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Multi-Voice Event Detection Based on Fused Deep Capsule
Network Fusion Model

JIANG Qingzhou, YANG Shuguo, WANG Wenwu
(College of Mathematics and Physics, Qingdao University of Science and Technology, Qingdao 266061, China)

Abstract: The traditional capsule network architecture is implemented based on dynamic rout-
ing mechanism, which requires a large number of iterations and vector calculations to update the
weight coefficients, and there is no information sharing between capsules, leading to information
redundancy. To address this shortcoming, this paper proposes a multi-sound event detection
model based on fusion depth capsule network, which reduces the information redundancy caused
by feature overlap by dynamic routing under gated convolution and 3D convolution, and encodes
the original features and uses them for feature information supplementation to improve the speed
and accuracy of training times models. In this paper, the model is evaluated using DCASE2017
(Detection and Classification of Acoustic Scenes and Events 2017) Challenge Task 4 dataset
and the final F1 score reaches 59. 6% with a low sound event detection error rate of 0. 71. The

results show that the proposed method can significantly improve the training speed and accuracy.
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Fig.1 Capsule network structure
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Fig. 7 Sound event detection model based on fused deep capsule network
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Table 1 Feature comparison experiment
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Table 2 Training accuracy comparison results of audio tagging subtask
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Table 3 Comparison results of EER of sound event detection subtask
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Fig.8 Confusion matrix
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