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Signal mining and prediction based on time series decomposition

GUO Jingiao, LIU Yuming, CAO Weidong, LIN Yun

(School of Communication and Information Engineering, Harbin Engineering University, Harbin Heilongjiang 150001 , China)

Abstract: With the increasing complexity of the electromagnetic signal environment and the
increasing number of communication devices, the interference with electromagnetic signals is gradually
increasing. Therefore, the study on signal reception and processing techniques in different noise
environments and the use of signal data indicators and the information they carry in complex
electromagnetic environments is very critical. In order to understand the performance of noisy signals in
different electromagnetic environments and improve the quality and reliability of signal utilization, a
time series decomposition-based electromagnetic data processing method is proposed. A noisy signal
processing model is established based on additive seasonal time series decomposition, and the model is
also employed to analyze and evaluate the performance of signals in noisy environments with regularity,
trend, BER, etc., and to data—mine the original information and carrier information. Compared with the
traditional methods, the proposed time series decomposition—-based signal mining and prediction model
is more accurate for signal prediction in noisy environment.
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Fig.1 Time domain ASK signal with a signal-to—noise ratio of 10
BT ARIELEA 10 AR ASK (55
sample signal
1 —
0 —
1 1 1 1 1 1
0 100 200 300 400 500
trend
g 02F 1 1 1 1 1
— 0 100 200 300 400 500
X seasonal
<
g o2f
g o
-0.2
1 1 1 1
0 100 200 300 400 500
residual
1.0F %
0sF .
[ 382888800003 8,823820A.2802,0332A8822003288028 202838328
UL VSNSRI R
= le 1 1 1 1 1
0 100 200 300 400 500
time slot

Fig.2 STL decomposition process of ASK signal with S/N ratio of 20
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Fig.3 STL decomposition process of ASK signal with SNR of 10
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Fig.4 Demodulation of the signal after decomposition of STL and the judgment process
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Fig.5 First STL decomposition of the noisy FSK signal
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Fig.7 Comparison of MSE and average absolute error before /after decomposition and prediction
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