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Abstract

Event detection in wireless sensor networks is a Kkey requirement in many

applications. Acoustic sensors are one of the most frequently used sensors for event detection in

sensor networks, but they are sensitive and difficult to handle because they vary greatly

depending on the environment and target characteristics of the sensor field. In this paper, we

propose a learning—based improvement of CFAR algorithm for increasing node-level event

detection performance in acoustic sensor networks, and verify the effectiveness of the designed

algorithm by comparing and evaluating the event detection performance with other algorithms.

Our experimental results demonstrate the superiority of the proposed algorithm by increasing the

detection accuracy by more than 45.16% by significantly reducing false positives by 7.97 times

while slightly increasing the false negative compared to the existing algorithm.
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. Search -~ A
Parameter Description 0.25 4
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- - 06 ! : : . : . . -
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02 1
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merge between adjacent events
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Tabe 2. Comparison of detection accuracies accardng to dganithm
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Fig. 3 Event detection accuracies according to
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