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Abstract

It is crucial to correctly identify the explosion-proof area information contained on the nameplate
of explosion-proof equipment to identify equipment selection faults. The traditional method for
determining faults in explosion-proof equipment selection is mainly manual inspection. To solve
the problem of low efficiency and insufficient accuracy of manual inspection identification, this
paper proposes a fault determination method for explosion-proof equipment selection based on
nameplate text recognition. This article uses image recognition technology based on deep learning
to identify the explosion-proof area information corresponding to the nameplate of explosion-
proof equipment, compares the explosion-proof area information contained in the nameplate with
the actual location of the equipment, and determines whether the actual installation location of
the explosion-proof equipment is in the correct area. This paper verified the effectiveness and ac-
curacy of the method through experiments. The research results show that the explosion-proof
equipment selection fault determination method based on nameplate text recognition can effec-
tively determine the explosion-proof equipment selection fault, which is important for ensuring
the safe production of explosion-proof equipment in petrochemical plants.
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Figure 1. Main steps of RCNN model
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Figure 2. Specific workflow for sequential modeling of explosion-proof equipment nameplates
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Figure 3. The recognition images output after the model recognizes the nameplate images
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Table 1. Selection criteria for explosion protection types of electrical equipment in hazardous areas with gas explosion risks
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Table 2. Summary of performance evaluation metrics
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