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Hard fault diagnosis of analog circuit based on BP neural network
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Abstract: As an important part of electronic systems, it is necessary to study fault diagnosis of analog circuits. However,
traditional fault diagnosis methods are not ideal to the nonlinearity, discreteness of analog circuit components, and the limited
number of nodes available for testing. Therefore, it is particularly important to further explore fault diagnosis in analog circuits.
Neural network technology has performed well in fault diagnosis of analog circuits due to its characteristics. However, the
limitations of traditional neural network have affected their application in actual diagnosis. To overcome the inherent defects of Back
Propagation ( BP) neural networks, such as slow convergence and tendency to get trapped in local minima, study employs the
Levenberg—Marquardt (LM) algorithm to train the BP neural network, replacing the traditional gradient descent method in BP
neural network learning, thereby seeking the optimal network connection weights. The simulation results show that this method can
effectively improve the stability and learning efficiency of BP neural network, greatly improve the accuracy of analog circuit fault
diagnosis, and accelerate the convergence rate of the network.
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Fig. 1 Analog circuit fault diagnosis method
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Fig. 3 Model structure of BP neural network
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Table 1 Training and testing samples
PEEE R A YIGREE AR A 4 WREA R A
W 1 HEEE/mV A3 EEE/mY  Hi (Y) W5 L EEME/mV 4583 L/ mV
1 EH# 5305 665 1 5304 532
2 R, JFi% 0 0 2 6 12
3 R, Jif% 7071 887 3 7 070 710
4 R, FF it 7043 883 4 7051 708
5 R, FFiH 5298 332 5 5299 266
6 C, iz 6 058 12 116 6 5 821 11 641
AT 53R ] BP 28 1 BP - LM ft 25 9 2% YIZRIF Y BP f22 R 2% F1 BP — LM #ft 28 [ 45 1l

KN 1 PAREARSE  FE AR 2 G HESR N S PEAR K 8 (& 9 FiFan . AR A9 3t 4% SRt
K6 K7 s,

K10 B 11 iR, o, 4% 25 kg #R3% hy 2-20 -
40-1,2% PR A LM BRI & M, IE
8. &9 mI 0, S4B R , BP-LM MZIZ: T 13 Ik
53] BFR RN T 107, BP & MKYIZ: T 1 000
IR AT HAre g/ N F 107, XE 8 (K9 #E1T
A AT 5 BP—LM 128 [ 2% () 1 4k 1) 45 3] 1 bR
A AL R R 12 T ) R A T v, LS
WA TR 5E ) BP MM 45

Best Validation Performance is 0.199 38 at epoch 1 000

10'
Train
Validation
est
Best
10°
)
1%5]
E6 {55 BP HER & MEHIER 1
Fig. 6 Structure diagram of traditional BP neural network
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Table 2 Model comparison results %
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