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HU Jiaojiao', WANG Xiaofeng' , ZHANG Meng' , ZHANG Depeng' , HU Shaolin’

1. School of Science, Xi'an University of Technology, Xi'an 710054, China;
2. School of Automation, Guangdong University of Peirochemical Technology, Maoming 525000, China

Abstract

With regard to the anomaly detection problem of time-series data with a skewed between-class distribu-
tion, we propose a detection method based on deep convolutional neural network. First, we employ the sampling
method to preprocess the unbalanced time-series data. Second, the original time-series data are converted into

a series of continuous segments with a uniform scale and consistent duration. Finally,we feed the data into a
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convolutional neural network model with four hidden layers for anomaly detection. The experimental results

show that the proposed method covers the shortage of existing detection technologies that ignore the skewness

of data distributions and results in a low-detection precision. Compared with the existing time-series classifica-

tion methods , the proposed method provided a satisfactory performance.
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Fig.4 Comparison of DCNN classification performance

under different hidden layers
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Tab.2  Comparison of DCNN classification accuracy

under different hidden layers
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layer(3) layer(4) layer(5) layer(6)
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800 0.984 86 0.991 70 0.989 75 0.982 91
900 0.981 93 0.991 70 0.987 30 0.985 35
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Tab.3  Comparison of DCNN training loss
under different hidden layers
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layer(3) layer(4) layer(5) layer(6)
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900 0.004 55 0.005 76 0.006 88 0.009 70
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Tab.4  Comparison of DCNN's classification performance

on raw data sets and processed data sets

R Rk Ak L BB
AR

Acc Loss Acc Loss
100 0.763 67 0.426 72 0.956 05 0.101 25
200 0.763 67 0.373 03 0.983 40 0.050 31
300 0.763 67 0.337 53 0.986 33 0.028 36
400 0.763 67 0.312 02 0.986 33 0.017 76
500 0.763 67 0.293 06 0.989 26 0.012 67
600 0.767 09 0.278 53 0.989 26 0.010 08
700 0.780 76 0.267 11 0.989 26 0.008 06
800 0.828 61 0.257 93 0.989 26 0.006 91
900 0.867 19 0.250 39 0.989 26 0.006 03
1 000 0.874 02 0.244 08 0.986 33 0.005 48
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Tab.5 Classification accuracy of different algorithms
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