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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

® @ Copyright ©2025 Abdi et al. Published by Sari Agricultural Sciences and Natural Resources University.
This work is licensed under a Creative Commons Attribution-Non-Commercial 4.0 Unported License, which allows users to read, copy, distribute,

=TIl - make derivative works for non-commercial purposes from the material, as long as the author of the original work is cited properly.



https://creativecommons.org/licenses/by-nc/4.0/?ref=chooser-v1
http://dx.doi.org/10.61882/jwmr.2024.1270
https://jwmr.sanru.ac.ir/article-1-1270-fa.html

[ Downloaded from jwmr.sanru.ac.ir on 2026-05-09 ]

[ DOI: 10.61882/jwmr.2024.1270 ]

Abdiet al.
Journal of Watershed Management Research, Vol. 16, Issue 1, 2025 ... 72

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.
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Take Image Image Detection x|
Processing " water level Fi

129  0.938454
130 0.000166633

S
A 2 BN
Machine:

Learning -~
NI 2

r'd

 Analysing

= Determining 9
water level &

Assessment

3585 ) 3 03 gl oo &gl Y IS5
Figure 2. The flowchart of the steps performed in this research

oialesl (sl s ¥V g Ghjoel (slp pga Yo ool 29l as g0
gaw 4w 1) pglad dlaas ¥ JSS 9 ) Jgd s olsus] Ca> $d9y9 gbieds plal by i I A

A3 oo (Ui (o5 5 Lawgie L) x5l g (Sguan (mas &S i b il s

Oypody glodnlie 0310 VY Jold 6y ga) (slaodls ¢ Guas

il C}‘a.w 2 )ﬂ’l.aéj sliss —\Js.\?
Table 1. The number of images at different levels

(29=5) Soi9e] (3295) 090l

Train (image) Test (Image) Level
60 19 Hizﬁ
60 12 Memﬁ
81 12 e
201 ) To?fl



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

[ Downloaded from jwmr.sanru.ac.ir on 2026-05-09 ]

[ DOI: 10.61882/jwmr.2024.1270]

g eplo g Gl Jow) (g liye

Vs Odle (£ 353b g pgas (53135 5l edlil b o o iy b cas Lgy (o5l S
{Train et
500 Sisel 500 el
High Hight
400 Y _ 400 Yy
Ea £
=300 Medium e Medium
3 o 22 )
2 %200 = 4 200
O
s g3
2 100 = £ 100 =
0

1 21 41 61 81 101 121 141 161 181 201

Number of images
P slasi

1 6 11 16 21 26 31 36 41
Number of images
P slass

alizes olaw (gly bl dlawi (gaippds =V IS5
Figure 3. Distribution of the number of images for different levels

21,8 (Kumar & Verma, 2010) 1S’ oslizwl B(x, y)
D53 s S B olie b gl &) (S5) pgal S has
@hl Nlgee g 298 odal pgal (Sl
2019) MBSy dgudy (0L d> Gy i dlmw:(g.”i” d‘)?‘
Sy adls 5l palal jslaie ends (p)le> p5 (Gueetal.,
Coa cdlsyo cpl )3 (et pB Bl e S 4
ol &S paar l gewd () Olypod g (el
&S UJ)JoLA Ls:LwL.w dl)’ 9 A5 oold (J“’)" .)9;.»‘509 U»Sb
Sl Syt (1Ske (la bl g 02l &) S5) s

Cawlods odld

_ o g o35 9 el
P g jaed o 93 3 Ol o pglad (3uios ol >
48,5 ol Couxdae 0 Nowbod (55 (puyed | eolaiwl b
O 5 o e J5 85 Jag sk 5] leiges o
Lol (Jgl pB8 ol ol £ JS5 )3 ol o 03> e
G prslss oyl & 45 45,5 RGB S5, JUIS | sls
(f:9.) lolf Al ui C.E.w 9 Ls—/ufo)lbl U.S.‘a:- ‘sLol 23> 9d
DSk b ol O g sk g sl
3l O g g il ol oS 50 o3l b (cl0sS
PO+ & polar sl gl den (5ilugless sl (pow S

