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For electric circuit inspection, the conventional manual inspection method has a series of 

problems including the heavy work load of recording the readings, the low accuracy, and 

the hidden safety hazards. The intelligent recognization method for images of meter readings 

based on digital image technology has a great practical value. However, the existing 

recognization methods for meter readings based on deep learning generally ignore the 

extraction of key points such as the pointer and scale on meter dashboard, the existing 

algorithms are of poor robustness and anti-jamming ability, therefore, this paper aims to 

study a novel method for recognizing readings in the images of electric circuit inspection 

meters based on deep learning. At first, this paper corrects the tilt of meter dashboard, and 

accurately positions the dashboard center. Then, based on the YOLOv5 network model, this 

paper constructs the said recognization model, gives the structure of the YOLOv5 network 

model, and introduces its working principle. At last, experimental results are drawn to verify 

the validity of the proposed method for processing the images of meter readings and the 

constructed recognization model. 
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1. INTRODUCTION

The power industry is always a strategic pillar industry for 

national economy. In the grand background of economic 

development, the power industry is constantly upgraded in an 

intelligent manner, and the inspection meters of electric circuit 

are playing an increasingly important role in the stable 

operation of power systems [1-7]. Due to the effect of multiple 

factors, the measuring meters need to be inspected regularly, 

and the installation environment of these meters is often 

complex and ever-changing [8-14]. The conventional manual 

inspection method has a series problems including the heavy 

work load of recording the readings, the low accuracy, and the 

hidden safety hazards [15-17], while the intelligent 

recognization method for images of meter readings based on 

digital image technology has a great practical value [18-21]. 

For the dashboard pointer segmentation, image registration 

and automatic interpretation of electric circuit inspection 

meters, matters such as the type of meter pointers, the light 

changes at the site, and the shooting and affine transformation 

of meter images need to be considered, and the research in the 

related fields should be further deepened. 

Although Convolution Neural Network (CNN) exhibits a 

great potential in automatic meter reading under unconstrained 

environment, it faces a few challenges such as the difficulty in 

collecting sufficient training data set because of the long 

update cycle of some digits, and another challenge is how to 

understand the transitional state between two consecutive 

numbers. To solve these issues, Sripanuskul et al. [22] 

proposed a new data enhancement technique that 

automatically creates digital annotated images, including 

transitional states. By utilizing the latest generative neural 

network model, the generated numbers resemble the local 

appearance of those in the original meter images. Devyatkin et 

al. [23] introduced a computer vision system that can 

recognize the measurements of dial meter devices attained by 

video camera, in the paper, the authors took into account the 

convenience of end users, described the operation algorithm, 

and gave the recognition results. To solve the instability of 

conventional meter inspection methods, Li et al. [24] proposed 

a automatic reading method for analog meters based on 

YOLOv5s detector. The authors adopted the Hough transform 

algorithm to detect the pointer and range and realize meter 

reading based on the angle method. In industrial applications, 

the automatic reading task of pointer meters often faces 

difficulties such as the indistinct meter features, the complex 

background environment, and the slow recognition speed, in 

view of these issues, Li and Jia [25] proposed a new-type U-

net network to segment the pointers and scales of pointer 

meters, this network uses the bneck module in MobileNet to 

replace the backbone feature extraction part in the common U-

net networks, and fuses it with the enhanced feature extraction 

part. Theoretical analysis and experimental results show that 

the proposed new-type network has improved the 

segmentation accuracy of conventional network from 90.79% 

to 93.63%. The accuracy and anti-jamming ability of the 

system could meet application requirements, and the average 

basic error is 0.48%. Salomon et al. [26] proposed novel 

approaches for automatic dial meter reading, introduced new 

data set in unconstrained scenarios, combined YOLOv4 with 
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a novel regression approach, and explored several post-

processing techniques. Compared with previous works, the 

mean absolute error was reduced from 1343 to 129, and a 

meter recognition rate of 98.9% was achieved with an error 

tolerance of 1 kWh. 

By reviewing and summarizing relevant studies, it’s found 

that deep learning is playing an increasingly important role in 

the field of image processing in recent years. Using deep 

learning to recognize meter readings could attain better results 

than other methods, but most of the existing methods ignore 

the extraction of key points on meter dashboard, but choose to 

directly predict the direction of the pointers or the meter 

readings, which has resulted in a few shortcomings in the 

algorithm such as the poor robustness and anti-jamming ability. 

Therefore, this paper attempts to study a new method for 

recognizing the readings in meter images. The second chapter 

corrects the tilt of meter dashboard; the third chapter 

accurately positions the meter dashboard center; the fourth 

chapter builds the said recognization model based the 

YOLOv5 network model, and introduces the structure of the 

YOLOv5 network model and its working principle. At last, 

experimental results are drawn to verify the validity of the 

proposed image processing method and the constructed 

recognization model.  

