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Abstract

Dual pointer instrument meters are widely used in construction, materials, chemical, and other
industrial production processes. Compared with single-pointer meters, dual pointer meters have
the characteristics of easy overlapping of pointers and a certain correlation between the readings
of dual-pointers. To improve the accuracy of the existing dual pointer instrument meters reading
recognition algorithm, this study proposes a new reading recognition method based on image
segmentation and the center of mass fitting method. First, the YOLOv8 network is used to separate
the large pointer dials and small pointer dials from the background image. Next, the large and
small pointers are semantically segmented using Fast-SCNN, and the set of contour points in the
segmented region is stretched into a two-dimensional plane to obtain the center of mass. Finally,
a straightline is fitted to the center of mass and the dial center coordinates, and the angular trans-
formation between this line segment and the reference line is used to achieve the preliminary
readings. The readings of the small and large pointers are corrected by cross-judging and summed
up to get the final readings. Experiment results in real industrial scenarios verify the feasibility
of this method.
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Figure 1. The pipeline of the proposed method
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Figure 2. The structure of YOLOvV8
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Figure 3. Partial dial detection results
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Figure 4. The structure of Fast-SCNN
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Figure 5. Segmentation effect of the pointer region
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Table 1. Dial detection results for various models
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Table 2. Pointer region segmentation results for various models
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Table 3. Dial readings with obscuration in Figure 3
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4 1.092 1.090 0.002 0.18
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8 0.082 0.083 0.001 1.22
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SRR R ZE AL T T DL SZ G L Y

DOI: 10.12677/jisp.2025.141002 18 Kg 5155 kb


https://doi.org/10.12677/jisp.2025.141002

(ERGE A

Table 4. Reading error in the test set with random noise present
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Table 5. Classification reading error in the test set
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