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Introduction

Evaporation is one of the main elements of hydrologic cycle. Accurate estimation of pan evaporation
is very important in many water-related activities such as irrigation and drainage projects, water
balance studies, reservoir operation, and the like. The class A pan is one of the main pan evaporation
instruments, which is used in standard synoptic weather stations in Iran. Direct measurement of
evaporation is expensive and time-consuming. Therefore, different empirical models, which use
different meteorological variables, can be used to estimate pan evaporation. This is so crucial in arid
and semi-arid countries such as Iran, where the climate is mostly hyper-arid and it is not easy to
measure evaporation directly. In the recent decades, by the development of computers many data
driven models have been created for estimating evaporation. One of the intelligent models widely used
to hydrologic processes is Bayesian Network Model, which was introduced by Bentin in 1990, and
then applied for neural networks by MacKey (1992). Bayesian networks (BNs), also known as belief
networks (or Bayes nets for short), belong to the family of probabilistic graphical models (GMs). These
graphical structures are used to represent knowledge about an uncertain domain. In particular, each
node in the graph represents a random variable, while the edges between the nodes represent
probabilistic dependencies among the corresponding random variables. These conditional
dependencies in the graph are often estimated by using known statistical and computational methods.
Hence, BNs combine principles from graph theory, probability theory, computer science, and statistics.
GMs with undirected edges are generally called Markov random fields or Markov networks. These
networks provide a simple definition of independence between any two distinct nodes based on the
concept of a Markov blanket. Markov networks are popular in fields such as statistical physics and
computer vision. BNs correspond to another GM structure known as a directed acyclic graph (DAG)
that is popular in statistics, machine learning, and artificial intelligence societies. They enable an
effective representation and computation of the joint probability distribution (JPD) over a set of random
variables (Reggiani and Weerts, 2008). In addition, BNs model the quantitative strength of the
connections between variables, allowing probabilistic beliefs about them to be updated automatically
as new information becomes available. In this model, the unknown relationships between parameters
in processes can be shown by a diagram. This diagram is non-circular, and has directions composed of
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nodes and curves for showing the possible relationships in parameters (Money et al, 2012). Therefore,
the main objective of this study is modeling of daily class A pan evaporation using the Bayesian
Network model in six stations of East Azerbaijan Province.

Methodology

The study area is East Azerbaijan Province, which is one of the important areas in cultivation of
many agricultural products especially cereals and different fruits. In East Azerbaijan Province, the six
weather stations (Tabriz, Jolfa, Maraghe, Mianeh, Marand, and Ahar) selected for modeling of
evaporation using the Bayesian model. Some meteorological variables, namely maximum and
minimum air temperature, dew point temperature, maximum and minimum relative humidity, actual
number of sunshine hours, and wind speed were used to model evaporation in the selected stations.
The same period which is 1992-2012 applied for all the stations. In order to evaluate performance of
models, 4 statistical measures (R?, RMSE, MAE, and D) were used here (Bowker and Lieberman, 1972).

Results and Discussion

BNs became extremely popular models in the last decade. They have been used for applications in
various areas such as machine learning, text mining, natural language processing, speech recognition,
signal processing, bioinformatics, error-control codes, medical diagnosis, weather forecasting, and
cellular networks. Results showed that except for RHmax and RHmin the rest of meteorological
parameters had negative correlation with daily evaporation for all the stations. Different models were
obtained using the correlation coefficients for selected stations. These models are represented in
Tablel.

Tablel- Bayesian network models for selected stations
Station Bayesian Network Models
name

Tabtiz E, =0.308F,,, +0.130T,,, —0.030RH ,, +0.029RH , +0.430nind —0.027T,, +0.255n
Jolfa E, =0528T,,, +0.202T,,, —0.040RH,, +0.060RH,,, +0.405vind —0.328T,, +0.174n
Maraghe E_ =0.435T,, +0.070T,, —0.020RH,, +0.014RH,,, +0.234vind —0.126T,,, +0.197n

Mianeh E  =0.288T, +0.067T,,, —0.054RH . +0.019RH,, +0.470nind +0.012T,,, +0.230n

Marand E_ =0.195T , +0.190T , —0.025RH,, +0.01RH,,, +0.280wind +0.151n
Ahar  E_ =0.260T,,, +0.152T,, —0.048RH ., +0.019RH . +0.102wind —0.050T,,, +0.110n

