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Research on medical equipment early warning model based on LSTM
MA Chao, ZHANG Yunhua
(School of Information Science and Technology, Zhejiang Sci—Tech University, Hangzhou 310018, China)

[ Abstract] Medical equipments play an important role in hospital medical work, and the failure of medical equipments will directly
affect the development of medical work, and affect the diagnosis of the patient’s condition. At present, the traditional early warning
measures using sensors to set thresholds have some unstable problems, such as false alarm. In this paper, a prediction model based
on long short—term memory neural network (LSTM) is proposed. Using its advantages in long—term sequence data processing, the
fault prediction of medical equipment can be achieved in advance. Combined with the relevant fault data of the medical infrared
thermal imager in the hospital, eight fault characteristic points are sorted out, the corresponding data are collected as the data set of
the model, and the prediction model is constructed by LSTM. The experimental results show that the fitting effect of the training of
LSTM model is excellent, the accuracy value of fault prediction has reached more than 98% , which is better than other neural

network models and has a good application prospect.

[ Key words] medical equipment; LSTM; fault early warning; infrared thermal imager

0 51 &

[l PN B A VA e JiE | O 22 1Y Se ik R
BT A R A BB B i R, by i
HOTRY I TR R BTk, (H5 BRI, BT B A
A PR DA B B B AR A S
AR TSR | H SR T AR RS, RS
PER , it 52 % , il W AR 2RO A SR A i s HL D7
PN GEER EPSL i Ak B (DN > o< = 82 NIAR/IE Niic¢7cd
Rl A BRI #5 A7 AR A B B O S IR AR B BB ik S — &%
e S

UEARE | [ PN AP 25 X 12 7 15 5 P i o T Al
TRZWTE, REMISE N R R R HLRE S T34
PERY AL R ARSI RS | 3 5 45 AL S A BB
AT IR B RO RE S 7 R Rar i as
NIRRT O ) BP b2 I 4% 104 T 15 A 1A 1L

TRUERIFST 56T Dy S B A Al 5 BRI 0 o 25 25
PR AT ORIk A A5 N ] FHRLRE o 22 0 4%
A BRI B B AR P

AL R ) U T A S AR i AR I A R R AR
TSR B TG HT— F 9 A 28 A S e HE W J5 252 1 4
a2, AT 4 5 A 3 0] RTESCHRR | AN AR L %) i
EIAHH 2 ) 4% ( Recurrent Neural Network , RNN) J&—
ol FH 400 B 50 B804 1 ol 28 0 2% (LT A e 97 )11
Hh e IR FEE Y MR R AR A IR AT, SRS
25 4% (Long short—term memory, LSTM ) 7£ RNN A&
R EERN ST WGHE B T TR R B,
PRHAEE R A B4R, A E AL
RHOE , PEECHE 00y TS

AW R LSTM -RNN (14 b 28 00 46 455 70 %of o<
TR IR TV AT 9, A2 430 1 S 2L A0 4
BAAH DG H BB 5, 91 T 8 TR B AE A, R

EEEMT: B OB1996-) B LR, EEBTSOI W B R SRS R (1965-) B Wk BRSO, BRSO ML AR

R EYY Fhes BALH,
WIHEE . katk
s EEA . 2022-02-27

Email :605498519@ qq.com

KR L BEE L ¢ F A5 b x A




59 1

Thil, A BT LSTM A I 7 5 A ik e FHUSES AR R AT 5 73

A HBHE A T TRAL P | 45 R S 06 B 4 | TRl 5
BP M2 2% RNN 1 25 [0 25 51 0 455 50 ik £ 7 592 36 %of
Fb , B8 EAS A 76 ) g ik

1 tHKENR

1.1 EIRMHE R L&

PGP 25 ) 28 ( RNN ) S —Ffr B AT 1) 20 25 44 1Y)
PR 2% | BENEAR tf- A R 51 A8 Ak A BCH | LI 4%
LU 1 FrR, BRI A A ¢ B 20 A B EERT B A
X, B b 20 R s A R R, IFIEAT
—AMIEER 38 500 B A B AL 38R 52 HUF 1 e
B ] AR AR AR AE

X,

B 1 RNN &L
Fig. 1 RNN network structure
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Tab. 1 Model input parameters table
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Tab. 2 Parameters setting
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Fig. 4 Training loss of the model
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Tab. 3 Evaluation results of prediction model
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