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OCR system for pressure instruments based on convolutional neural network
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(AVIC Changcheng Institute of Metrology & Measurement , Beijing 100095, China)

Abstract: To address the inefficiency, error-proneness, and safety risks associated with traditional manual meter
reading for pressure instruments, as well as the limited adaptability of automated meter-reading technologies based on sen-
sors and 3D vision, this study integrates computer vision and artificial intelligence technologies to develop a metering sys-
tem that combines data acquisition, real-time monitoring, and data analysis. By improving the fast region-convolutional
neural network (Fast R-CNN) algorithm through data augmentation and a lightweight feature extraction network, the sys-
tem optimizes instrument positioning accuracy in complex environments. Additionally, the DeepLabv3+ model is en-
hanced by incorporating channel attention and spatial attention mechanisms, along with a hybrid loss function, to improve
character segmentation efficiency. Experimental results demonstrate that the improved algorithm achieves an average posi-
tioning accuracy of 84% for instrument dial positioning and a mean Intersection over union of 78.6% for character seg-
mentation in challenging industrial environments. Furthermore, the system reduces the time required for a single measure-
ment by 85% compared to manual reading, confirming its high efficiency and strong adaptability. This research provides a
scalable technical framework for intelligent monitoring of industrial equipment, offering the practical value for advancing
digital and intelligent metering.
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Fig.1  Flowchart of OCR technology
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Tab.2 Effect comparison of element segmentation algorithms

el PA/% mloU/ % F1 705 Params /M
J5 1 DeepLaby3+ 83.5 71.2 0.76 4.5
SIA T FIHLEHY DeepLabv3+ 86.2 74.5 0.79 5.2
WO R MR DeepLabv3+ 87.1 75.3 0.80 4.5
IR I HLH SR 2k s Deeplab3+ 89.3 78.6 0.83 5.2
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Fig.10  Diagram of hardware selection testing device
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Tab.3 Hardware selection testing device
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Fig.11  User interaction interface
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Fig.12  Effect of image pre-processing
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Fig.13  Object detection effect
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Fig.14 Segmentation effect of the improved model on the dial
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Fig.15 Pointer contour diagram

4) 43RG

PR OCR PR A i Jm — 4, HH
(R R AR U R A 1 5 A BTN ZR A 20 26 A v
AR S BB R AE A5 R0 A BEA T 23 2R . o3
AR AT LRI SCRpm AL . M M4 55Tk 1E
ARG, RAMEMKIE R r2eas . BiEmE,
BT B AR AR | RUEOZ R R
S A2 R gAY, R G I R B ke Lt
gk, [HA PR RER . fa ki
(R IE A 5 an A B SR 10 i 22 R 28 B o, 52
JER T4 B 73 FEREUA]



iR

it=E. MKE5RE - 121 -

4.4 KIRIGIE

RS EE T — ML 8 1000 5K 8 35 T ARG
WRSE A | ARSI RN 22 48 e 35 1) R A R RS 1Y
B, JFERREG EESN ThsE TR R
B, DRI IE R G ITERE

SEBE H Python 4 #2185 5 I TensorFlow ¥ B %
SIHESRSE I R GE T RE, AR IR 7020 1 (% ELAPDRE S dis
RN N GEE . BuFE MRS 7RIk R
o, R B L ES BE R B (Stochastic Gradient De-
scent, SCD) LTI RIRIYIZR 10058, IFHF2%>)
RILEN0.001,

S 25 S AR 2R (U I B 19 AR 0 7
TR ELA)) A 13 U IE A A A58 S PR
PERUG EE) © F1 230 CHER RN A 8] 2R 1) 8 157
BIEOVE RPN TR . RELIEE R ANFR 4R

A4 FAEBRER
Tab.4 System experimental results
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