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Abstract

Water level estimation is essential for understanding and
managing water resources, predicting and mitigating flood
effects, and water resource management decisions but it is
often hindered by limited resources, capitals and time. This
study investigates the performance of a non-contact, image-
based water level measurement system using advances in
smartphone imaging technology. For this purpose, a
smartphone equipped with a camera was used to record the
desired images. The images were then processed by image
processing to identify and measure the water level. The core of
this study involved the development and comparison of two
computational models: deep learning (DL) and convolutional
neural networks (CNN). These models were used to estimate
the water level based on the processed image data. The results
showed a different degree of accuracy among the models; the
CNN model showed better performance than the DL, which
had the lowest root mean square error of 24.36 mm. In contrast,
the DL model with the root mean square error of 28.39 mm
showed that the relative effectiveness of the convolutional
neural network in this study is better than deep learning in
terms of accuracy and high reliability. The study showed that
it is possible to monitor and control the water level in remote
and difficult places completely automatically without the need
for relevant personnel.
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Table 1- The number of images at different levels
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Level Train (image) Test (image)

High 60 19
Medium 60 12

Low 81 12

Total 201 43

O s pansls -Y-Y
o3l b 3¢l S g jues s 93 y3 O prdans gl ¢ s oyl )
o ilize Sl >SS 00 2909 b Madogn Ay ]
25 ol Jols ygas (33l g Of o pasuls anl b a

1wl

il S oolid b 5l y90 okl tpgu bani (1 aloe
i3 > psl ) b 45,5 RGB 5, ol JUIS | siassn
ol o g 553l (IS S ilord S5 25 90 51
Oy DSBS )t laciend Ol g (asls cB Gl
ol Lo o8 wbl iy sS4 ol eyl 05 el
Sul 4 polai ded (w3l Ol o g 5ol iShs

Bl g JuS e xF0 LSy

JuSy S S5, RGB e )3 16 puS B (olide oo (V > o
d9de iy ol B g G R (lipl b (y X) SlSe cusdge 5
oobie & () polay opl bas (Kumar & Verma, 2010)
S99 S oo Jale silwesle 53 ppe P8 S (g S
2 ohy & «Jads ol (GU et al., 2019) cul p oS K
368 s gl > Ky s zdy Il g 9 ptalS

Sy polas (iShs e Ccend 1) o ololid (¥ als po
L olisS Cuwl WA K5y yum Jold &S Sle (g9 p S ped
) b)mo)‘d]obsmdf.xwphudlcb;&ﬁymc@uw

.3)&){)3 ])

29 3o 5 1 0938 fg0) o s ol Ao lacydgacme
il 351 e (050 5 el B3 Al n Lae

W ydg) 9 3lge -Y

g b ol poad Biby Sy Jold adgl Al jo il adllas 5
Sl oad 4d)S polal (S Cue )3 &S ()9 ol Cusbge &
RGB jslai 59y p o Jloel (il (e sl g8
Tosy ol Gl 08 Hd g el AT iy Jeli
S5y pagds legian (ale) Pl 4 lp g (Rl g
(Bl gl yugad ol e dagye o Shy 2lelid
i 3l o e Gilessls (ly gpesE elide Jas
SLySH i lp o Cosl diadgn jaseils A je Bl
ol 4 o) sl oo Yl Ol s (357 (05 g Sl
s 5 ool sl CNN DL slaJto jl (oS 5 ccin
sdle Mo L (s ySoilul LiSh (g5 (sode (sla SIS
olistul ol b Lot sl (JuSy Ginlon 29 5l cnl 2
O o «woles 3l Ol pdaws cyund 3 Sl sj S &S 05
Sl b ol b pasetie el 5 (3L oSy, 5l S L
g Neubsd el Al el odelcawwdds sbeodly pleal folis
g2 Ol s 385 (e sl o0k sl sl 5l ol

9lal acgom0 - Y-V

Slosalie g YFF 5 USite (gl o313 degaono jl adllao oyl 5>
Opl b odlitul gy 0l 43S olpad a5 yyed I eolaiel b &S
5 09590l (sl el Vo) 0D o oo A gare 93 4y sl
cloinlp sloase ¢l 5w ol osell Glp ges FY
3 Qlebl sl sl oad (2l Jao (peisliel 5 550k
ol g ol pslas wiliseo byl )3 gols Jelows g 2309
Wb gl oS g bawgie Vb Jle plyiea

il golaw )3 1) pglal @95 sl o Wl 5 p3 &Y Jguo
il ol am o (i Galosl 5 (hjgel dl po 93 50 (sl O
s CNN 4 DL 2 piile (65500 Jdo 90 (iwwylis] g dawgs )
9 450 5l odel Cuwd 4y glaodly jl oolail b s Jas oyl Dgr dute
ki paseta by, 5 dga i 9 NS 45 jsbailen gt o

535 alofl 5 5590

ol odld ) oty 4 Ubui':” e TR LY L;....)Ln)i Sladass
\ JSM ) 00 00D uLw ) ng P L C")?“’ LY ol

IFoY bl Y 0ylowd pimmnnt Jwt oyl 3! S @abio Colindioes
Volume 20, No. 2, Summer 2024 (IR-WRR)

sY



. ' Position of Camera

&

“-'11»