 

 

2. TILT CORRECTION OF METER DASHBOARD 

 

During electric circuit inspection, the shooting angle of the 

camera is easily affected by factors such as the inclined road 

surface or the installation position of the meters, so the camera 

may not be able to strictly face the dashboard of meters, which 

can further lead to image distortion and the recognization 

failure of readings, so in order to attain more accurate 

automatic readings, at first, this paper corrects the tilt of meter 

dashboard. 

The first step is to judge the convexity of image boundary. 

Assuming: (a, b) represents a certain point on F (the boundary 

of meter image), if it satisfies ∂k/∂a>0, ∂k/∂b>0(or ∂k/∂a<0, 

∂k/∂b<0), then (a, b) is concave, at this time, F increases (or 

decreases) in the directions of a and b; if it satisfies ∂k/∂a>0, 

∂k/∂b<0(or ∂k/∂a<0, ∂k/∂b>0), then (a, b) is convex, that is: 
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Then, the ellipse that may exist in the image is found out 

based on the convexity of point (a, b) and the foci of the ellipse 

are calculated according to two arcs that belong to the same 

eclipse but in different quadrants. Figure 1 gives a schematic 

diagram showing how to find the foci of the eclipse. Based on 

the calculation results of ellipse foci, the length of the long and 

short axes of the ellipse and the tilt angle are determined, at 

last, the shape of the ellipse is fitted. 

 

 
 

Figure 1. Finding the ellipse foci 

The long axis, short axis, and foci of the fitted ellipse are 

taken as the datum points to correct the tilt of the meter image. 

Assuming: N represents the perspective transformation matrix, 

then the following formula gives the transformation equation:  
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Assuming: (a,b,c) represents the coordinates of the original 

meter dashboard image in the three-dimensional space, (a,b) 

represents the coordinates of its projection on the two-

dimensional plane, (A,B,C) represents the 3D coordinates 

based on N transformation, then the following formula gives 

the transformation equation for converting into 2D coordinates 

(a’, b’): 
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3. DETERMINATION OF METER DASHBOARD 

CENTER  

 

To get the accurate position of the pointer, at first, the 

accurate position of the center of the meter dashboard should 

be determined, in this paper, the area of the scale in the meter 

image was marked as a connected area, as shown in Figure 2. 

Then, straight lines in the scale were fitted based on the least 

square method, considering that the intersection points of the 

fitted straight lines only represent the area where the scale is 

located, it is not the accurate position. At last, based on the 

DBSCAN clustering algorithm (Density-Based Spatial 

Clustering of Application with Noise), the clustering center of 

all straight line intersection points was found and determined 

as the center of the meter dashboard. 
 

 
1) 4 adjacencies         2) 8 adjacencies 

 

Figure 2. Marking the connected area 
 

During straight line fitting, the sum of error squares of the 

data needs to be minimized. Assuming: (ai, bi) represents the 

set of the fitted dashboard scale straight line data points, then 

the formula for calculating the sum of error squares of the 

distances from each data point to the dashboard scale straight 

line Δb2: 
 

b la = +  (5) 
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The l and τ values corresponding to the extremes of the 

above formula can be attained based on the following formula, 

that is, to calculate the derivation of Δb2 with respect to l and 

τ, and let the derivation result be 0: 
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By solving the above formula, the l and τ values that can 

meet the fitted straight lines of the dashboard scale could be 

attained: 

 

( )

( )

1 1 1

2

1 1 1

2

1 1 1 1

2

1 1 1

m m m
m a b a bi i i i

i i il
m m m

m a a ai ii
i i i

m m m m
a b a b ai i i ii

i i i i
m m m

m a a ai ii
i i i




−  

 = = ==
 −  
 = = =



−   
= = = = =


−  

 = = =

 (8) 

 

To get the cluster center of the straight line intersection 

points, at first, the center point of the entire meter image was 

randomly chosen and supplemented based on all pixel points 

that are density-connected to the center point. Then, to attain 

the boundary points of the clusters consisted of non-center 

points, this paper searched for other center points in the center 

area and the points that are density-connected to them. After 

the boundary points were attained, the entire meter image was 

searched again and the boundary points were deleted, these 

steps were repeated until there’s no more new center point of 

the meter.  

 

 

4. CONSTRUCTION OF THE METER IMAGE 

READING RECOGNIZATION MODEL 

 

Based on the image after subjected to tilt correction in the 

previous chapter and the determined position of the dashboard 

center, this paper built the meter image reading recognization 

model based on the YOLOv5 network model, Figure 3 shows 

the structure of the YOLOv5 network model, and its principle 

is detailed below. 

