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Abstract

In order to improve the accuracy and robustness of automatic water level monitoring based on video im-
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ages, a video water level intelligent identification method based on artificial intelligence and random field
is proposed. Based on Deeplabv3+ semantic segmentation model, attention mechanism and conditional
random field are introduced to optimize water level recognition, and the water level value is calculated by
interpolation combining with camera calibration results. Three groups of water level identification expe-
riments with different conditions are set up. The results show that the proposed improved algorithm is
more accurate, has environmental adaptability, and basically meets the requirements of hydrological test.
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o AR EKFUS ARSI K SCIE I B shAt . SERb . B REALIER, A P R AL W 0 45 A 3 DA 2 4
BOKF R G @B HER . LG KA I 7 AR R . SR ECK AL AR KA T TR KR
MR T, T, e, BaKEARAR, EBBIREFIIMREEK. 7F2XUKA 2 B Ak E{E
Rz AR, R, Haefe s, EFEGENI, L@ E, EARM AR KE
LR G AN 1] o Fe ISR o BAR TE T8 KA, (H RIS & P72, 5 52 BV VR AR G,
VA& Y PRI o R P 3 AT T 8 F I R A KA IS I 12 4%, 388 G T /K R IR BEXHI SRefR s, {H 552 328K,
WE . WRE. BArsgm, WEFEE X, FiAKM A BT ER, ERER, HlE
55 B K HEF VAN S RSB [2]

AR, B KAME B LA BT B4, AR 3218 O T TR AR AE L L, kA SR
TR TSR T A At . KA EMER B VR A R Dy B e B R K SRR T 4, SRR IRIK
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Figure 1. Diagram of the implementation of the water level recognition method
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Figure 2. Improved Deeplabv3+ model structure
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Figure 3. Channel attention module
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Figure 4. Spatial attention module
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Figure 5. Residual structures embedded in CBAM modules
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Figure 6. Partial image of the dataset
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Table 1. Comparison of the performance of different semantic segmentation models for water surface area recognition
= 1. AEIE XS EER 7K E Xg0R Bl 4 GEXTEE

B 4 FR MPA (%) mloU (%)
FCN 72.81 50.80
SegNet 75.75 52.27
UNet 92.74 84.46
Deeplabv3+ 95.29 89.75
A 98.21 95.46
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LA R) a o 3

[ —
T
OB B 47) [ . 3
St

z“' ZEE

FE 5 A% FC SegNet UNet Deeplabv3+ AR
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Figure 7. Comparison of different semantic segmentation algorithms for recognition of water areas in different scenes
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4.44%; 5|\ CRF J5 MPA $&J+ 17 2.65%, mloU $&7t 1 5.37%; —#HAHAEZ 5 MPA &7t T 2.94%, mloU #27t+
T 5.71%.
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Table 2. Comparison of the performance of different improvements for water surface area recognition

= 2. FEISUHHERERK B X 0R A 14 gE Xt EL

MPA (%) mloU (%)
Deeplabv3+ 95.29 89.75
+CBAM 97.65 94.19
+CRF 97.94 95.12
+CBAM+CRF 98.21 95.46

NI Deeplabv3+ +CBAM +CRF +CBAM+CRF
Figure 8. Comparlson of different semantic segmentation algorithms for recognition of water areas in different scenes
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Figure 9. Measurement results of water level recognition test
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Table 3. Comparison of the water level recognition test results
Fz 3. KGR BRI P NILE R

B 1 W% 2 4 3
Deeplabv3+ SEIA AP Deeplabv3+ BGEiH =AU Deeplabv3+ SOk L
RRRE -1.500 -1.300 1.400 1.300 3.000 1.000
RENHETE 0.027 -0.043 0.110 0.025 0.182 -0.030
BEMLASH 22 1.314 1.201 1.135 0.756 4.936 3.259
CEAAEE 1.314 1.202 1.140 0.757 4.939 3.259

Figure 10. Water level recognition error
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Figure 11. Screen changes caused by camera disturbance
11. BN Ehs R E T

DOI: 10.12677/jwrr.2022.115049 455 IK IR FT


https://doi.org/10.12677/jwrr.2022.115049

I N Re S RENLI HOK AL BER IR 5 T 0T 7E

% 345 7T =56 P R Deeplabv3+H R AN SR A LEIN A5 R . Horrislis 1 Al 2 75 S hrdE P 2R a A
B FEANEE 3 om, RGURZEANEE XL om KIUE. kK 3 fFatrEh RGHRZENBE L1 om BHLE, HE
R AN e T 3 om. &Xt Lk, AHLLTJE Deeplabv3+5Hi%, Ul RVERZEE N, RBIEE R ERTRE.

