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Abstract

In order to realize the automatic recognition of old mechanical water meter reading in real scene,
a new method of water meter digital recognition based on convolutional neural network was
proposed. The original water meter image was preprocessed, and the data set of a single character
was obtained by coordinate positioning and segmentation. The method of salt-and-pepper noise
and rotation angle was used to amplify the data set. Then through the grayscale, filtering, local
threshold segmentation and other operations, the details of the image are processed. In the deep
learning framework of TensorFlow, a LeNet convolutional neural network model was built, the
convolutional kernel was selected as a 3 * 3 convolutional layer, the processed data was put into
the improved LeNet network model for training, and the character recognition was finally rea-
lized. Experimental results show that the accuracy of this method is 99.97% in the training set and
98.36% in the test set, which provides the possibility for the automatic recognition of water meter
reading in the real scene.
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Figure 1. Flowchart of water meter digital identification
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Figure 2. Original water meter image
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Figure 3. A partial dataset
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Figure 4. Effect of adding salt and pepper noise

4. IBINHIERIR SR E

Table 1. Add pepper and salt noise algorithm pseudocode

= 1 EmMERRERENAB

Sk 1 B ER N A

o image AR EIS: prob MR LB result Sy inARcER ks S 10 R

Input:image,prob;
Output:result;
for i in range (image.shape[0])
for j in range(image.shapr[1])
rdn=random.random()
if rdn < prob

FZBR A ININE AL, R A

elif rdn > 1-prob

FZB R RBINE L RS

else (3 A
end if
end for
end for
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Figure 5. Grayscale effect diagram
5. mENRE
2.4. R

A EBAE — PRI DB A, RN REIR x(n1, n2), DME—RF N0 BCE — M E 14
WA, AIIAK 2N+ 1, (N =0,1,2,---), KU A S8 R 58 B 12 O BEAT HES, BUHE AR
B ER R R, 3 DR K BB TT LSS O R A . B M R T, B TS E
T2 5 3 BIE S (T5 5, A SCAE MR IR b A I AR IR 7, (RIS A LR AT 7 RIS thois 5 7 A
MR, DIAERMR By 255 B 0, BRI AR F, AN SBORME A e/ IMEL, AT RERY HE,
LI P B e R T iR HEAT 250, BOR RAF.

2.5. FEEE S E)

i H R AT UKL, RS NIRRT JulRaEmin,
I PE T RERE AN S I3 AT IR, A SR R B BRI 20 BU[AS] K7 3%, ARSI AN DX e B A1, 155
HJRABRME, TR 1 BN &) S D 3R 25 SEBR s R (KT 20

2.6. LeNet PI4EIRBYIRYFEEE

RICRFRITTIERFET LeNet WMZHEAY, AT T 8650 sudl, e — M/ NGB RRRE  24,
i 3 M EFE (convolution, Conv). 2 M4k 2 (Pooling). 1 M4=i%# )2 (fullconnected, FC)FI 1 M 2
(Output) iy, LRI LMW 6 Fim .

AL A 2% S5 A E JE AR 1) LeNet BRY B kAT T 202, MIARIE R/ 28 * 28, M B HE B X
MIR/ANR 3 * 3, BREUGKN 1, MEREUEIG R EMGE S350, PR S b E Rl 2 > 2,
A AR N RSB S SR

1) fANEUR: SRS KRN EE A 1K 28 * 28 KA.

2) BRUZ(Conv): FIANEIGHR 1 ANK/NK 3* 3 BRI EHMT BRI, frh B2 5 RHER .. &
HFEARON:
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Figure 6. LeNet network architecture
[ 6. LeNet PI4g5e4)
X =f (Wij XX +bij) ()
1
f(x)= )
() 1+e™

X, x, Fon ERRFEE:  x R B j 3R IR wy RoRE ] D ERZIBE S8, B
E B VAR SRS | R E AT EARRAE[16]: by Ron B f(X) B ieE R

3) #tb)Z(Pooling): EGRZEZ G5 ANMAL)E, STRHERGIATIEIE. BedE, SEELGaoReiE - R
SP[A7], BiEBdEE FEA, REBHESER. M 2* 2 KBRS SN AT A . Ykt
AR