RWENWErE A
2lad Cusdye > JuSy S5; RGB g9 | pgas
5 G (X Y) s R(%,Y) 508 addie 5 F(x,y)

S5y g Jedg 9 spmSE ol b gl I (glaiges ¥ S
Figure 4. An example of images with the gray scale and the color change profile

03] (S (& Jesl b g (ooie Sygods Ol pdaws
S 50 O o (10050 g 00 48,5 pguai 5l (gldiges .)9.‘»
Cuwlods! O

o) <l o (s P8 (38 Jole pbel 5l
9 odd (IS (639)5 laodly lgcday ol
b Lob oo 03> DL g ANN (sla Jio & (639)9 lgicas


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

[ Downloaded from jwmr.sanru.ac.ir on 2026-05-09 ]

[ DOI: 10.61882/jwmr.2024.1270]

Gy oplo g Sl Jow) e oBye

Processing

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

127  0.00000000000000000000055977

128  0.00000000000000000000000257145

129  0.938454

130  0.000166633

131 ‘ 0.000000000000000000000000120196
132 0.000151579

133  0.00000000000000000000017803

134 0.0000¢ 10194379
135 0.0000C )513681

136  0.0000000000000000000000000000285665

Modeling

UT (’*Eja.w L_Al“:}‘ M9 W) 4:.9; )J9.a) )] 6‘4’9‘” -0 JS.J)
Figure 5. An example of the captured image and the possible estimation of the water level

47 Tmm I

458mm

)ﬁsdbubjb)bu]@awaswduw—;Jg
Figure 6. Examples of water level detection images in two clear and muddy states

WS oo il Jae Sllas 4y pludl Jad 8 gl I plss
ANN Jio S i3 Lo oS joboas . (chen et al., 2020)
iy 650k ol g (ilo b g ¢ lae YL
O 1) &S (IS (6)lone 9 LY glgil g olass o 355 0
N odly cueS 4 @adsd ANN sl Jdo 058 o
ol i eslazwl ¢yl p W (Loke et al., 1997) 1l
bogs (Ins3g)5) bostS iy Iy SasS s o3
2 bo SleMbl 5l S a8l Jdo cpl 4 ol g ood
ayoxie Caol (San &S gy 0 Cuwd jl SeolisS glaosl
¥ UG o (Liuef al., 2012) 558 Chund S i gl

Cawlodds 03> Ui e giumn auae &b Jio s lo

(ANN) i g e 45
BURCCERVIWY LmJ.»a 5! ‘510319315 S Fean (uac S

won Seo 2016) wlad 3 pldl (o590 (smac (sloasis
et o (£95 9 ol e & oy g (et al,
& ©slere (Heddam, 2014) 3yl o)lil cblge (535 50
Oz 4Y 9 (2905 53909 31 45 Cul jg0 cnl 4 ANN
Iy (Eouan was a8 IS jsbd ol odd JuSiS
2> Ui dtrgey wads slagyg) jl (ot e Gloe
Iy omas &b 3,Slos wlol &S” (Wang ef al., 2008)
8w siledld @ls 5 g5 oyl vy oo JSis
o 9,9 &S oK (Maier ef al., 2000) siwa gy


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

[ Downloaded from jwmr.sanru.ac.ir on 2026-05-09 ]

[ DOI: 10.61882/jwmr.2024.1270]

G oplo g Sl Jaw) gl (e

YA Ordle (553 5 jugeas G310y il edlital b of e Sy Lol e b il e
Hidden Hidden
Input Layer Layer Qutput

O

Sy swas 4Sub o pgai -V S
Figure 7. Schematic of an artificial neural network model