Table 2- The statistical measures of performances of models

Train Test
Station R2 RMSE MAE D R? RMSE MAE D
name mm/day mm/day mm/day mm/day

Tabriz 0.68 2.28 1.7 15 0.77 2.12 1.63 1.45
Jolfa 0.8 3.22 2.42 1.47 0.83 3.11 2.33 1.62
Maraghe 0.69 2.4 1.85 1.72 0.74 2.53 1.9 1.7
Mianeh 0.74 2.14 1.76 1.65 0.76 2.16 1.7 1.6
Marand 0.59 2.79 2.09 1.49 0.71 2.36 1.92 1.54
Ahar 0.57 3.14 2.6 1.55 0.61 2.82 2.25 1.48

The statistical measures of performances of models are shown in Table 2. In test section, the R?
values varied from 0.61 in Ahar to 0.83 in Jolfa. In the training phase, these values varied from 0.57
in Ahar to 0.8 in Jolfa. Time series of residuals are shown in Figure 1 for Tabriz station. Furthermore,
in Fig.1, scatter plot of observed evaporation versus model Ean are shown for Tabriz station. As it can
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be seen from Fig.1, the Bayesian model had a good capability in estimation of pan evaporation. This
is due to the fact that the clouds of points are located around the 1:1 line. In general, the Bayesian
method can model Epan in the study area satisfactorily.
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Fig. 1- Time series of residuals and scatter plot of observed E versus model Epan.
Conclusion

Bayesian method was applied to estimate pan evaporation records off six stations in East
Azerbaijan Province. Results indicated that this method can estimate Epa, satisfactorily. It should be
emphasized that better management for water resources is so crucial in this semi-arid region if Iran.

Acknowledgments

The present study was carried out with the unwavering cooperation and moral support of the East
Azerbaijan Regional Water Company and the Office of Surface Water Studies, for which they are
thanked and appreciated.

References
1- Bowker, H. and Lieberman, G. J., 1972. Engineering Statistics. Prentice-Hall.

2- MacKay, D. J. C.,1992. Bayesian Interpolation. Neural Computation, 4, pp. 415-447.

3- Money, E.S., Reskhow, K.H. and Wiesner, M.R., 2012. The use of Bayesian networks for nanoparticle risk
forecasting: Model formulationand baseline evaluation. Journal ofScience of the Total Environment, 426, pp.
436- 445.

4- Reggiani, P. and Weerts, A., 2008. Bayesian approach to decision-making under uncertainty: An application
to real time forecasting in the river Rhine. Journal of Hydrology, 356, pp. 56-69.

© 2020 by the authors. Licensee SCU, Ahvaz, Iran. This article is an open access
EY article  distributed under the terms and conditions of the  Creative

Commons Attribution 4.0 International (CC BY 4.0 license) (http://creativecommons.org/licenses/by/4.0/).



AFZ) o1 Lo Eh9 % Ao AR Okl ¥ Sosled £V Wl

ST (qwkige 9 polke ﬁ‘rﬁ

;Ir‘:lg)l/‘?:':nph

Cand 3 gl é)jT)g 29w A Jow glg'})'

Ttys 0 plo 5Tl foelonl Tog n3 i (i e

M.jafari.twone@gmail.com.;, ;5 olsils (T mbia nkign (51,575 (5 il ) smn okt 5 =7 )
R oKzl S jalas 0l c;.)T e ajjf olidls -y
5 oK.iJ\J gdj))u.; 0dSiS ! L;.JT kf"“x‘é" o); )L:)l:\aﬂ‘_"
s ol (53,5188 0uSils (T pmiliga 05 8 Sbskial -F
=
\WAV/FY 1 S50

WAV/FN s WAF/E/Y Sl s

©

5 385 (55 M Lo i Syl ilol (1) 5 OF (336 51 (54130580 5 S8 1 3 wres (SLraGe I (S
il oWty Goleals wua oy il 3wl 503 (Som il oyl (Jobee 9 Sl dlaly (S 9 9w S
Ol axlao (! 13 (Cmilyln 98 10 i dy Caod] jl Sid don 9 S Slgi 10 0jugds dilaio b 4D pSed (38D (pedd
Juo 31 03l 1 b (21 g & po cdiluo calpo il <3 pd) (o8 b (x5BT Sy g Rmns] i 53 il 31 e (65w dand
Blas g 5 1as o alals glod g slod JBlas o ST Jold a3liiw | 3y90 (o L Tgd (W0313 (b (o 5 1 (92 50t &S
ELoiun ] SO (61 e b IFVI-ITAY sl JYB 13 5L diljg, Cus pw 9 (ST Colelur Sluad ( umi Cugb,
Ao o 53 a8 B> i gl d 03y 54 Jse 3,S0os b5, (515 D g MAE RMSE (R? (gl lof il 2315 by 950
1/ 9 9/2) i yids D gMAE j3lie dile cywis o oo 2399Y /€ J3LoRMSE ypla diluo g +/Y0 J3laoR? yy3lie il (490 5
axlllas dy90 ablaie 3 Cuind 5l pudud (gl 00l 0315 by (g Jo 31,15 390 Jaud BB gomiad i gl J5 Sl 4> Lo

il g

Irmak et al., ) cwl (gj5lis 3 Gyw s g oy5bke PP
ilisee pole 3 gy 530 (Soiae Shgn oty (2002
Al Ll J 03 S jgboy 55 (gGolgr dine) )3 9 41
Nedigr (sla ybgy 5 (S (Bayesian Network) oy (ouas

