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Application of CCTV Image and Semantic Segmentation Model for
Water Level Estimation of Irrigation Channel
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ABSTRACT

A more accurate understanding of the irrigation water supply is necessary for efficient agricultural water management. Although we measure water levels
in an irrigation canal using ultrasonic water level gauges, some errors occur due to malfunctions or the surrounding environment. This study aims to
apply CNN (Convolutional Neural Network) Deep-learning-based image classification and segmentation models to the irrigation canal’s CCTV
(Closed-Circuit Television) images. The CCTV images were acquired from the irrigation canal of the agricultural reservoir in Cheorwon-gun,
Gangwon-do. We used the ResNet-50 model for the image classification model and the U-Net model for the image segmentation model. Using the
Natural Breaks algorithm, we divided water level data into 2, 4, and 8 groups for image classification models. The classification models of 2, 4, and
8 groups showed the accuracy of 1.000, 0.987, and 0.634, respectively. The image segmentation model showed a Dice score of 0.998 and predicted
water levels showed R? of 0.97 and MAE (Mean Absolute Error) of 0.02 m. The image classification models can be applied to the automatic
gate-controller at four divisions of water levels. Also, the image segmentation model results can be applied to the alternative measurement for ultrasonic
water gauges. We expect that the results of this study can provide a more scientific and efficient approach for agricultural water management.

Keywords: Image classification; image segmentation; CCTV images; irrigation canal

1. M2

S2ueh= AA) 100,401 km*9] &= H# 3 oF 8.3%2]
8,298 km*o]| A} w=r]7} e =E]ar 9t (MAFRA, 2020). =t
A& et Xt FH8 AR 152 o , Y
2}o] ARt o]& 7hs AR 42 61%0] & PEP (MLTMA,
2011). o]e} Zro] AR AEZ O R o] 85l7] QA= &
F&ol gt #erk AAA o2 aFH. FYHETE 2
A5 wejstr] Q= ARgel it Bk Aslgt o] 7t

Basich Selfele] HUG4E AR 5UG A4
U ool BAESES Bl o2 Fu, ol u

* Ph.D. Student, Department of Rural Systems Engineering, Seoul
National University

" Researcher, Rural Research Institute, Korea Rural Community Corporation

¢ Professor, Department of Rural Systems Engineering, Research Institute
of Agriculture and Life Sciences, Globel Smart Farm Convergence Major,
Seoul National University

¢ CEO, WeDB Company

+ Corresponding author
Tel.: +82-2-880-4583, Fax: +82-2-873-2087
E-mail: iamchoi@snu.ac.kr

Received: March 30, 2022

Revised: April 29, 2022

Accepted: May 2, 2022

2t e RollA SaEe s £ o AEs] et
o] Fasirh

201095 AF-stof o]RZ Abg3} 71719 AA|9t 59 &
OF ICT (Information and Communication Technology) OIEE]-
WAL o RN FFEE e AT
Aoz ZAste = A7t o]ojA gtk Hong et al. (2014)‘1?
WAES T AYNS BP9 AT AR
$9] RUEHE 0|83}, Kim et al. (2016)2 HA| A1
SOASRE ATt 5U84E AR Sk 3
Coflis 2 287 97 AZHRE olgalel Wihe
THEFS YUkl dtE0] 95 o] (Lee et al., 2020; Bang
ctal, 2021) 528 Helol lohA] 9] 3} e
o Z042 A4S H3ieh ICT 2lxzete] Astel CCTV
(Closed-Circuit Television) GARS =& Fofo] #-85}31%} 3}

LA 2 ofe] sjmelA st FeAer e

TFHollM = stHoN FEASS Al flsf SIV
(Surface Tmage Velocimetry) 7162 283510 AA7ZF 1 &
Sy 71”*"5} M‘j% (Jeong, 2018), 3h=FolEFAlolAl=
22 59 287 BoIE £usp] 9
A B P15 IAR o} 85 o) WIS 25K )
ololth (Kim et al., 2019).

L

dFeTR=EY Aot Az, 2022+ 63



HIHEs+E CCTV O|O|XIE

0|

gt CNN Eaid o[ojx| =22 HE

olg|dt ATE v OE FagolEFAtlbE AeA| &
#iﬂ%ﬂ%$ﬁb¢®ﬂ¢%ﬂéLﬁmwgﬁ¢n¢;
Q) AZ 1177 A, ARA) 957 wA) 244 331

7H£\_ 52 29351l 9l (Bang et al., 2021), tjFE CCTV
& Alslel QHomE Belskn ok A F2E AS
7l SOl Ol 5 TR ol Kbl ofel
o Sl %7} 9, CCTV 94to) 49 AL bt 155
& Aol 10|27} ol A k0 WHEP] o 43
o] itk A Bl FHAEE Agal] 919) 28t )
A 5 olgsio] gl 4918 24l glout, A 5
of oJsll .5 gho] ol AAET 9lo] CCTV FAKS olge}
L & g2 Bz Hoto] I3k AlFolc)
31H, CV (Computer Vision) 7|&-2 #HEE 7|&9] Widy}

