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Abstract

In order to improve the recognition rate of digital display instruments, an algorithm combining
traditional image processing method and deep learning technology is designed, that is, an algo-
rithm for digital display instrument recognition based on an improved convolutional neural net-
work. Firstly, the traditional image processing technology is used to perform image preprocessing,
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character segmentation and other operations, and then the characters are recognized by the con-
volutional neural network algorithm based on the attention mechanism. The experimental results
show that this method not only improves the character accuracy effectively, the character recogni-
tion rate is up to 98.5%, but also improves the convergence speed of the network. This method can
basically meet the recognition of various digital display instruments and meet the requirements of
practical application.
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Figure 1. Flow chart of digital display instrument
recognition algorithm
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Figure 2. Traditional convolutional neural network structure
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Figure 3. The structure of convolutional neural
network based on attention mechanism
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Table 2. Experimental result
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