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Extended Abstract

Background: Studying and monitoring the water level of rivers and canals by the Ministry of
Energy and related organizations is an important part of water resources management in the
catchment area. On the other hand, water level measurement is a vital task in hydrological
monitoring, but it often faces limitations such as a lack of resources, high costs, and high time
requirements. These limitations often lead to delays in measurements and potential inaccuracies,
especially in remote or harsh environments. In general, most of the traditional methods have
significant errors and costs and make continuous monitoring and control almost impossible.
Recent advances in technology have led to a paradigm shift toward image-processing systems for
water level monitoring. These non-contact methods have attracted attention due to their high
potential in terms of accuracy, reliability, cost-effectiveness, and reduced time required. This
research presents a new approach of combining image processing and machine learning in an
attempt to reduce costs and increase performance to extract water level indicators and measure
the water level instantly and automatically. This approach is based on creating a set of gauge
images recorded by a smartphone (which is a common device with easy access) for clear and
turbid water states to train machine learning-based models. Unlike the traditional methods with
instantaneous and continuous measurement of the water level, this method makes water supply
systems work better and manage critical situations such as floods, river overflows, and erosion.
Methods: This paper contributes to this growing research by evaluating an image-based water
level detection system using a standard smartphone camera. In this research, the RGB image-
processing algorithms include filtering, noise reduction, color detection, resizing, grayscale
conversion, Hough detection and transformation, and projection to obtain digital characters and
watermarks that only include the area of scale lines. Moreover, all the mentioned steps and
modeling steps have been done in Mathematica software. The experimental data include 244
observation data, which were randomly considered to be 201 training data images, and 43 test
data images, which were captured by a mobile phone camera with a fixed position. Considering
the capabilities of various machine learning models, including artificial neural networks (ANNs)
and deep learning (DL) in image processing and analysis, this study focused on these models for
accurate water level estimation. Our study involves taking water level images, identifying the
water edge in a gauge, and using these models to estimate the water level. Machine learning, a
branch of artificial intelligence, aims to develop computer systems with the capacity to learn from
data. This process involves computer learning through hands-on experience, starting with
organizing data, choosing a machine learning algorithm, entering data, and enabling the model to
independently learn patterns or generate predictions, and gain self-programming capability. In
general, the comparative analysis of the performance of these models aims to show the potential
of combining image processing and machine learning in overcoming the traditional obstacles of
water level measurement in hydrological studies.

Results: The results of the model were evaluated using three evaluation criteria: coefficients of
determination (R), root mean square error (RMSE), and Nash-Sutcliffe agreement coefficient
(NSE), as well as visual charts. In this research, two ANNs and DL models, which are the subsets
of machine learning models, were used to estimate the water level in muddy and clear conditions
by image processing. The results showed that the DL model was acceptable in both conditions of
performance. According to the evaluation indicators of the DL model with the lowest error of
28.39 mm and the highest R-value (0.973), it was chosen as the best model for water level
estimation. Therefore, according to the performance of the DL model, it is possible to
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automatically and continuously examine the process of examining and monitoring the water level,
in addition to laboratories, in hard-to-reach places and without high costs, and prevent possible
accidents by making the right decisions.

Conclusion: Due to the problems of manual measurement and field monitoring, automatic and
continuous monitoring of the water level by humans becomes difficult and even impossible.
Despite these obstacles, researchers' interest in image processing systems has currently increased
with the advancement of technology. According to the work done to detect and estimate the water
level, most of the current methods go toward achieving maximum efficiency with the minimum
facilities. Finally, two methods for extracting information from digital images for water level
monitoring systems are compared here. Combined techniques for water level detection in clear
and muddy images were compared based on visual evaluation and statistical accuracy. Based on
the experimental results, these techniques and models were all able to extract water level
information from the image. The image processing technique and DL model for detecting and
estimating water surface features from images, which include two turbid and clear states at three
levels of low, medium, and high altitudes, had acceptable results and high efficiency. Due to the
increasing progress in the field of image processing and machine learning, future research can
add different states of water and create models based on new algorithms of machine learning and
artificial intelligence.

