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Research on open channel water level image monitoring
method based on semantic segmentation

LIU Dukun, WANG Wen’e", SHAO Lingjia, CAO Qi, HU Xiaotao
(Key Laboratory of Agricultural Soil and Water Engineering in Arid Areas of Ministry of Education,
Northwest A&F University, Yangling 712100, China)

Abstract To address the issues such as existing water level sensors being susceptible to environmental
interference or water quality conditions, and traditional image processing methods having poor adaptability of
open channel water level monitoring in irrigation area, a water level line detection method based on the semantic
segmentation models and maximum contour detection algorithms is proposed. A segmented reference water
level calibration model is established to calculate the water level. Using MobileNetV2 as the backbone network,
additional skip connections and CBAM attention modules are introduced to improve the U-Net model and enhance
the segmentation accuracy of the water level edge. The maximum contour detection algorithm is combined to
extract the water level line, which could effectively eliminate interference factors such as floating objects. To
achieve precise conversion from pixel coordinates to actual water level values, a segmented reference water
level calibration model is built to obtain the mapping relationship between pixel coordinates and world

coordinates. The performance tests of the improved semantic segmentation model were conducted on datasets,
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while an experimental platform was set up to simulate real irrigation scenarios. Water level images captured by

cameras were used for water level calculations. The experimental results show that: 1) Compared to the baseline

model, the improved model achieved average intersection-over-union (loU) improvements of 1.37% and 0. 88%

on general surface recognition datasets and model test surface recognition datasets, respectively, compared

to the baseline model; 2) Using manual observations as the benchmark, the mean absolute error of the water

level calculated by the image-based monitoring method was approximately 0. 21 cm, with a mean relative error

of about 1. 0%. The improved model and water level image monitoring method proposed in this study demonstrate

excellent adaptability and stability under different channel shapes and materials, as well as various lighting

conditions, which can provide a feasible solution for open channel water level monitoring in actual irrigation

scenarios.

Keywords open channel water level monitoring; image processing; deep learning; real-time monitoring;

smart water conservancy
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Fig. 3 Comparison of edge detection and contour detection effects when the channel wall is wetted
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Fig. 4 Comparison of edge detection and contour detection effects when obscured by floating objects
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Table 1 Performance comparison of different semantic segmentation models on generic and

model-specific water surface recognition datasets %
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Model structure

Generic water surface recognition dataset

A5 328 58 K T R ) K Al A

Model test water surface recognition dataset

MIoU MPA PA MIoU MPA PA
VGG-Unet 87.27 93.40 94.51 98.49 99. 28 99. 25
Attention-Unet 86. 64 93.07 94. 20 98.76 99. 40 99. 38
Unet+ + 86. 27 92. 99 94. 02 98. 85 99. 44 99.43
DeeplabV'3 87.97 93.26 94. 90 99. 26 99. 63 99. 63
WaterNet 88. 64 93. 65 95. 20 99. 37 99. 68 99. 69

T :MIoU R P58 JF s MPA R F- PR R a5 PA R R MEW %, F 20,

Note: MIoU represents Mean Intersection over Union; MPA represents Mean Pixel Accuracy; PA represents Pixel Accuracy.

Same as Table 2.
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Fig.5 Water body segmentation performance of different networks in water surface fluctuation scenarios
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4)7E MobileNetV2-Unet+ Bk B % 2 #9 K fill I
£ B CBAM VE 22 3 AL, A o 4B AU WaterNet,
& T4 AR TR S G B AR AIE 1) OC 1 B, DA — 25 4k 4y
E AR

TH AR ZE R 02 2.5 5 5] A BB RS Bk
BR % 2 F0 CBAM VE & ) AL 35 42 7 T B A PR fig .
Fe A A AT WaterNet £ #Y 78 & 4% 3 5 CRla /K i
T B O RN R BE AT 45 Can AR R 3 56 K T )
B £ E B LS, MIoU A1 MPA 43 Jll ik 5
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88.64% 1 99.370, % 3k o #5 AL$2 TF 1.3700 M
0. 8850 b i ik 5f¢ W A7 A0 s 1 A5 Y Y oK i F2

WRCRE T, Sy TSR KAt 00 3t 1 s T R ) 3 S )
# TR

o

F2 HREKEER
Table 2 Ablation study results %

H T ThT A AR

Generic water surface recognition dataset

B fy
Model structure

AR X 2 K TR ) B R

Model test water surface recognition dataset

MIoU MPA PA MIoU MPA PA
VGG-Unet 87. 27 93. 4 94.51 98. 49 99. 28 99. 25
MobileNetV2-Unet 88. 52 93.78 95.15 98.52 99. 29 99. 26
MobileNetV2-Unet + Bk #: 8854 93.95 95. 12 99. 34 99. 67 99. 67
WaterNet 88. 64 93.65 95. 20 99.37 99. 68 99. 69
2.2 KL EE K RGL UL 6. P GRS 8L A (1 73 B R 800 1%

2.2.1 RXBARAAHERF EXI

Ry 55 UE AR B 5 B A K7 W O Bk AEVE X
2% A 55 v 1 A 0 N A R DA BT N TR R Sy
HEERE, IR T OKAL IS . iR TV b AR AR
R 2ER AR TR F MW E AL = #1715

X600 1% %, Rl 37 % Ry 30 Wi/s; o6 MR 8 R A
AS803 F WAL 5t , K BE A 1 1x; 7K A7 R I SCM60
T A0 B RS BE S 400 1 mm; £ 2 R R 100 em X
8 em 1 /K AT 50 em X 8 em £1 7K ] 5 & 8] bt
fdi H1Zh &k 28 W i LED 4T .

