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Techniques for Automatic Music Transcription based on Probability Reasoning
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Fig.1 The automatic music transcription architecture.
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Fig.2 Detail of musical instrument identification.
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EERAR] 224 | 245 | 107 | 103 | 651 142
eb : electric bass, pf : pianoforte, tr : trumpet, cl : clarinet
¢g : classic guitar, vn : violin
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