In order to fit the minimum enclosing rectangle (MER) 

facing the rotating pointer, reduce the correction scale of the 

original YOLOv5 network, and improve the recognization 

accuracy of readings, this paper constructed a rotating box 

containing width, height, rotation angle and other information. 

Assuming: (a,b) represents the coordinates of the center point 

of the rotating rectangular box, q represents the shorter edge 

of the rectangle, f represents the longer edge of the rectangle, 

ω represents the included angle between the longer edge and 

the horizontal direction, then the rotating rectangular box can 

be written as (a, b, q, f, ω). 

To solve the problem of angle periodicity with the rotating 

rectangular box in the regression of angle parameter, this paper 

converted the regression process of angle parameter in the 

network into the process of solving a classification problem, 

but this will sacrifice a certain recognization accuracy of the 

readings. In order to solve this problem, this paper measured 

the degree of influence on the recognization accuracy of 

readings based on the maximum accuracy loss Max(QU) and 

the average accuracy loss P(QU). 
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Figure 3. Structure of the YOLOv5 network model 
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To distinguish the size of different-type losses, this paper 

set a window function to describe the distance between the 

predicted angle and the actual angle of the meter pointer, as 

shown in Figure 4, assuming: g(x) represents the window 

function; x, y, and z are constant terms; a represents the input 

angle information; ω represents the angle to be rotated, the 

following formula describes the process: 

( )
( ) ,

0,

h a s a s
DRK a

otherwise

  −   +
= 


(11) 

By substituting the Gaussian function into the above 

formula as the window function, we can get: 

( )
( )2 2/2 , 3 3

0,

a y d a
xpDRK a
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  − − −   +
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(12) 

Assuming: (yq, yf) represents the actual rotating rectangular 

box, (Da, Db) represents the grid coordinates of meter image, 

(ε(oa), ε(ob)) represents the offset of dashboard center. For the 

YOLOv5-based meter image reading recognization model, the 

goal of the regression of the rotating rectangular box is to learn 

the mapping from the optimal rotating rectangular box (Eq, Ef) 

to the actual rotating rectangular box (yq, yf) and the offset 

(ε(oa), ε(ob)). Figure 5 shows the goal of model regression. 

Therefore, based on the confidence loss QU1, the boundary 

box regression loss QU2, and the type loss QU3, this paper built 

the loss function of the model as: 

1 2 3QU QU QU QU= + + (13) 

The GIoU loss function was adopted for QU2, and both QU1 

and QU3 adopted binary cross entropy loss functions. 

Assuming: X represents the predicted box, Y represents the 

actual box, D represents the smallest convex closing box 

containing X and Y, then there is: 

( )\D X Y
GIoU IoU

D


=  (14) 

12QU GIoU= − (15) 

The following formula calculates the total loss of the meter 

image reading recognization model: 
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(16) 

During the recognization of the rotating pointer of the meter, 

the goal of boundary box regression is to learn (ε(oa), ε(ob)) 

and ω, therefore, the loss of rotation angle ω was added based 

on above formula. 

( ) ( )( ) ( )( ) ( )( )
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Figure 4. Recognization of distance between the predicted 

angle and the actual angle 

5. EXPERIMENTAL RESULTS AND ANALYSIS

This study selected 10000 meter images with different 

lighting conditions, shooting angles and formats, each image 

only shows one meter. Out of the 10000 images, 8000 images 

were taken as the training set, and 2000 images were taken as 

the verification set. To get the accurate position of the pointer, 

the cluster centers of all straight line intersection point 

collections were found out using the DBSCAN clustering 

algorithm, and the accurate position of dashboard center was 

finally determined. To verify the validity of the proposed 

algorithm, the experimental results of the proposed algorithm 

and several reference clustering algorithms were compared. 

Table 1 compares the meter dashboard center positioning 

results. According to the table, compared with average offset 

clustering algorithm, the clustering efficiency of the proposed 

algorithm was lower, but the proposed algorithm attained 

lower wrong detection rate and missing detection rate. 

Through experiment, it is found that if the collected meter 

image has low pixels or the shooting angle is tilted, then the 

positioning of meter dashboard center will be affected, which 

has also verified that it is scientific to correct the tilt of meter 

dashboard before positioning the dashboard center.  