Gwos (650l (Shirazi et al., 2023) &S o gyl 1,
Mk ay pgal bggdee ganailb ly 1) 2bohs,
A o il 1y lad oy 4SS o 1)) a8 sla WS
5 SHlexe )b I (Krizhevsky et al., 2017)
Slwbre Gilodte glp g ) (ilse glaslb
oliial ygal et ly Gaes 6353k Slagbyy
Srgas Jbo A USG5 (Szegedy et al., 2015) 55
Baes d):f-’l:’. dl.bJ.\p Caslode Guos d)ﬁfalg. dl).g
&g cola Y (o359 Y il sl (Gl 5] Vgons
ot )sl ¢ 295 4 dag pSe g oy il Jlsb
S § Ngdon JoSut5 (luplaie LSESS g (giludinge
Brme 5ok (sl S & 4B Lo &y nailhe )
S s |y sy )3 osmy Lalg) 5 g b s o ol
WY b LS‘)% Sl )A5 Lgl.:a)l}.ﬂ 4 |) Lbdi 9 Ja)& 3L
odd odlitwl Jdo g3 jldle & IS j3 .au8” bas (s, )
JolS ©liss b s DL g ANN &5 asllas oyl 5o

Lowloda]

(DL) oot 5,558
P ras gbased lpl )bl oaomn dlies Jo

edle L (pantS oj Sy B xS
.(Choubin & Bashirgonbad, 2023) >4 o sy Sl
by sy a8 Slabre gla Jie 4 Gres (6500
L1y bodly Gioles b amd oo ojlsl Shas Sy albus
(LeCun et al., 2015) sjgely saxie (sljul zolw
Fgas (was (adSd wile (Bres 6x5L sy,
i lo g oSl S (gly daxio B3l sl 5l suas
Y g A8 e odliiel Sy jlaw 00l glrdsgezs )
bl ol (9) 2 (s SlaaY & plaodls Iy pospie
S ouplio a3l 5V o dn 35 e S igie
o) (Rusk, 2016) sswn 5 elpl Ngb o aibgel
B dtwge obdy sloo Sl 4Y pus (e laaSd
Silwdinge g 2ol sl 4V 23 59y gAY 2 S
& e 553 o o o sinei i i
b Sy 395 sebas 9 2,15 (St (LB slaodls (A5l

Deep neural network
Input layer Multiple hidden layers Output layer

e ;O

Gros 553k Jae pgai —A S
Figure 8- Schematic of thedeep learning model


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

[ Downloaded from jwmr.sanru.ac.ir on 2026-05-09 ]

[ DOI: 10.61882/jwmr.2024.1270 ]

iy oplo g Sl Jowy e (l)e

ya VEF /Y oyl [pd 3l Jlo ).oul 059> Cu e ol ying
JANN| DL}
Layer (Type) Output Shape Layer (Type) Output Shape
Input Array (size: 3x128x128) Input Array (size: 3x128x128)
Linear Layer Vector (size: 200) Linear Layer Vector (size: 200)
Linear Layer Vector (size: 32) Ti_m Vector (Sl_ze: 200)
Softmax Layer Vector (size: 491) Linear Layer o Vector (S%LC" 32)
Batch Normalization Layer ~ Vector (size: 32)
Output Class Linear Layer Vector (size: 32)
Tan Vector (size: 32)
Linear Layer Vector (size: 491)
Softmax Layer Vector (size: 491)
Output Class

345 ) 3 s g 4 5 pes (550 (slo s 5o 8 JSs
Figure 9. The structures of deep learning and artificial neural network models in this research

IS5 50 Jao o (gly s glales jhges .Cunlodds ot

RO SWRN
RMSE = |31, (P = 0))? )
R B e ©
NSE =1 — [Zz0P) (¥)

Y,(0i-0)?
ot i i 54 Oi g Pi gla eyl (V-F) Ll )
Sd 005 ol lie 9 [ W)

Cou g b
oad a5 pglat > O o 4 bl addlls oyl 5
@338 (3055 ) DL g ANN o 53 jl s 9 bl
4y el Sloadld e 25 edliil O o
5 (R) (Siused s (RMSE) s clayye xSl
e 3 8des 2b5)l ly (NSE) @SSl (5 Gy
Sl il sore Ko GelSilo 5 S s A5 o3lizl
oS S)lee b)) sy (Seigdasie giledae &Sl
VoSS Y Jgie g3 Jie 5 Slas 35 e oolitl LS

Shalie sl d)Lo] s adls g o oxlawl la Jdo d‘)’. il lejlixe ol Y Jous
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