Xii = Pooling (Xi—l) 3)

A, X, Bon B ERHMERE; X RN ML J5 X N &t FRRE 5 Posiing (x) LAl R EL

4) EERZEFC): ZESMIEMBIMRHMEHTIELMAH S, BEIENRTRERES, B2 ol fRHE
K& ER: .
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5) %t )= (Output): 4y AN RIMERAE, ASCHRR IR 0~9 3% 10 My, HULiE 10 21,
LESER N EIPSISIP A PSS
LeNet BAFIZE W28 B Oy ARRS a1 2 o

Table 2. Pseudocode of LeNet model algorithm

%% 2. LeNet {RBVE E AT

HVE 2 BRI LeNet B FAM 22 W 2% Y

Input:J54A E 1% 28 * 28

model = models.Sequential()

model.add(layers.Conv2D(32, (3, 3), activation="relu’, input_shape=(28, 28, 1)))
model.add(layers.MaxPooling2D((2, 2)))

model.add(layers.Conv2D(64, (3, 3), activation="relu’))
model.add(layers.MaxPooling2D((2, 2)))

model.add(layers.Conv2D(64, (3, 3), activation="relu"))
model.add(layers.Flatten())

model.add(layers.Dense(64, activation="relu'))

model.add(layers.Dense(10, activation="softmax"))

3. SEWESHRS

3.1 KEER

ACHIEESIG IR N Windows10 #:1E R4, Python iE S, RGMREEIREN Intel(R) Core(TM)
i7-10510U 4328 . NVIDIA GeForce MX250 7 &R .
7 Tensor Flow IR 22 SIHESR R, #5225 i LeNet SR MA M 4R RY, 3@ — R 21 FAb B 3%

PE4E, 1M 41 (ELBI 0 N ZREEAINIREE, RN SRR, IEARECN 25 IR,
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I HBEIEARE RN, SRR BUE IR S T 0 {8, [, &I RNZE#Id R —KIIZRR 5]

HER R

Training Loss And Accuracy

—loss
1.24 ——acc

0.01

0 5 10 15 20 25
epochs

Figure 7. Digital recognition accuracy and loss function curve
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Figure 8. Part of the test results
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Table 3. Recognition accuracy

% 3. IRAEHR

A2 (%) A 25
YgrtE 99.97
M 98.36

A Sl i xR A6 (KR B HEAT A7 AL B, AR /N A RE MG A ER e 75 1) D7 1045
BV, BN BAREEAT 2 7 K AT, SERIRKEEA . A ELIE B AR S P R EL 2 ) 1 A B 900 PR
HadtATRAE, Hoa M S0 5 10 LeNet #2e S HEARDG Sedb AT U1 4R, T/ 2I TS R . A& 3 AN
8 ISEIRSE R EATLLR Y, AR TR B KRR MR 2 .

4. B

A SRR BT PR B ) 7K R UG I Bkt , 0 S 34T T &N D7 T AR B AR, AR 4 LeNet
P26 FE R TR R, SR T — R TSR I 2 1) 1 S S KRB A i . SERR I«
SO, 225 20 YOEAR, IRBIMERI R ATIA S 99.97%, RAKEEE R, AR0EE T ESL ST
IKFRE A B A EEE, S AWK R B3R AL T AT RE . ASCHAAE— R 22 Ak,
BEAE 2% ZE IR, ol Res MU LA OIS B0, N — 25 AR 5T ot S5 48 5k 22 9 2% (Residual Network
fai % ResNet) [18] [19]K M eix — u] B,

E&UH

TR Tl K2 2019 AR AU bR w7t 5 92 B I H XY J-2201920 (AL E VAR RAE G T 7%
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BE K

[1]1 RuN¥, ZrE. £F Lenet-5 M A MOEmIDATF S iHAIH 0], L EKEZHMR(EH AR HAR), 2017, 31(2): 40-45.
[2] Hgrst, BfE, ABTR. HT LeNet MMM T 5 H FIRAE AR ], B AR 1.2, 2020(6): 51-53.

