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Research on reading recognition method for Dual-Pointer Meters based on
YOLOv5s and DeepLabv3+

SHI Yuanwei, TANG Bo, SUN Wei, ZHANG Jiali

(School of Mechinery and Automation, Wuhan University of Science and Technology, Wuhan 430081, China)

Abstract; Meter reading recognition is of great significance in industrial production, for this reason, a dual—-pointer meter reading
recognition method based on YOLOvSs and DeepLabv3+ is studied. First, YOLOvVSs is utilized to detect meters and derive meter
labels to distinguish meters with different ranges. Subsequently, the DeepLabv3+ model is adjusted to make the segmented feature
elliptic arc edge information more significant by adding the attention mechanism and adjusting the ASPP module, and the ellipse line
and feature point coordinates are obtained after processing with the ZS refinement algorithm to achieve tilt correction. Then
DeepLabv3+ is used to segment the pointer region and refine the processing, and the angle method is used to realize the automatic
reading of the dual - pointer meter. The experimental results show that the recognition correctness rate reaches 96. 58% using
YOLOVSs under the premise of consuming less time. The improved DeeplabV3+ model improves its average intersection and merger
ratio to 97. 2% compared with the original model. The average relative errors of the final temperature and humidity are 2. 42% and
3.86%, respectively, indicating that the algorithm has a small recognition error and high accuracy.
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Fig. 1 Flow chart of automatic meter reading system
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Fig. 2 Instrument detection and classification
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Fig. 3 Channeling attention mechanisms
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Fig. 4 Improved DeepLabv3+ structure diagram
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Fig. 5 Effect of graduated disk segmentation
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Fig. 6 Effect of improved ZS refinement
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Fig. 8 Diagram of pointer segmentation effect
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Fig. 10 Indicators for model evaluation
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Table 1 Instrument detection model test results
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Fig. 11 Deeplabv3+ segmentation effect

FEL 11 RTHL, )5 B9 Deeplaby3+H R FE Il 25

ZEORINY, = & A E I AP B4 K (5 0 B O 0. 07,



5 4 1]

LR, 5. 2T YOLOvSs Fll DeepLabv3-+HY X8 £ R IRHCRIMN I iEr 5T 7

0.07.0. 05, FRBLHAR i AR

W ACHE S5 1 Deeplaby 3 -+45 74 5 JH Al o Ffo s 74 4
3 A FE A9 2 38 I FE (mean Intersection over
Union, mloU) #f 17 [k #, W 3% 2, H i, & F
MobileNet FL4E Xception A E 2 X 2% Y 43 E) B3k
(- H 58I L4 01 R 93. 8% Fil 96. 4% , B T A< 3L
BRI 97.2%

VBN 20% ~ 100% , BEALEEL T 5 4R K
AT A5 R IR 3, R 3 ATLLE IR
TR A DU (B XS W O T LS (E, L 3P YA 3R
RN 2. 42% 1 3. 86% , F W% v HLA /MK
TR 1 2 A o ARG B

£2 HEERMLL

Table 2 Comparison of segmentation results
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