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Abstraction: Instrument recognition is an active research problem in the field of music
information retrieval (MIR). Musical instrument recognition technology can be
directly applied to music browsing and retrieval based on Musical Instruments, but
also has important application value in music transcribing, recommendation,
similarity calculation, wind recognition, source separation and other fields based on
Musical Instruments. The existing methods of instrument recognition are mainly in
two categories: one is to regard instrument recognition as a classification issue,
another as an event detection task. Aiming at the latter, this paper proposes a method
of polyphonic instrument recognition based on Convolutional Recurrent Neural
Network (CRNN), which can identify the active start and end times and the types of
the instrument in terms of the temporal resolution of seconds. At the same time, on
the basis of DCMI database of China Conservatory of Music, three different
polyphonic instrument recognition data sets for 10 Chinese national instruments were
constructed for training and evaluation. Through experiments, we compare CRNN
model with CNN model, and verify the characteristics and advantages of the model.
Finally, we analyze the characteristics and complexity of event detection based on
instrument recognition.
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Fig. 3.1:The structure of CNN Fig. 3.2:The structure of CRNN
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Fig. 4.1:The event-level output of the detection of instrument , each square represents an event-level
output . Each event-level output has start time, end time, and its category tags
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Tab4.1 The results of frame level on data set 1

F-measure Precision Recall
CNN 91.96 % 97.19 % 87.27 %
CRNN 91.64 % 96.42 % 87.32 %
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Tab4.2 The results of frame level on data set 2



F-measure Precision Recall

CNN 66. 36 % 97.10 % 50. 41 %

CRNN 77.80 % 88.50 % 69. 40 %
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Tab4.3 The results of frame level on data set 3

F-measure Precision Recall
CNN 43.91 % 48.48 % 40. 13 %
CRNN 53.56 % 51.63 % 49.53 %
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Tab4.4 The results of event level on data set 1

F-measure Precision Recall
CNN 80. 10 % 74.90 % 86.09 %
CRNN 81.46 % 75.88 % 85.62 %
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Tab4.5 The results of event level on data set 2

F-measure Precision Recall
CNN 44.12 % 45.56 % 42.77 %
CRNN 57.17 % 54.85 % 59.69 %
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Tab4.6 The results of event level on data set 3

F-measure Precision Recall
CNN 28.67 % 22.45 % 27.25 %
CRNN 36. 19% 25.60 % 36.69 %
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