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Research status and development of pointer meter reading recognition

Qian Yubao Wang Zihan
(College of Mechanical Engineering, Yangtze University,Jingzhou 434023, China)

Qiu Tenghuang

Abstract: In harsh environments such as high temperature. high pressure, and strong magnetic fields. pointer
instruments have shown superior performance compared to digital instruments. Therefore, the research on pointer
instrument reading recognition has significant practical significance. In recent years, the combination of deep learning
and computer vision has become a key focus in the research of pointer instrument reading recognition technology. This
paper first outlines the process of pointer instrument reading recognition, and then discusses the research status and
progress of pointer instrument reading recognition technology from 3 aspects: image preprocessing, dial region
detection, and reading recognition. The paper elaborates on both traditional machine learning methods and deep

learning methods. Finally, it introduces publicly available pointer instrument datasets and application scenarios, and

provides prospects and suggestions for future research from the aspects of deep learning algorithms, inspection robot

characteristics, and the establishment of public datasets.
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0B AR RO 4 L R R AR S R B TR
HSE, PEEUEMENET EAMANE. BE
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(d) UFPR-ADMR-v2

B 12 BdE4E R pl

SE Ml R https://web. inf. ufpr. br/vri/databases/ ufpr-amr/.

Copel-AMR 4475 12 500 7K B 52 ¥F 58 T AR B R I
2 500 BRI A R RO DL BN AR ER . Bk E
AR TF Bl b5 e A 3% 19 00 B A0 B B AN B0 Y A,
CopelAMR 28 T £  Fh R T 5 B FIRE A,
b B A P RO B K A PR, T 488 v S 0 4 A ) 5 A
PEL IR BB vz LB . BB SR ML HECh https://web.
inf. ufpr. br/vri/databases/copel-amr/.

UFPR-ADMR-v1 423 2 000 K R ALRIE J . 40 A
341 I1%k (1 200 3K) , BT (400 5K) F1 3 (400 3K L IR
K/NH 640X 480 57 480 X640, B A5 4 5 5 Y
AR ME 120 FR, TERBREG S RicE & A
FTRA AR U TE B A AR X e R T
I & RE XY EGR, ERVE DB 2L
FFEEHE 4, UFPR-ADMR-v1 & 3 T 52 b 4= 72 SR B 4A
B, B B0 i 3 M 5 1 ok RURR AL 2 MU ER A A R
TR X 2 R AALF BN BN B 5 s bRac 3= 4 04 A 1Y
DT AR A BURAL EAF S . (EE i R TE 5T 4R
TR BRI LR K AR L. BE S ak y
https://web. inf. ufpr. br/vri/databases/ufpr-admr/.

UFPR-ADMR-v2 J& UFPR-ADMR-v1 )4 J& it A,
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M 3 000 5K &R FET Y T B CAnoks A 3B+ o3 B9 AL R OR
MBS FRD) , A 5 000 Tk TR M T BEEE.
Horb 3 000 3K BG4, 1 000 7K B8 0 T 5630 , 4
1000 5K & f& it 47 W i, 5 UFPR-ADMR-vl #f L.
UFPR-ADMR-v2 I R 8= T £, B T B TEAG 40 203
B 5 G B BE B X LL BE MRS BE R RAR HLAE AE W 35
AL BRI Fr S BT 5 3 4 At 5 T 0 SR 100 A v o 4t 4
o E I AR P A ACRAR SR A AE T 28 50— I ) JBE, I
% BB [ A 28 48 B =AU SR B 48 BH 2 R/ LKA L A AR
AE ML, BoE 4 #uhik o https://github. com/guesalomon/

ufpr-admr-v2-dataset/.
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