4.3. RESTHT

HEBHLEEZ G, BEURIMEER LIRS P e Rk R AR e, KA IR AR oRsE 1 KL 55
RIRERE o /KA ZR U IR ZE 0, TR B 2 IR 75 . ] 10 FRoR T3R8 1 b B 217K A R R A 12 2

FIHUAEIRBI, FUBARE R - M NG R B 2 203, XN $2 [ U b 5 45 SR AT Fl (L T 5 1)
Pl zz. K11 o 1Talls 3 o i T B ki ahid s R A2 1k .

5. ZRESRE

AR SCHEH — I T IR BE TR XA B MG K AL S 7712, 7E DeepLabv3+f5 7k X CBAM 4 & /75 He 4 FH45
RS SRR AE (ISR ELRE 71, P A A NI IR TR ID G I A BIRE S, FERE “Herk R 3T /KA
(5, IR TE T BUR AR K AL AS FERGE I . Seab g SRR, Sk e 3 B 5E4 - MPA i&
98.21%, mloU ik 95.46%, it T HAhS L. Zad = /KA WML, SOk H VR AL T 7 Deeplabv3+5i%,
SPRIRZEAHEE L om, W LUE NN, R IR KA AR .

T I ZRK TH 20 8 0 48 (I BE SE UBE A /DN, HARAE RGUMERR IR 22, 84590 B I 28 R 51 /K T X 3832 A4k 47
FAE—ERZE. RS UIWEETE 25 FIKEER, 5 REIREME, PR SREARFEIRE T iz
REJT o EPXIKIA SR 73 FliR 22, ARSCRH T %MBENIAE RiA G AU, RARZESH, AR
4, el DLSE S RO T BOAT U G AT R BB R R . seAh, ASCER ISR, M5 S i g He A 4b
TR AR, WTE R R FREE 51 R /KL R 2L AR 5 T SEIAR 8 AR 7KL M e A R X AR 7T, i — P 45
B FENLALE S S I R R W 2= (KA i 28, $RTH IR B AR e .

E&WE

[ 5% & S R 1H I (2019YFC1510602)

SE K

[1]  SRBIME. iR X R K AL R B3], /K RIZK S B B4k, 2008(4): 45-46.
ZHANG Yinghui. A brief discussion on model selection of water level gauge for mountain river. Water Resources Informatiza-
tion, 2008(4): 45-46. (in Chinese)

[21 %4, JaERBL K ALAR B I LA #E[]. KRS B AL, 2014(3): 52-54+60.
AN Quan, FAN Ruigi. Comparison and selection of common water level sensors. Water Resources Informatization, 2014(3):
52-54+60. (in Chinese)

[31 YU, J, HAHN, H. Remote detection and monitoring of a water level using narrow band channel. Journal of Information
Science and Engineering, 2010, 26(1): 71-82.

[41 k¥R 45, EER, @A4R, XEE. FREX KR EGIE RG], AR R, 2018, 39(9): 236-245.
ZHANG Zhen, ZHOU Yang, WANG Huibin, GAO Hongmin and LIU Haiyun. Image-based water level measurement with
standard bicolor staff gauge. Chinese Journal of Scientific Instrument, 2018, 39(9): 236-245. (in Chinese)

[5] a4, MR, BT R R K A I 77 vE R L[], - SO e, 2019, 40(3): 390-394+400.

ZHOU Heng, ZHONG Sidong. Research on water level monitoring based on image processing. Semiconductor Optoelectronics,
2019, 40(3): 390-394+400. (in Chinese)

[6] BAI, G. G., HOU, J. M., ZHANG, Y. W,, et al. An intelligent water level monitoring method based on SSD algorithm. Mea-

surement, 2021, 185: 110047. https://doi.org/10.1016/j.measurement.2021.110047

[71 JAFARI, N. H., LI, X., CHEN, Q., et al. Real-time water level monitoring using live cameras and computer vision techniques.
Computers & Geosciences, 2020, 147(5): 104642. https://doi.org/10.1016/j.cageo.2020.104642

DOI: 10.12677/jwrr.2022.115049 456 TK YR 5T


https://doi.org/10.12677/jwrr.2022.115049
https://doi.org/10.1016/j.measurement.2021.110047
https://doi.org/10.1016/j.cageo.2020.104642

I N TR RE S RN RO KA BRIR 5 T5 07T

(8]

[°]

