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[Abstract]

This paper proposes an audio event detection method using Deep Neural Networks (DNN). The proposed method applies Feed
Forward Neural Network (FFNN) to generate output probabilities of twenty audio events for each frame. Mel scale filter bank
(FBANK) features are extracted from each frame, and its five consecutive frames are combined as one vector which is the input
feature of the FFNN. The output layer of FFNN produces audio event probabilities for each input feature vector. More than five
consecutive frames of which event probability exceeds threshold are detected as an audio event. An audio event continues until
the event is detected within one second. The proposed method achieves as 71.8% accuracy for 20 classes of the UrbanSound8K
and the BBC Sound FX dataset.
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Table. 1. Event list of UrbanSound8K and BBC Sound
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Air conditioner | Engine idling Baby cry Rain drop
Car horn Gun shot Car road Crowd
Ch||c}ren Jack hammer | River Cow
playing

Dog barks Siren Wind Horse
Drilling Street music Bird Ship horn
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Table. 3. Performance of audio event detection according
to the number

Number of Audio event

Number of Frame-level .

hidden layer neurons per accuracy (%) detection

hidden laer accuracy (%)
2 500 42.35 50.9
2 1,000 44.57 52.3
2 2,000 47.53 65.5
2 3,000 49.76 71.8
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