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Water Level Detection Algorithm with Attention Mechanism Incorporated
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Abstract: In view of the susceptibility of traditional image processing water level detection algorithms to
environmental factors, a water level detection algorithm has thus been proposed with attention mechanism incorporated.
Firstly, the YOLO v5 object detection model, with CBAM attention mechanism incorporated, is utilized to obtain the
categorical classification of the water gauge and its corresponding coordinate information. Secondly, the segmentation
of water gauge and background can be achieved through the DeepLabv3+ semantic segmentation model with ECA
attention mechanism incorporated. Then, an edge detection algorithms is applied to obtain water level information.
Finally, the pixel values are converted to the true water level values based on the digital information of the ruler and
the water level information. The experimental results show that the error between the optimized water level detection
algorithm and manual reading is within 2 cm, which meets the requirements of water level detection standards.
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Fig. 1 Flowchart of water level detection
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Fig. 3 Improved YOLO v5s network structure

34 REHFIRE

A CBAM IR IHLHIT YOLO v5 R, AERS
A RCRIN 1 56 8% 5 IR K 2 E Y 0~9 3k 10 Fh¥cE
Fh, TERCF I BRI A R, AR AR A b
FAFIAE T M ARARI N CRIE AR 2% i ) AG D AE
ARG B IUE i f JIC TR AR T HE i 60, 5 (0 AR B 5 R
F PRI B B AR 2B x, BCFPINAEZ B
FIBINAERR g by, 2T SIS b o

4  FEF DeepLabv3+ KL Z&LEM AL

4.1 DeepLabv3+ f=EIHEA
DeepLabv3+ 15 U 21 & | 45 i #% ( Encoder ) I

f#fS % (Decoder ) £5#4 BV, Hfigtf %% i Ffl Xception
BT I RN 2 3 23 (8] 45 B Ak 4 735 (atrous spatial
pyramid pooling, ASPP) i 17 2 R JEE FF Ak 4 B A
I AL R, DA A 5T AR A K RO B
M RGE, 0 XEBHXT D, B DA SCiEE
MobileNetv2™ {4 £ i DeepLabv3+ f& Y 3 F [ 4%
MobileNetv2 A ) I & 7] 43 B %5 A1 Pl Xceeption
IbREGBUH L, ez b HAA B RE. BikE
TEE R ARSE R D*D, i AGEIEBCH M, i 8
EHCN N, CH—MERZMIEK, WREGERRT
RS, MR A o G U TR S, MLHLEh

i _ D'D'CCM+D'D'M'N _ L_*_ 1

S, D'D'C'C'M'N N CC”

nLIE H, FE T Xception RIPRUEEFL, WE




60 i = R B |

K % % i 2025 4F

Al BB E LT MG SRR, KR
P T RS IR AR

TEfRRSEY B, X E—2E 4t B BOgR 1S 0 i 415 2
AT FoRAE, B IE RO R GRS R R 00, IF
P RFAMR R SHA TS o328, SCBE S
42 ECA EFENNHER

ECA ( efficient channel attention ) ** 1§ & 1 #L 7l
Xt SEP R R S HLHI AT T Ak, T — 4 RSB
SRR EIEAC ., AR E R OC R, A AR
T SE 1B I HLGIAE He 26 38 18 Frdy ol 2% ~J 38 18 [3) AH H

4 ECA FENMELEHE

Fig. 4 ECA attention network structure
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Fig. 6 Confusion matrix of this proposed model on the dataset
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Table 3 Water level detection results at four sites
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