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Design of A Faulty Data Recovery System based on Sensor Network

S EH - FHRK-BE Y
(Sung-Ho Kim - Young-Sam Lee * Yui-Su Youk)

Abstract - Sensor networks are usually composed of tens or thousands of tiny devices with limited resources.
Because of their limited resources, many researchers have studied on the energy management in the WSNs(Wireless
Sensor Networks), especially taking into account communications efficiency. For effective data transmission and sensor
fault detection in sensor network environment, a new remote monitoring system based on PCA(Principle Component
Analysis) and AANN(Auto Associative Neural Network) is proposed. PCA and AANN have emerged as a useful tool for
data compression and identification of abnormal data. Proposed system can be effectively applied to sensor network
working in LEA2C(Low Energy Adaptive Connectionist Clustering) routing algorithms. To verify its applicability, some
simulation studies on the data obtained from real WSNs are executed.
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2.2 AANN(Auto Associative Neural Network)[9]
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2.3.2 LEA2C(Low Energy Adaptive Connectionist
Clustering)
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