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Motivation

¢ Task: Recognize the environment in which an audio recording
has been made
+ Applications:
- automatic description
- context-aware applications
- Intelligent wearable devices

Proposed System
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Approaches

¢+ Feature engineering:
- feature extraction
- classifier

¢+ Data driven:
- learning representations

How about combining both approaches for ASC?

Convolutional Neural Networks (CNN)
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¢ FreesoundExtractor [1] by ==SSENTIA ¢ Gradient Boosting Machine

acoustic
scene

- multiple decision trees
Table 1: Selected features extracted by FreesoundExtractor.
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¢ Design of convolutional filters:
- spectro-temporal patterns for ASC?
- multiple vertical filter shapes

¢ Pre-activation [5]:
- adding Batch Norm & Relu
before first convolution
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Dataset
¢ TUT Acoustic Scenes 2017 [3]:

number of filter shapes in first layer

Confusion Matrix Analysis: CNN - GBM
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¢ Simplicity of models:
- GBM + out-of-box feature extractor
- CNN + domain knowledge

¢ Simple late fusion approach

¢ How to improve?
- Individual models & measures against overfitting
- fusion approach: join (learned) representations
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