P HLI 5 . 2022, 30(8)

76 . Computer Measurement & Control

35t 55 1 T |

XEHS:1671 - 4598(2022)08 — 0076 - 07

DOI:10. 16526/j. cnki. 11-4762/tp. 2022. 08. 013

FE %S TP393 XHERFRIRAD : A

H F CNN-LSTM-PSO HFA 5T = e FE 4 |

$wE, 2, FWIE

(LR FEFCLT 5 EAME ST E, L 200444

WE: A80FRA D REATHE R X FOREE 1T RER G IR EEEREN A BEMIRE L NN B R
Gen 7 s R &k . HERMY (CNN) A S 012 (LSTMD) R34 M 48 454, 480 T 5 TR TR E B (PSO) iy
CNN-LSTM-PSO (iR A B8, SR FA 2= 1l A i 5 SR A X1 33090 A B AR X B afE A7 BUAL B . (A CNIND o) 5 418 IO 42 46 s B
FEER R M SC AR AEAE B Rl I 25 LSTM W4 8 7 CNN-LSTM FiiiAE %, 31 7 PSO 520 3 % F0 0 A% 20 306 47 S 805 08, /b
TN R 2% . I Lo 0 1E 2S00 A W A 0 (V0T PR S R A s R o A 0 5 3 e A% e o — U A RS A R R A A — o 2 A R Y kit
o, CNN-LSTM-PSO 581 1l J5 45 HL 10 34 AR R 25 . P 3 436 15 22 ROF- 249 5 43 b iR 25 0K IR BT AL ;S 6 25 06 HF 17 452 78 7 Ji
US4 b L 0 K R B O S, E AT 2 ) I ARG 00 R v R S M L R RO .

KHWE: LSTM; Bkil; X112 CNN &MY : PSO 5k mEESN i WSk

LSTMPrivate Cloud Fault Detection Based on CNN-LSTM-PSO
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(Key Laboratory of Specialty Fiber Optics and Optical Access Networks, Shanghai University, Shanghai 200444, China)

Abstract: Effective fault detection of private cloud systems is of great practical significance to ensure the stability of IT system
and to carry out reliability information activities. To this end. starting from the historical trend data of private cloud systems. a hy-
brid model of CNN-LSTM-PSO based on particle swarm optimization (PSQO) is proposed by combining convolutional network (CNN)
with long short-term memory (LSTM) recurrent neural network, so the fault detection of private cloud is realized. The X11 algo-
rithm and other technologies are used to preprocess the data, the CNN network is used to extract the relevant feature information of
the time series data for the monitoring indicators, and the CNN-LSTM prediction model is established by training the LSTM network
parameters, and the PSO algorithm is designed to optimize the parameters of the prediction model and reduce the prediction error, and
the threshold range is determined by the Gaussian normal distribution to achieve accurate detection of the fault. Compared with the
traditional single prediction model and some existing combined prediction models, the errors of root mean square, mean absolute and
mean percentage in the predicted results of the CNN-LSTM-PSO model are lower than that of other models. The experimental results
show that the model has higher accuracy and faster prediction speed in the prediction effect, and has good results in both accuracy and
real-time performance in the fault detection of private cloud.
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