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Abstract

Regarding the monitoring of multiple data streams, it is mostly assumed that the data streams are
independent. A general framework for online monitoring of high-dimensional data streams is
provided from the perspective of statistical process control. Given the potential diversity in data
distribution, this paper adopts a symmetric data aggregation method to establish a robust moni-
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toring statistic. The asymptotic symmetry of the statistic is used to select data-driven thresholds,
and the relevant non-normal data streams are monitored online based on the false discovery rate.
The AR (1) model was used to characterize the correlation between data streams, and the false
discovery rate and power level of the proposed method were studied through Monte Carlo. The
numerical simulation results indicate that the proposed method has ideal performance.
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Figure 1. Flowchart for online monitoring of high-dimensional data stream
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Figure 2. FDR and AP of online monitoring of multivariate t-distribution data with different signal amplitude
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Figure 3. FDR and AP of online monitoring of multivariate t-distribution data with different out of control ratio
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Table 1. Compare OSDA and BH methods under different combinations of (A, x)
F 1. EA DT REIHEE TXTEE OADA 1 BH 753%

r=0.4 =05 =06
A AAE Power AAE Power AAE Power
OSDA 0.048 0.772 0.068 0.819 0.081 0.852
03 BH 0.092 0.721 0.110 0.757 0.127 0.793
OSDA 0.028 0.807 0.049 0.868 0.051 0.925
o4 BH 0.092 0.759 0.104 0.834 0.122 0.861
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Figure 4. The FDP and TDP level of the OSDA method once test
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