When training the network, at first, the default size of the 

rotating rectangular box needs to be adjusted until it can fit the 

meter image set, otherwise it’ll lead to a decrease in the 

training speed of the model. To make the rotating box better 

fit the actual box of meter pointer and accelerate the fitting 

speed of the model, before verifying the performance of the 

meter image reading recognization model, this paper clustered 

the actual boxes of all meter pointers in the meter image set 

and define the size of the rotating box on this basis. 
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Figure 5. The model regression goal 

 

 
 

Figure 6. Training error curve of the meter image reading 

recognization model 

 
1) 

 
2) 

 

Figure 7. Recognization accuracy curve of the meter image 

reading recognization model 

 

Table 1. Comparison of meter dashboard center positioning results 

 

Model 
Image 

quantity 

Number of wrong 

detections 

Number of missing 

detections 

Rate of wrong 

detections 

Rate of missing 

detections 

Running 

time 

The proposed algorithm 10000 13 36 1.3 3.6 0.44 

K-MEANS clustering 10000 96 153 9.6 15.3 3.53 

Bisecting K-MEANS clustering 10000 65 124 6.5 12.4 3.29 

Average offset clustering 10000 43 57 4.3 5.7 0.35 

The training error curve of the proposed model during the 

training process is shown in Figure 6, as can be seen from the 

figure, when the number of iterations reaches more than 45, 

the training error is the lowest, then the curve tends to be stable. 

This paper chose the training weight of 45 iterations to carry 

out the test. 

Figure 7 shows the recognization accuracy curves of the 

model on the training set and the test set, according to the 

figure, the recognization accuracy of the model for meter 

pointer increases gradually as the number of iterations grows, 

after the number of iterations exceeds 150, the recognization 

accuracy of the model can reach more than 98%. 

To further verify the validity of the proposed model for 

recognizing the image readings of different-type meters, two 

ampere meters (No 1 and No 2), a voltmeter (No 3), and a 

power meter (No 4) were included in the experiment. Table 2 

summarizes the test results of different meters. According to 

the table, the proposed model performed very well in 

recognizing the readings in the images of different-type meters, 

under the condition that the meter dashboard is not obstructed, 

the values of the recognization confidence of meter pointer are 

all greater than 0.9, indicating that the recognization results of 

meter pointers are highly credible. The experiment shows that 

tilt correction and positioning of dashboard center are very 

important for the results of meter pointer readings. By 

converting the angle parameter regression process in the 

network into the processing of a classification problem, the 

relative error of the recognization results of meter pointer 

angles of the model had been effectively reduced, and the 

maximum value is less than 4%. Through the comparison of 

recognization results of the image readings of different-type 

meters, it’s known that with the increase of solution accuracy 

of the included angle of minimum scale, the recognization 

accuracy of the proposed model increases accordingly.  
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Table 2. Test results of different types of meters 

Meter No. 1 2 3 4 

Meter type 
Ampere 

meter 

Ampere 

meter 
Voltmeter 

Power 

meter 

Actual value of 

the angle of 

minimum scale 

11.20° 3.60° 8.50° 1.80° 

Calculated 

value of the 

angle of 

minimum scale 

11.72° 3.58° 8.66° 1.79° 

Relative error of 

minimum scale 
4.53% 0.26% 1.72% 0.55% 

Actual spacing 

angle of the 

rotating box 

111.00° 71.00° 67.00° 53.00° 

Calculated 

spacing angle of 

the rotating box 

115.67° 71.92° 69.93° 53.56° 

The reading 

identified by 

human eyes  

1.45A 1.52A 234V 350W 

The reading 

before 

correction 

1.46A 1.42A 221V 361W 

Relative error 

before 

correction 

3.85% 3.83% 3.09% 1.75% 

The reading 

after correction 
1.47A 1.55A 225V 359W 

Absolute error 

of the reading 
0.02A 0.06A 0.02V 11W 

Relative error 

before and after 

correction 

2.28% 0.31% 1.56% 0.25% 

6. CONCLUSION

This paper studied a novel recognization method for electric 

circuit inspection meter readings based on deep learning. At 

first, this paper corrected the tilt of meter dashboard, and 

accurately positioned the dashboard center. Then, based on the 

YOLOv5 network model, this paper constructed the 

recognization model, gave the structure of the YOLOv5 

network model, and introduced its working principle. In the 

experiment, this study compared the results of the positioning 

of meter dashboard center, and the experimental results show 

that compared with average offset clustering algorithm, the 

clustering efficiency of the proposed algorithm was lower, but 

the proposed algorithm attained lower wrong detection rate 

and missing detection rate. Moreover, this paper plotted the 

curves of the training error and recognization accuracy of the 

model and summarized the test results of different-type meters, 

the experimental results also verified the validity of the 

proposed meter image processing method and the constructed 

recognization model.  
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