Keywords: Artificial Neural Networks, Deep Learning, Laboratory Study, Modeling, Water
Level

How to Cite This Article: Abdi, E., Jani, R., & Darbandi, S. (2025). Dynamic Modeling of Water Level Changes Using

Image Processing and Machine Learning. J Watershed Manage Res, 16(1), 71-83. DOI: 10.61882/jwmr.2024.1270



https://jwmr.sanru.ac.ir/article-1-1270-en.html
http://dx.doi.org/10.61882/jwmr.2024.1270
https://jwmr.sanru.ac.ir/article-1-1270-en.html

[ Downloaded from jwmr.sanru.ac.ir on 2025-12-04 ]

[ DOI: 10.61882/jwmr.2024.1270 ]

A\

wr VEF /Y o)l [omasil JLs 55l o5 e aslistingy

S rrb galie g (55y3LiS pgle oSty

1 03l b Of s et gl St gy (g5l se
Omwlo (§53L g yigaad W10 5

Yo v ; ) T
S opbo g T (Sl Jgw; o gue ()Bye
Ol oy ey oKl o(g5yglisS” 0aSutils ‘J’uw.u.e(o 09,5 bl owlid S cgmatily =3
(Jani@iaut.ac.ir : Jggue oXiu53) ¢ylyal ¢33 yu5 ¢ oMol 131 o8> ¢ yu5 dlg oyl pos owidines 05,5 ¢ boliwl =Y
Oyl oy 3y oIS (659l 01l el wdines 09,5 ¢ lutils =¥
VXLV R 2 by VXTI sy b VXN el ol

AY b VY aio

b g 205>
sl adge ol @l Copie 5l et LiSe baypd laglosls g gps @)l buwgs b fums o aaildg, U a.‘amu‘ab g adllas 10D g dodlo
sl 5 YU sladn i culio 39008 Wiile placudsiome b el Lol il (So5edg it Siol )5 o ) S Ol maw (gyS0jlil (8L I el
IS pabds Ned o ot b yed slabase y3 ohigds cogill B pas 5 s Soilul )5 pa T a4 yoxie el acydgise ol canl aslge 3bj Sloj
L (598 )3 bl (Sl Kjloie (Sesl |y gy JHUS g Gl Lyl g At (2@ LB sladisja g ballad (gl (i (sla, 5]
<uL...oJol s (eds )Ja: )‘ Yu J...w.JLf JJ.)AJ w‘«p )AS— dmu»5) L)"l Slods ul E.Iaw » u)Ua) d‘); Ryas L)"))“)X JLQW Cows & 9§” pyves)
o Oele (6253L gyl (B3l Bl Sl 0 (0509 BN L oSl 3 IS 115 a5 3000 jLidjge lej IR g (1392 48 podyig e
5 ldaxd Gyaods Of maw g odd  oriwly Of maw glajasls glsul gl 0Slas iol3al o ban s jials gl GBI JBls ) caslosds
Ol (o ytad b Jgome olfimd Ky 4S) diodon obsS Lawgs o Cob @S pglai I (las gosra sl » e 3,555y oy ::)f ExSo3lal 5545
GxSoll L gy ol e st (sl igy WS 5 .l 04 dbu] puidle (6 380L 0 (e sl Jde o550l (gl )0 g Blad Ol glacdls (4l (!

