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Comparison of Audio Event Detection Performance using DNN
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ABSTRACT

Recently, deep learning techniques have shown superior performance in various kinds of pattern recognition. However, there have been some arguments
whether the DNN performs better than the conventional machine learning techniques when classification experiments are done using a small amount of
training data. In this study, we compared the performance of the conventional GMM and SVM with DNN, a kind of deep learning techniques, in audio
event detection. When tested on the same data, DNN has shown superior overall performance but SVM was better than DNN in segment-based F-score.
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Table 2. Segment based performance Metrics

F-score ErrorRate
GMM 24.30% 0.970
SVM 32.50% 1.020
DNNI1(Adam) 29.7+1.3% 0.98+0.02
DNNI(SGD) 28.8+0.6% 0.87+0.10
DNN2(Adam) 29.7+£0.7% 0.92+0.01
DNN2(SGD) 27604 0.87+0.01
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F-score ErrorRate
GMM 1.20% 2.020
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DNN1(SGD) 2.220.40% 1.90+0.05
DNN2(Adam) 1.3+05% 2.68+0.07
DNN2(SGD) 1.5+0.3% 2.12+0.03
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