1o MER ;2. bR R 3. #8453k 54, LED AT ;5. /KK ;6. IAIE ;7. BT1:8. MIZKE ;9. FoKit;10. K55 11, HfEH R iT
1. Measuring needle; 2. Calibration ruler; 3. Camera; 4. LED light; 5. Water body;6. Channel;7. Tail gate; 8. Return channel;

9. Reservoir; 10. Water pump; 11. Electromagnetic flow meter

6 BARKMMEMARGELEW

Fig.6 Schematic diagram of the experimental system layout
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LED #Me#E A7k . 76 % Sh il s e b, 5 R A/
I 5% 1 YO ISR B, 18] i i LED LT 98450/ f 58

DN L AT R NS PNCS AN (ALIEE DAY SoR]
S B CAny SR AN B B ) A5 S ZOt IUASPF R B9 W D fE
Bt f B 2% BITER A LR LG 20 BRI T - DA E A G 3
# I SEBURNLRRE s DOV TR AR AT, KR
R A2 Jm o DA 25 A B3 04 01 IR iR 2, 3.0 S )
052 BROK SLAH 5 3RS BRI EH IS , >R A W58 7 46 2R AT
KA M o k] B 60 TR AR 1 U , [R)— T4 T
SE 455l A B 7KL B, 4% 7 52 EL 8] i 4~6 cm, B
SEREVE AR K A ;s DO FE R LR 2 AL R 3, |
A IZWR 2O T 0.
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Table 3 Parameters of open channels and light intensity range for water level measurement experiments
WA R B ME 1A JE IR FE /1 Light intensity
Name Location Shape Material Specification 1K Day 7% 18] Night
UIESS o . v e
. £ jiavia REE L $60.5m,% 0.3 m 405~1 202 109~465
Channel 1
B 2 - " e
. =M M AP 9E0.3m,%0.3m 648~2 245 136~653
Channel 2
Hﬂé% 3 A YE ez
. £ HE R BE T F0.5m,7%0.6m 32 700~157 400 175~602
Channel 3
W] 4 ) - JESE 0.3 m, 0.6 m,
7 bR 23 600~184 200 153~512
Channel 4 5 L L BV FEL.0

2.2.2 KARBMER £ 5 M 50tk

AR5 48 A8 KA T T vk AR 22 28R (L 7D
oAy R R SR K S ARG K B 3 3 43 BE X R A
TERETRY KAV W 2R 48 T LIOKS B 4 BB 22 IR 4% %0 Y
155 MR 5 Xt IO e AR B, 40 T A K LRI 1] A A

(a) HiE1
(a) Channel 1

(b) W32
(b) Channel 2

REAURR R o READUAR IR0 B2 5 S P R B v JE W
FEOP R T BB A bR 2R 5 T S A AR AR 4 A it
HATEEE . HAh, SR @SN KA 2k 5 SEBR KA 2k R
W, 1k — A A B T35 TR KA M D00 v 4 R B
P o8 R GRS PSR AL T B ELA 1 B

(d) W14
(d) Channel 4

(c) W13
(c) Channel 3

AFIARS B S. FISRIE 9.
The four types of open channel parameters are shown in Table 3. Same as Fig. 8 and Fig. 9.

B7 A[E AR KRB

Fig.7 Examples of water level detection in different channels
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B34 22 8 0. 02 em, e KR 22K 0. 68 cm, f5 1
2274 0. 23 cm; 1M 75 6 BB B2 KT 2 500 Ix 1Y 45 14
T, ZEME N —0.05 cm, e Rik2ZE 5 0. 69 cm, bi
2N 0.27 emo (HAFTER MR, R 600 5 2L 1Y
o S B 2% 22 O — 0. 03 em B F2 &, H Rk
PR 22N 0. 01 em, & B 2 40 K I OKS i 7 ' 5 4

i 200 X GO TRE. WA, &0 800X E AN
1K) i R 15 22 48 7S 5 I A 0. 7 em DL DY, HL bR v 22
P AR K o 3% T840 UE B 7 R A OG IR &R
(=200 1O B ETH T, A< Wl 28 48 X0 6 Bl o 3 A2 £k
JrE B R R

I 't AR B2 1 T 2% 174 T T8 TS PR ARBA A % 7K A7
RIS AT — g s o LA 7, B S W 1A R ) o
SR K 7R 061 A0 7K G A R K T IR S0 e
[R) s, A T 3 T A REL R 3 2 OB K B A A, AT X
IR R ARG P 72— R . BT 9 7% Y A R AN ]
SR RTRIIE R FUA S5 B S A A I 1) 152 25 43 A
Mo B ACEAMERIY B IR TR EE 4 O MR 25 0 A
R B, IR 4 525 0 0. 32 em, R[] K &
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Fig.8 Distribution of absolute errors in water level detection
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Fig.9 Box plot of water level absolute error
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