[8] B4 ETHHEMEMSNTEHFHRNRGENRITE]. BEet B 5 RH, 2019, 9(2): 54-56,62.

[4] Lecun, Y., Bottou, L., Bengio, Y. and Haffner, P. (1998) Gradient-Based Learning Applied to Document Recognition.
Proceedings of the IEEE, 86, 2278-2324. https://doi.org/10.1109/5.726791

[5] SRPFHPBH, 32/ 48, XA 2T LeNet-5 Stk iy Bl 22 4 4 ER U U7 VAL B 5 Hulii (R i), 2018(7):
127-130.

[6] 4effifk, TiEMH. BRARE ML M2 FARNFIRAI]. o E B S K548, 2018, 23(3): 410-417.

DOI: 10.12677/csa.2021.113047 474 TR 5 R H


https://doi.org/10.12677/csa.2021.113047
https://doi.org/10.1109/5.726791

AN

[7]
(8]

[9]

[10]
[11]

[12]

[13]
[14]

[15]
[16]
[17]

(18]
[19]

VA, BRRNN, AL, 2. BRI FRAERS ). tHENL LR S R, 2018, 54(3): 160-165.

Lawrence, S., Giles, C.L., Tsoi, A.C. and Back, A.D. (1997) Face Recognition: a Convolutional Neural-Network Ap-
proach. IEEE Transactions on Neural Networks, 8, 98-113. https://doi.org/10.1109/72.554195

Tivive, F.H.C. and Bouzerdown, A. (2006) An Eye Feature Detector Based on Convolutional Neural Network. 8th In-
ternational Symposium on Signal Processing and Its Applications, Sydney, 28-31 August 2005, 90-93.

ARAETN. T LeNet-5 M AR IRBII]. 155 5 M FEHEIR), 2020, 32(23): 65-67.

YR, N, HEARE, D3, FETOUER LeNet-5 4R HLEE BG4 22 W L[] 18 B HIR, 2020, 44(12):
8-10+16.

MR, T, BRI, EEE, Z=EW. FET LeNet BN M 45 10 8 95 5 H sl 7774 [1]. B AR,
2021, 11(1): 47-50.

SR, OIZE, MO, TR, HHE BT RERGREEL RN RSEHTN] BILRHE, 2021, 37(1): 80-83.

W, WRM, BA. FT Lenet-5 MWLHGHRHIER& /KR E FIRA[I]. VIMHES B30, 2020, 49(6):
189-192.

LRI, FREe¥e, DT LT Jm 0 3 L ) P 200 A 43 30 7 v ). vh SEHLRE A AR 5T, 2009, 26(2): 755-756.
B, FIOmG, AT, ET B R NEARBHGIRAITIEN]. tHENL LR ST, 2018, 39(1): 224-229.

TR, B, ERE. ETEHMAEMSN SAR BHir2 4 R EIRILI). FLbkiliE S B3k, 2017, 46(1):
111-115.

FEwear, X075, WfEA. ETRERESINEORG LRI B2 T, 2019, 40(17): 235-242..

Bk, SfRde, B, 25T ResNet Io RGNS T # 5 S JTE[]. PO A K (B A% 42hR), 2019,
34(6): 121-125.

DOI: 10.12677/csa.2021.113047 475 HENLIRE 55


https://doi.org/10.12677/csa.2021.113047
https://doi.org/10.1109/72.554195

	基于卷积神经网络的真实场景下水表读数识别
	摘  要
	关键词
	Automatic Recognition Method of Water Meter Degree in Real Scene Based on Convolutional Neural Network
	Abstract
	Keywords
	1. 引言
	2. 水表数字识别的实现
	2.1. 定位切割
	2.2. 数据集扩增
	2.3. 灰度化
	2.4. 滤波
	2.5. 局部阈值分割
	2.6. LeNet网络模型的搭建

	3. 实验与结果分析
	3.1. 实验准备
	3.2. 结果分析

	4. 结语
	基金项目
	参考文献