7 W HoloA zB3g dka 9)om, CNN (Convolutional
Neural Network) -5-9] Held 417842 0|85t} ojn]z] £+

(image classification), %4F214] (image cognition), ©]JH]A] &

2] (image segmentation) 502 8|17 Q]t} oju|z] E&
W 1] mele) vz} Bl CCTV ofu] % olgafo] 4
2} a2 9] ARE UiA} SR AL ALHOR of
FHct Maehara et al. (2016)2 ZEE 7|42 53 CCTV
IS Aelstel sHle) s s sl
Machara et al. (2019)9] 4= CNN H2y 7|48 2gsho] 7+

© B9 Tl 3HGiTh Lin et al. (2018)0] 4= CV 7]

S3h A} 714S ol o] HEelo] 2 5912 =
A3} 11 em@] RMSE (Root Mean Squared Error)E 4%
ouf, s WEFR Ast7]ols 912 o5 EH
oA EFsk= 7hert dasithe ARl itk
Chaudhary et al. (2019)2] 39 AAu|t]o] o]u|z|E o]-&-3a}
o] slel F4-91% Aok SigtaL, oIS 918 ololx] &

Imagel kY

| Segmentation

CTTTITTTTTITTTTTTTTTY pTTTTTTTommmmmmmomooon
i 1
sadoniTo0e, | Jestimage
EENERRERREEE | e ENEEEEREE |
AERERERRERERE ) pEm _ |
RN EEEENE |
T 7 :
R . I
1
Train mask @ | Model i
IEENNENNEEEE | i
FENEESSES S - !
T LT VP T 111 11 1
R i
SESESSSEEEES | Test mask |
|- Vo !
[ S S S S s S s s
Mm@l 'l AAAmRERRERRE |
\ Geperation . | w=w= i
b o e e e - I

o] /8E A83to] o 8 cme] B 2AE BTk CCTV
G| A5 AHE olu| G gz 59)e] BZolt
22 219 4= glont dlole A L AL 91 374l
M) WANE 4 9l wo] Gk ShAlgt ofe] AlelTE
o 3l CCTV Aol #23¢ o|u| 2 Bgste] 4918
BUEY @ 4 UrkA AZ719 Bl Sme) 491 43S

mlobal 4 9l ER BH8E 4 9l Ao|tt
olo] B A5 OCTV GAtol|A] 429] eAke 223510, o]

n)x] £57 2dS Fgote] 22 49 mUEPS 99t 23
5 HE AR, oju)A] Fa] RHle H8sle] H 2}

1. = ¥ Uy
1. &7 e

H JTFo| A= o]u|x] B (image classification) @I} o]
u]Z] E2] (image segmentation) L E-S- o]-8-510] I G2
of CCTV oful & A4j8ki12 5}9lch ojo]a] it A
o el 9 8 2 A gl gl g

Qohiz S B P8 B WE0|Y, ReNa
741%1 Vg B e R0R elA m HEKoR
AREE]O] o]F A-g3it. o]u]A] FeEl= ofuX] el Sl
EAES vl Sle 99E 2 sl A ew, o
S ZESH £ iti= Aol olu]A] Z2]9] F4o]
2}l 3k 4~ 9lom, B ¢3Lof| A= Ronneberger et al. (2015)0]]
oJal) Ak U-NetZ -85+t

CCTV oJu|X]= 107 T2 HYE e, &

Image_ Y

/ Classification

Azt

| Train image o Test image E
161 G2 G G4 | | mummEmERERER |
EEmmE Y% :

IEE R A4 i
;%%%EE; | Model !
SEEEE 1 :

b N :

o Test label i

Model - ;
Generation |1 | BEG1G2G3GA ‘E

Fig. 1 The flowchart of developed models in this study
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Fig. 2 Sample images of the experimental site
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Fig. 6 Loss and accuracy graphs of each image classification model

Table 1 Loss and accuracy values for each classification model

No. of groups Train Accuracy Train Loss Validation Accuracy Validation Loss
Two 1,000 51x10°° 1.00 50x10°°
Four 0.998 1.7%107* 0.994 46x10 2
Eight 0.998 17x1072 0.993 53%x10 2

Table 2 Results of the two—group image classification model

Group 1 (<0.67 m)

Ground-truth

Group 2 (=0.67 m)

) Group 1 47 0
Predicted
Group 2 0 267
Accuracy (total) (47+0+0+267)/314 = 1.000
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Table 3 Results of the four—group image classification model
Ground-truth
Group 1 Group 2 Group 3 Group 4
Group 1 47 0 0 0
. Group 2 142 1 0
Predicted

Group 3 2 80 0

Group 4 0 1 4
Accuracy (total) (47+142+80+41)/314 = 0.987

Table 4 Results of the eight—group image classification model
Ground-truth
Group 1 Group 2 Group 3 Group 4 Group 5 Group 6 Group 7  Group 8
Group 1 47 0 0 0 0 0 0 0
Group 2 0 8 0 0 0 0 0 0
Group 3 0 44 67 6 24 1 0 0
i Group 4 0 0 2 19 1 34 0 0
Predicted

Group 5 0 0 0 0 6 0 0 0
Group 6 0 0 0 0 0 0 0 0
Group 7 0 0 0 0 0 3 12 0
Group 8 0 0 0 0 0 0 0 40
Accuracy (total) (47+8+67+19+6+0+12+40)/314 = 0.634
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Fig. 7 Loss and Dice score of the image segmentation model
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Fig. 8 Result images of the image segmentation model
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