250 Gl g gy Gl o il Gl dlge st e g Slupl glapues gllae 3,Sles carge Ol o dlusgy 5 lalad
ydeg) e ol ds )l adgn (355 (> S J edlazul b gl ot O e Gl s S (bl b lie ) 1 4R9 ) 9 Slge
(S Lolde Joas @l s « S5y Gaskds pe u.alf ()5 yild ol guiss oyl » RGB ygas (5i13y slapi oS a8 o S
B4 03l Cuwl wlide bglad Colue Jolis ks a5 Ol (iShd 5 Jluswd gl xS 09l Cusdas sl (o31)z5k 9 Hough bas o jasuis
39y slodmlie 00ls YFY Lol )00 (slaodls .cuwlosds plosl (Mathematica) Siaze l38le 5 50 (g5loJde Jolyo 5 005y olye plod o picran
oLd (63 pgal ol Cuxdge b ol yon (Al y g3 bawgs a5 A 48,5 s 1> dulojl el yrguad FY g 5jgel 0315 yrguai Yo Bolal &gty 45
el g 5313, 53 (DL) Gaes (5530 9 (ANN) eoiuas oas sbaSd dlax jl opidle (6800 calidee (sloJdo glacubld 4 aag b .00
5l ST Sy 55 o ol o s sl (55 o sl 0 3505 s 3585 (em35 sl WnJso 3l 8y 3 i
S50 byl b (g yiamelS L dawgd Bud b ¢ Souan Gigr il (gladlh (uile (6550l O pdaw (pesd gly b Jde ol jl ool o
Sy e awilo (6 553b w3y Olesl daosly | mailojl b g9 ¢ Jos 4,55 sk jl 6p50b b olaaibly Jols 4013 ol a8 conl baodls )
Sluglio o g 4350 L;l.f ooty 359l oo Cawdds |y (63y20b g3 Ulgs ¢ iyt 395 b Lol Jias (65800 (gl Jde (g 5losiaslys g davosl
St Sl 5 o o 6051 5 e 3 A 5 (tle (63 298 250 S ol 3 LS 1 L i Jaa () 3,5k

o

(5l J3925 5 (NSE) Sl 5 53155 5 5 (RMSE) s Slap o (5:55hee s (R) (e s ) ane s 31 ool L Jso gl iy
$xSb sl Jse 5l ladsgaze s aS ((DL) Gaos (55530 g (ANN) (gias omas a5 JA:o 90 3 (Guios L)jl 2 .c8yS 8 bl 5yee (6
50 2 ) (aes (650 Jdo a5 Moy LS ot .a eoltwl el (5idy ol peddy CBlads g 39l S Layl i 0 O pdaw (pesd gl el il
O S Oyt g placdes VAITA (sllad (208 b (Baes (63653L Jbe cobj)l slapadld (up 0 g b (nimen 5 J3d B 5 Slae Ll
3 s yd Slagouas 56T b g D900 oy dlwans 9 5055 jobdy (6 pSojlul cas 3bj sladlia ok g jedlems oS o olKislejl 4 0gMe
2)S e pSsls Jlois! @oles

2929 L Dgd oo (Yenpt (> g 5ladd ludl bawgi Ol pdaw yosiwe g 58055 iul ¢ Sliue iul g (giwd (650l OMSUie 4y dn g5 |y 26 g5 AT
33l 9 Qs (slp ordell syl &) a2 g5 Lol 4Bl (381 (59095 Syt b gl (D313 (Slapiss & (liEe 8Me 0)gyel (lge (x
Jbzwd pola jl wleMbl gl ysawl (i (595 99 coled 10 Lgy o (i GUISG! J8lis b o33l jiSTas 4y olinsd Cuomdy by yigy 35T 055 pol el prdano
J2e g ygual (oo SuST Xdgr powad o prdaw SleMbl gl sl 4 6 (Sen b Jse g OSST ol (058 gl (il p 605 duslie g)lel
2ol cunl 3bj g bawgio (oS i) praws duw 4> CBlads ¢ 108 s 93 Jolds a5 (¢ pglas 1 O pdaw (sla Sy e 9 (ansudd gl aes 650
ol 953l Al oo 012] Sliios (cppble 5,650 5 ssla GBil Aol 3 38l gy SlBCd iy 4t b aimaly YL QD 5 U5 LB
LBl e ghan Ghon g le 60k L (glan)iSl gak p pla e sl g O Gl

