5522 % 45 4 1) R E TR 4l Vol.22 No.4
2024 4 8 H Journal of Fujian University of Technology Aug. 2024

EF VMD-MTF-CNN 89 % B B8 9l 46 0 /5 3%

X2 >1,2 g 72,3
FEXL?, Fodhen

(1. AR IKRSF b F oA 5HEFER B 4N 350118;
2. B IR G AALE KA SR AR 480 350108;
3. i B ALE AT R R A TR 8] 3 A 310051)

HE . KRR W EIE TR AR EING] R BB E AT K5 EF 8 i fe A iR &k, 38—
A TFEALBRE AR ZRNEHEELREMN T E, FEHAATHIBEIBEALRIES B
AR LA § BT o I B R AL BRI 0 P B A D R T R BB kst E MRS S AT =
e AL A RAFAE A HAESE . A TR SGUE BRI 69 R fo i B MET AT ERAPZ W&
WIELBAER BT IRAFAE B SIE £ 5 R 2155 M0 BAL IG5 ) i 2 PT A 0915 B BE A B 4T
ST YLEE 25 B AR TR T R A A B3R O BRI A 0 34 o o ik B 999
KB, KL, B RTRESY, Er RIS M AR ZEN %

hE 4SS TPI83;TM501.2  XEAARERD: A XEHS: 2097-3853(2024)04-0371-08

Arc fault detection method based on VMD-MTF-CNN
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Abstract : Low-voltage distribution lines may produce arc faults, which may cause circuit faults. To distinguish
between normal and fault currents, a fault arc detection method based on two-dimensional current images and
convolutional neural networks is proposed. Firstly, the current signals are reconstructed using variational mode
decomposition to address the challenge of distinguishing between normal and fault currents in nonlinear loads.
Then, the Markov transition field algorithm is utilized to encode the reconstructed current signals into two-di-
mensional images, generating a dataset of feature images. To enhance the accuracy and efficiency of fault arc
detection, a CNN-based fault diagnosis model is constructed. The proposed feature image dataset and the data-
set of feature images without signal reconstruction are respectively fed into the constructed diagnostic model for
comparison and validation. Results indicate that the proposed method effectively mitigates the confusion caused
by nonlinear load states, achieving an average detection accuracy of 99%.
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Tab.1 Parameters of convolutional neural networks

=2 ZE3i] WO PR LM

1 BIHZ ReLU [36,218,218]
2 InceptionA ReLU [88,218,218]
3 SN 88,108,108 ]
4 LBRZ ReLU [256,54,54]
5 InceptionB RelU [384,54,54]
6 Rtk [384,26,26]
7 B2 ReLU [256,12,12]
8 S NLK 4 RelU [256,6,6]
9 EoeUR: ReLU [256,1]

10 LR [12,1]
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Tab.5 Fault arc diagnosis results of different methods

. MR fERR KB A PRI R
Tk F1 {8
2R RN BN RS % /IN/MB
CNN  99.00 99.03 99.00 0.99 15.5
VMD- AlexNet 98.25 9826 9825 098  55.7
MTF  1eNet 98.25 98.29 98.25 0.98 20.6
ZFNet 97.42 97.51 97.42 0.97 15.2
CNN 95.08 9520 95.08 0.95 15.5
AlexNet 92.33 93.12 9233 0.92  55.7
MTF
LeNet 92.25 92.54 9255 0.92  20.6
ZFNet 90.33 90.82 90.33 0.90 15.2
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