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Fault diagnosis for equipment circuit board based on data drive and no circuit drawing

LIU Xiangjun, CHONG Yinbao, XIAO Jingjing, ZHAO Peng, ZHANG Shihui

Department of Medical Engineering, the Second Affiliated Hospital of Army Medical University, Chongqing 400037, China

Abstract: Considering the complicated design of medical equipment and the problems of traditional fault diagnosis methods
such as the high cost and difficulties of maintenance due to the over-reliance on technical data such as circuit drawings, as
well as the personal technical experience of maintenance specialists, an intelligent fault diagnosis method based on data drive
and no circuit drawing is proposed. Under the premise of unknown circuit drawing information and the working principle of
the circuit board, different fault states of the circuit board were simulated, and the electrical signals of each external interface
pin were collected as the original fault data which were then preprocessed and divided into training set and test set. Machine
learning method was used to construct an intelligent fault diagnosis model based on a single-layer long short-term memory
network. The model training was carried out by Python programming, and the accuracy curve and loss curve of training

progress were output. The result showed that the proposed method realized the diagnosis and classification of circuit board

faults with high efficiency and strong reliability, and the accuracy reached 89.99%.

Keywords: medical equipment; circuit board; fault diagnosis; long short-term memory
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Fig.2 Fault classification and diagnosis process based on LSTM network
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Tab.1 Selection of model parameters
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Fig.3 The main control board of soft tissue therapeutic
instrument YDB-III
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Fig.6 Loss and accuracy curves of training process
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Tab.3 Classification results of fault diagnoses

SEBREE PURE AR AeR

S B R
0 13 13 0.93 1.00 0.96 1.00
1 12 12 1.00 1.00 1.00 1.00
2 12 12 1.00 1.00 1.00 1.00
3 20 13 1.00 0.65 0.79  0.94
4 21 20 0.83 0.95 0.89  0.97
5 14 14 1.00 1.00 1.00 1.00
6 13 12 0.75 0.92 0.83 1.00
AT/EE 105 96 0.93 0.91 0.91 0.99
R4 TWHER(%)
Tab.4 Experimental results (%)
SRUHL

Ei=12 H{EpRE2E

1 2 3 4 5
iREES 91.43 87.62 90.48 90.74 9238 89.99+0.021
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0.91.0.91.0.99; Fi 3% 4 S50 45 5 SRR 41 fifi F LSTM
J5 AR BURTT A FE MR S T2 W o028 RE
PERAT, R AR P2 R 51K 89.99%.
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