Groe 5 5b (atlo]] aalllae ((s3loJte (o gian (mas eSid o o 1 g5 (SL0]1g
oS ool byzally ol et (£yS0jl0l 5,5 5 dibate o] Aol
gl pgle s ySojlil Byl jlcusl aiion g noles B oy by b Jos 5 aailedg) Ol o (sl 5 adllas
balyd 2925 Jibar (2 552900 slooliial 10 G1 5 O e g s ] ot G50 baiyo slaglojle 5
Colliwd b g w8l o mew & guSojlul Slou Bl Cupde oy e banb a3 o S 1y 0l ase


http://dx.doi.org/10.61882/jwmr.2024.1270
https://jwmr.sanru.ac.ir/article-1-1270-en.html

[ Downloaded from jwmr.sanru.ac.ir on 2025-12-04 ]

[ DOI: 10.61882/jwmr.2024.1270 ]

Gy oplo g (Gl Jaw) gdis (e

V¥ Odle (£ 353b g pgas (53135 5l edlil b o o iy b cas Lgy (o5l S

33900 2 e 5 el (g2 3 dllalo 5 05 ailate i
5 il 23S oolazwl MATLAB ljsle 5 5l Ol o
2 2,Sos 35 sl (Sabbatini et al., 2021) - \Kon
s (6503151 o5 loj ¢ oo il Gl bl (5
i b giign pbul 3T L L cul oSenpe Loy
W) JSio a5 Sl slagS 5 gy
9 LI L 1) Ol g o] k60,8 e Ol s Sl (6 sl
bl 51y o opglas (cadibs b g 638" (g5l Jae Jio
Lol yausuis

e O o (asets gl o (2l L dlie )l
@ )bl dadgn (il ()90 Kol eolinal b pga
Sl & ang b S o K8 Adyay gy Gud oy
mas ((aaSs dles | pile (6 50L iz sla Juo
4325 9 )y )3 (DL) Gsee 6655b 9 (ANN) (e gtian
ol 9y p Ol o 38> (o5 sl gl Lo
ol pdaw polas 48,5 Jolis adlles oy ..\w)f).w > Jae
U”I )] odléswl 9 cdffo)lb‘ C.S e 9y ol ad LE’L“’L‘“B
Jdos G JS el tow ez lp s
Jesily ol Sl Bua b b Juo cpl 0)Slos 51 gl lio
(o &30 4l )3 Gble (6250L 5 gl B3l S
Lol (S3950u Gldllas ;5 Ol aw (5 503l0]

ol 0ads rw i 3,S0 gy S AL« Baiod ol )
Glp o Sles ioli8l g agje ials oy bl Jblas
I (3x053 g 0 Ziwwly ;.j hw (slojadli gl sl
e 350y (il (8)S Cyge 395 g ldaxd g0
2 ol glyzwl S el | glodls degemme bl
Ol s b Jyons olSius S 45) diadgn b5
oS (slaJao Jajel (gl 08 g Blad O (sl (cund
Lol uas

g, 9 3190

Ol (9> bawgi ord 45 ol | (Baiod ol
okl JU o &S (005 50 odd cua ol jen
L olles ol () JSB) ad odlaiwl (6099 (slaodly lgicas
9 0d (¢jlwodly Mathematica 13.3 ,l58le 5l eolal
D3P rote Jold adgl Al o 1235)1,8 03] 5,90 b Jse
Jols RGB pgai (Al syt )olll casl g
b5 03l i (S5 pasils g (Al (38 yild
029l Gt Gl Shamsb e (eSS el
bols ol s a5 Ol Shs o Jowdy sl STl
uw JAL» &S P9 41>).o PRI WWT ol u»L.o.o
o g b yS)S ol o359l Canddy sy sl Siadgn
bt ulis sl Jua olom 9y 3 5 S o
taw «oleg 43 5 (Dou et al., 2022) 1 olitw! wlis

