reconstructed by
the preprocessed LSSVM method to build a flow pattern image generation model based on DCGAN for experi-
ments. Gan-train and GAN-test were used to evaluate the generated images. After that, the amplified dataset
is used for flow pattern identification based on YOLOv3. The experimental results show that the DCGAN meth-

od can effectively amplify the original data set and generate images with high accuracy and richness. Together
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with the target detection algorithm of YOLOv3, the flow pattern recognition accuracy of ECT system can be im-

proved to a great extent.

Keywords flow pattern identification; data set amplification; machine learning; deep convolution generative

adversarial network; YOLOv3
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Fig.2 Flow data set enhancement flow chart based on DC-
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Tab.1 DCGAN experimental data set construction
. Bobit o ERE  HIER
PR G ert mab wers mab B WAL et
YIrEE 43 149 38 154 37 155 22 170
EsE 17 31 22 26 23 25 38 10
2.2 £F DCGAN iR SRS R4

FF A EML 1 DCGAN A 5 45 44 an 18 3




F4H

WIZIA, %5 3 T DCGAN i R0 5 1) ECT AR Gei BUR U HoA ik - 557 -

P SL S JZ5 BB BUZ, A 4 JZH RelU
WG R, B 1 R Tanh 3§05 pR 8. 7 BN
JER AT U — A AR B, LA Dl Ao B2 A A
AR TRl o ) 53 g R A5 R TP AT LAGA A A s Y
WEH CONATTEZETR ) o DX TR T {68 A 930S o
B Z it o /i 4 J2 TR BURFAE , 30 eR 5L

ocp

64 “
128
512 256
, 1024 ' —
! N ~ J
64| ) ._) /
X1 4x4 9¢

16 X 16

8X8

K Leaky-ReLU pR%, fJi 1 )2 F T i th 101 45
Ll Sigmoid B %L

KT H H DCGAN 74 B SGD k38
BN Adam PRARSEIE HEAT SR, X 45 R
PEATXF AT AR .

3
A

5

32%32 96X 96

@ BatchNormalizationZ \ ﬂ {H Tanhi#i5 G RUR

{f FHRe LU 11 54 =

BT

K3 AT IR DCCAN Al andhi b

Fig.3 DCGAN generator structure diagram for streaming images
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Tab.2 Examples of real and generated images using two op-

timization algorithms
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Fig.4 A partial flow pattern diagram generated in ampli-

fied data set
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Tab.3 GAN-train experiment results for optimal image gen-
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Fig. 6 Recognition results of YOLOV3 trained with differ-

ent scale datasets

FHUNZERGT 1 (&1 45 B g A TR0 RN 1] 5 4y 1y B F
YOLOvV3 i BRI vk AT e il MR &
A AU Y S BR B AN 7 B <)
LT P a1 7 W O W S B LS L S W) & N4
BRI AR X 4 N RS

SEg A SR HIE Y H AR 0.55 um
BEAS , 26 SRR E R 24 m/s, PR BT TR 468 1l
TE 19 ~21 C AHXRE R 45% ~55% .

G B AS R AR ) 77 i 1 [ 7 78 18 3
YERm i R A A% L] LGl i S50 A A
[FEAR . ASFERST R Z A A, ASSCg R H 4 A
ANTR) 1 I DA 3 0 P AR Ao BRI L

TR 4 PR ARSI I R SR T 4R
A, AT i L AR R 2 OO A
o I I 1 3 i AR S AT Rk . 5 LT
I, WL 222 1 L 26 I O ) P A% R 5 5 14
BOB R, EEIT 2 S50 B A B e, R D
SRR AT IR S

wn 7]

-B-F=1 SR
FLA, ECTHL Il & B
o . g

AR AR

B7 SAEsEnra’
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Tab.6 Test results using improved flow pattern recognition techniques
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