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Abstract

At present, there are some problems in the reading process of industrial pointer instruments, such
as relying on manual work and low reasoning accuracy. This paper proposes a reading method for
pointer instruments based on improved U2-Net. Aiming at the problems of poor reasoning accuracy
and too many model parameters in the current instrument identification algorithm, the deepest two
convolutions of RSU4 and RSUS5 in the U2-Net coding stage are replaced by deep separable convolu-
tions, and the ECA attention module is added after each RSU coding stage, which made the model
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pay more attention to the pointer and scale area and improved the recognition accuracy of pointer
and scale. In this paper, the collected data sets are evaluated. Compared with SegNet, Deeplabv3+
and U2-Net methods, the accuracy of the improved model in this paper reaches 94.58%, and the
reference error of pressure instruments with two measuring ranges of 25 MPa and 1.6 MPa reaches
1.012%, which has good performance.
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Figure 1. Network structure diagram of U2-Net
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Figure 2. Network structure diagram of RSU-7
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Figure 4. Depth-separable convolution structure diagram
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Figure 5. Feature fusion combined with ECA attention module
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Figure 6. Flow chart of reading post-processing
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Figure 7. Mask diagram of pointer and scale
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Table 1. Ablation experimental results
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3 U2-Net + ECA JE&E /1 93.62% 85.37% 90.26%
4 KRITTH 94.73% 85.49% 92.65%
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Table 3. Model reasoning result
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6 6.2 6.0919 0.432

Table 4. Inference accuracy and average citation error of different semantic segmentation models (%)
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