5 b S omly 9 Bl @ Sl spSejlul
5 ol clale Wagby dod 4 Cawlus Jile olacudgases
Orped Nisdee ol Iy cual g )lS slaanje
L L g bl daodiS s )y Sy g adls wile ol
Sinlonl 4 e 45 B9 o (o slol Wb el
IRWRTAPESIER SR
©)ygo dizo) (nl )3 0590l &S 2o shg) ST S joboa
dg>9 PRV Lse?yd;ls dtmdv'u"}.h 9 ks gl Ju),fu,o
2925 G015 St & (e 48Me o el cgilge (1)
Sl | 5l ool Bl G (55905085 Sy
5 oloy YU cds g gluabl clblB L Sl soly Jlida
(Sabbatini et al., 2021) suud ()50 (wll p o5 aigje

$x5k Gk gl 2bj)l g in b by o
OSee Slaal syt 1) gpoglas @l (ndle
oladss 51 S el y> (Heydarzadeh, 2023) sjle o
] 0045 03)5] o Pb;.?]
55y (Ortigossa et al., 2015) Ko 5 LosS)l
5l oslazel b1y pobas « jp wol )5 gl e S
N3lpys 3l ool b sl g 4385 diadign (555 (9>
9 aal} LA o g s ol daw Cpss LSI){ +C
o8 gl yuld o b (kharade et al., 2015) o )\Ken
» il glacws b lmwls ol d)‘ﬁxw&c—a X5,
dyg ULP > 9 ol CJ@» 4 ‘olim;l.o)l b
il g or lp oetle @xSb bl ornen
Sdlgs g 13,5 edlatwl MATLAB (> o 48,5 gl
Oibe > ol Car g ol waw 5ol gl 1) (b,
(Zhang et al., 2019) || Ken ¢ 55 .08 slo] b JUIS 4
o Sl 53 ISl 65, o (55051 by
dwle () 93 9 (VIS) (550 9 (NIR) S35 3o )8 (90le
s Hydro View sla)l38ls 5 ;3 (OSF) 6)law 3,5 il
Gao et 2019) ,Ken 4 oI5 .155,8 sdlal Open cv
°l§5)-.?. 5 ul C.‘a.w ua.or.w; LS‘)'.’ Rypas Lg»)‘.)).: )l {al.,
3y oy o > SSY 629 3 el sl 2l
MBley 5 «bpnea Gly g gl eomes
9 430 ¢ly Open cv pyécd; 9 Visual Studio 2008
Choi 2019) ,ISen 5 (g9> .23 )5 odlatuwl yyguas Julow
YOG Jo jl ailgy o prdaw (i sy (et al,
F(ANN) cgune mac 455 slaJde | w0, Toael
M3y oedle 9 7(RF) (oolas JSr O(DT) pyouad 5
ael Bolas i Jde 45 1555 exliwl Y(SVMY) Ly
(Muhadi et al., 2020) -, SKen 5 (golago .cudly oollo
9 50 3lle )5S 35 s dilalo > (slagBog, o
aibaio dw & |y polal g MBS wSe o)y 9 o3l >

5 Decision tree

6 Random forest

7 Support vector machine
8 Selangor

1 Opu

2 Changnyong-gun

3 Jeongsang Namdo

4 Artificial neural network


http://dx.doi.org/10.61882/jwmr.2024.1270
https://jwmr.sanru.ac.ir/article-1-1270-en.html

[ Downloaded from jwmr.sanru.ac.ir on 2025-12-04 ]

[ DOI: 10.61882/jwmr.2024.1270]

G oplo g b Jaw) g (e

N V¥ /Y ojlods /e ls Jlo jul 0595 e dal jing3

ploul Jolpe s pend Jlois] g lusly 5l ool b O

o5 ol gy olSolojl j3  sdislojl clandats I (6 ppguad =V JSCi
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