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NLPCA(Nonlinear Principal Component Analysis) is a novel technique for multivariate data analysis, similar
to the well-known method of principal component analysis. NLPCA operates by a feedforward neural network
called AANN(Auto Associative Neural Network) which performs the identity mapping. In this work, a sensor
fault detection system based on NLPCA is presented. To verify its applicability, simulation study on the data
supplied from risk management system is executed.

Keywords: AANN(Auto Associative Neural Network), Risk Management System, Sensor Fault Detection,
Web-monitoring System
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Fig. 1. The Structure of AANN.
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Fig. 2. Structure of abnormal data detection using data estimation
characteristic of AANN.
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Fig. 3. Structure of Disaster removal system based on AANN.
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Fig. 4. Structure of Measurement Station.
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Fig. 5. Flowchart for the data logger applications.
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Fig. 6. The Structure of Monitoring Server.
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Fig. 7. Measurement data from each sensors (normal state).
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Fig. 8. Output characteristic of learned AANN (normal sec).

sl [2=1]]
i %06 w0 &0 500 000 7200
S
1] 200 400 [2e:4] 800 woen 1200
bt ’ ' ’- i " [e2s3

B ™ I R - T
R
0 200 400 800 800 1000 1200
oaf ; . ; ) " -
020 . . ‘ .n
0 £ 200 &00 800 7600 7300

Fig. 9. Residual between learning data and output of AANN.
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Fig. 10. Sensors data in the case of bias 0.2 (abnormal state).
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Fig. 11. Response characteristics of AANN for each sensors (abnor-
mal state)
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Fig. 12. Detection of abnormal data.
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