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A Lightweight Music Recognition Method Based on Improved CRNN
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Abstract: The deep learning-based music score recognition method has improved recognition accuracy, while there
is a dilemma of long single iteration time and multiple total iterations in model training. This work proposes CRNN-lite
(lightweight Convolutional Recurrent Neural Networks) for music score recognition. CRNN-lite introduced residual depth
separable convolution into the convolution layer, which reduced the computation and speeds up the feature map extraction.
The bidirectional simple recurrent unit was used in the recurrent layer, and the strong dependence on serial computation was
avoided by parallel computation. The parameters of the cross entropy function were adjusted at the transcription layer to
learn unbalanced sample data. The results show that the proposed method improves the training speed, the single iteration
time is 43% of the benchmark network, the symbol error rate is 1.12% and the sequence error rate is 14.5% on the distorted
image data. The error rate indexes are better than the comparison scheme.
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