Fig. 1- The experimental settings and dimensions of the flume in the hydraulic laboratory of University of
Tabriz
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Fig. 2- Sample image of a flume with clear water and murky water (with sediment)
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Fig. 3- (A) Example of images with grayscale and color change profile, (B) detection of water level in clear
state, and (C) possible estimation of water level

O s oo Y=Y

e oo gk & (AP srae Kby Groe SN S e S 5 lealigy 5 T e (Seels il
S 3 v s oSS By s y s 0 0 T PO
b sl ol g oo oslitel yslas jl on gl sl (s Sojl , 1 o
o Lyl Tﬂfo T L " C)le ; P sl o Ygaso gl (586151 sl (st (sla
i S s gy g oad ool Rl Gl S GLls ) el  lee bkt i S soYsh g
slp ) st slaoly (5995 (slacd iy Sl cnl b el

ol 03,8 5L Ol o 538> ¢ el 5 ol

IFoY bl Y 0ylowd pimmnnt Jwt oyl 3! S @abio Colindioes
Volume 20, No. 2, Summer 2024 (IR-WRR)
50



@ sleos l aY e Jold Bres 5L Sl (5)lane
hlaganadb 5 b dnphn (S Y o Cul dlogy oa
Jols Gros xSok il wods b & amse Gl
Ao pobl g gy il @lys dio S daaY  quas (slaasid
Sy Ssdie Bres (was bl 5 sjloar GSSS
y Jae g &S0 )ly (o &Sl @ ]y o9 (oS pd (gilo Sl
By g0l 1y oaly ;3 oamn balgy o oS U o5le 0 0B
Sigmoid xlg 5 e gMeol Jad sy 5l u5le ) o Jld
03Py J ol il Baee 6p53b Lol @ bl S
osld 3l lowdinon 1y o S5g 5005 yobo &y |y tcuwl (LS (glaools
sob 4y Colils ol (RUSK, 2016) 5,5 o 3L ¢ 45 o gl y5cial
w85 S 4 polas (il wle pladie ) (sjmelcuibsa
b 25 g BB sk 4 Bree 650k o 5k & el 003
o3> Luals daxie (sla WS 10 poad baygdie (sddiod jo 1)
wlle Gl slag)loss (Krizhevsky et al., 2017) ¢l
ot > L Gl g Slabre glaaie giludige sl
» (Szegedy et al., 2015) cosl Broe (5,500 oo jl pgual
5 Glasgerms 5 k5l b e Sl Jbo K cadlas )l
5ol @S nsla 3l O g (ras8 el 2B sl yiel )y
Bl |y Gams 55k Jio ul it ¥ S5 a5 ol
bgye (29 JSKil g sl 485 )G laaY glgl 5 md oo

And g 2y |y o

Training Progress

Progress
Total
Time

Method

41% (round 8/19)

5384/13 186 batches, 53840/131 860 examples
5s elapsed, 8s left, 8745 examples/s

ADAM optimizer, batch size 10, CPU

learning rate 9.98 x 10~3

5

o @S nea p Ol ghe 4 jelcgie pasl
ot e 55 |y ol pdaw ke ipile (6,50l (slaJae
bglat 5 g5 Jlod sbedld Lo g ajos polul p (o0
Olirabl Of s H5395 5 38> (s | &S sl dbogrpo polida
ol 2 (R JB SOy sl by (ol S oo ol
FEB g pabyo 4 G podle il & cul o aw

A3 o Bl i (g S 0jlal slady, sl

(DL) groe 52554 -F-¥

Slawo o 5l pppdle (652500 1 (glad iy oS e (5550
Ol ol s Sl 4Byl (598 (ovas (SlaaSd o5k Sl ety
GBas ajhy cbay b Slubre o Jae I oolinol Lol
A3 o inlil i palaw j 1y aosld (683l Sl &S
e wle (Bres (,30L (slo yhg, (LeCun et al., 2015)
5 oSl LSl 098 Cud b 4 29 L cBras (Sgian nas
P aY i Ged e pleie 03w slrodly degesme )0 lajlidlu
5 Mol (gin s Lausg 45 3j50l o 1y osthe baSs )
39500 Ube 04138 (2135l umlio 4 by pulao jl g 3945 oo aiS Lo
.(Rusk, 2016)

Layer (Type) Output Shape

Input Avrray (size: 3x128x128)

loss

current
1.11x10!

round

1.31x 107
loss

4

el

Linear Layer
Linear Layer
Linear Layer
Linear Layer
Softmax Layer
Output

Vector (size: 200)
Vector (size: 491)
Vector (size: 32)
Vector (size: 491)
Vector (size: 491)
Class

loss

107*

102

rounds

Fig. 4- Structure and executive characteristics of
the training data modeling for the deep learning
model in this research
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Table 2- Results of evaluation criteria for used
models
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Model RMSE (mm) R? NSE
CNN 24/36 0/972  0/971
DL 28/39 0/946  0/962

Table 3- Statistical indices of observed and
estimated data with DL and CNN models

eSS g Jlaalde osly g, lol g yad Ll -Y Jous
CNN g DL Jo 93 b saws 83
Observed

Model

Statistical index Tain Test CNN DL

Average 251/92 300/44 306/65 308/69
Minimum 0 0 9 9
Maximum 472 475 471 465
Standard Deviation 143/98 146/84 143/24 138/75
Sum 50636 12919 13186 13274
Count 201 43 43 43
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Fig. 6- (a) Comparison of evaluation indices and (b) comparison diagram of CNN and DL models
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learning, convolutional neural network models and observational data
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