[10]
[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

CHEN, L. C., ZHU, Y., PAPANDREOU, G., et al. Encoder-Decoder with atrous separable convolution for Semantic image
segmentation. In Ferrari, V., et al. (Eds.), Computer Vision—ECCV 2018. Berlin: Springer, 2018: 833-851.
https://doi.org/10.1007/978-3-030-01234-2_49

G, LK, B, E TR ZRR[I]. BAEER, 2019, 30(2): 416-439.
WANG Wenguan, SHEN Jianbing and JIA Yunde. Review of visual attention detection. Journal of Software, 2019, 30(2):
416-439. (in Chinese)

WOO, S., PARK, J.,, LEE, J. Y., et al. CBAM: Convolutional block attention module. In Ferrari, V., et al. (Eds.), Computer
Vision—ECCYV 2018. Berlin: Springer, 2018: 3-19. https://doi.org/10.1007/978-3-030-01234-2 1

KRAHENBUHL, P., KOLTUN, V. Efficient inference in fully connected CRFs with gaussian edge potentials. Advances in
Neural Information Processing Systems, 2011, 24: 109-117.

HIMT. BT AR AFRERLI 5o v B RS SO BIHEWEFC[D]: [0 20 0], a2 P2 RHORE, 2019,

GAN Yixin. Research on the end-to-end semantic image segmentation algorithm based on the conditional random field model.
Master’s Thesis, Xi’an: Xidian University, 2019. (in Chinese)

LIANG, Y., JAFARI, N., LUO, X., et al. WaterNet: An adaptive matching pipeline for segmenting water with volatile appear-
ance. Computational Visual Media, 2020, 6(1): 65-78. https://doi.org/10.1007/s41095-020-0156-x

CHENG, Y., JIANG, M., ZHU, J., et al. Are we ready for unmanned surface vehicles in inland waterways? The USVInland-
Multisensor dataset and benchmark. IEEE Robotics and Automation Letters, 2021, 6(2): 3964-3970.
https://doi.org/10.1109/LRA.2021.3067271

BADRINARAYANAN, V., KENDALL, A. and CIPOLLA, R. SegNet: A deep convolutional encoder-decoder architecture for
Image segmentation. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2017, 39(12): 2481-2495.
https://doi.org/10.1109/TPAMI.2016.2644615

RONNEBERGER, O., FISCHER, P. and BROX, T. U-Net: Convolutional networks for biomedical image segmentation. In
Navab, N., et al. (Eds.), Medical Image Computing and Computer-Assisted Intervention—MICCAI 2015. Berlin: Springer,
2015: 234-241. https://doi.org/10.1007/978-3-319-24574-4_28

LONG, J., SHELHAMER, E. and DARRELL, T. Fully convolutional networks for semantic segmentation. In 2015 IEEE Con-

ference on Computer Vision and Pattern Recognition (CVPR). Manhattan: The Institute of Electrical and Electronics Engineers,
2015: 3431-3440. https://doi.org/10.1109/CVPR.2015.7298965

TKREBRAT KRS R 22K 375, GBIT 50138-2010. ZKAZ M IFRAES]. AL 5t: o E %1 d it 2010.
Bureau of Hydrology of Changjiang Water Resources Commission of the Ministry of Water Resources. GB/T 50138-2010.
Standard for stage observation. Beijing: China Planning Press, 2010. (in Chinese)

DOI: 10.12677/jwrr.2022.115049 457 TK YR 5T


https://doi.org/10.12677/jwrr.2022.115049
https://doi.org/10.1007/978-3-030-01234-2_49
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/s41095-020-0156-x
https://doi.org/10.1109/LRA.2021.3067271
https://doi.org/10.1109/TPAMI.2016.2644615
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.1109/CVPR.2015.7298965

	基于人工智能与随机场的水位图像识别方法研究
	摘  要
	关键词
	Study on Water Level Image Recognition Method Based on Artificial Intelligence and Random Field
	Abstract
	Keywords
	1. 引言
	2. 水位图像智能识别方法
	2.1. 计算流程
	2.2. 基于人工智能的水位线识别
	2.2.1. Deeplabv3+模型
	2.2.2. CBAM注意力模块

	2.3. 基于随机场的水面边缘细化
	2.4. 基于水位图像智能识别的数字水尺

	3. 水位智能识别模型训练
	3.1. 数据集构建
	3.2. 语义分割模型测试
	3.2.1. 测试环境
	3.2.2. 评价指标
	3.2.3. 分割性能对比
	3.2.4. 改进效果分析


	4. 水位智能识别方法验证与应用
	4.1. 试验方案
	4.1.1. 试验步骤
	4.1.2. 结果评定方法

	4.2. 试验结果
	4.3. 误差分析

	5. 结论与展望
	基金项目
	参考文献