OlesS pols 08 3 s ol pe Slegdge I S
ol S gl s 5 LA el L3l 5 s ks
ol ) et Sl sl Canl (Sen Slon 0d a5

bulgy opim a86d adboe (Soigdgan slaonly (gile e
P PG Sygot Al S ) byl e pasiel
ol g i ylges Jold g amd e Jialed (g l3ges
shr) Lles 5 (Sobad sl puise Giales (1) ooy I JSiise
gty (i b9y el (Lo ple Jloisl laly; ioles
P oAb edy 84 as el sl (1992) MacKay
OBl SBaa Johite (e glaaSid SMS ) (e el
g b gpe Cubd pas )l aSl cons aie 0 P Se

Brandt cosl agb Jlis! xje dhwsds o9 polie &
& e eaenad slass I eslil b (2003) Henriksen s
O @l 5 Jlastinl Cys Ol 4S5 oS Cupte g cbilis
£ 45 MD (538 3ad ol 3 By Soleils )3 (dejn
clyr &l ol gl IS 1 (s plasel (31 )8

B Casl (Ko 55 (ouldl Sy 298 (ol g0 e
lolsy Jio (Sojdapn claasld ) (Sn oy b
S Al 4nbly uesps ol g )k «SB Cughy (s s
Alizadeh, ) cusl e caub Ol 48> Lol claadlge ||
talor I Calisco gl | Wl o s &S ol ol 51 .(2004
STl slawy SB- o (LS (sl o> 39290 Cush
A gy 5 g0 oy g o ol slbojh >
Ghrae Ol i Copde g Gyt Gly g 1B (85
D ecilises (glates sl Wlo il yes (glag b g s5y5liS 5o
Ghobadian et al., ) cwl pio sl 0pé g lasl)s py>
sobds 45 Aitd lgdl dlas I iy (slacis (2008
~e ool (Sl sl o5 aje b g it
ol gshuil yd 4 pees LB ol 5l Jols gl sl


mailto:M.jafari.twone@gmail.com

v

APV F o AR JLe Y oyled FY o5

ol oo p ke

ol @il wejp; o) maw wesS > (e RMSE=Y)
(s emas 4Sub 3,8 cubls (2015) Dehghani et al
oysdodia (s (y9p)S) 9 Olestly 3 (le <055 3y%0L
wor sl Bge wbog) ol Gloj s (mote Gl
GAYYE 0y90 slp alBagy ailjy by Sloj (s L3503
390 Sl Syo Aldg) uSo)l (g e oSl gl VYA
9 $d9y9 il oyt dyglcunds gy b dly edliul
Ol ey soodls Jl ool b (6395 ilisee S 5 (295
oo o 5 o3lital L Lo o S 1 dslos 1535, &l
9 (RMSE) s &laypo (pSike yio o Siunson o p 1slas
Nash-Sutcliffe  Efficiency ) alSSlojis oo
aS ol Sl b e dwglde .0 duwsbre bl o (Coefficient
OSle o () (Stused oy b in ouas S
=/ F) bl ke 5 (+/AA) @SSl 5 (+F) s e pe
4 G 6B, by wlig, slaodld Iy pess oy
Og)Sy 9 Oluidy oy oedle (iok Ghyteby sladse
Moradkhani s Madadgar .cul 4wl oysse s as

1 JocSis Sl Sl Limbe 4 s 5 (2014)
Gl slaie (o 313 1 ol 3 (pgudlS W2 ol S
Sl JloSizs gladasuie duslxe 5 4o Cloly) (Aeoiy
opl a8l i ol ol s oolitul e sl e e ]
Py p @Yl Uy 5l abogy b moie 2 bJ
o &l (So5dgpm (sloai] b it ) s it
5 055 Oliee 3 (28T 5 ams 0 )13 5 cou ) ailats
Ol Sl & d2gi by Slia 908 o il e
bbd I 5928 Sopll slaglivl jI (S (Syd ool
S5y ) (T 050 Cgume 1328 ol @i 5 g5y5liS
sl 1055 52 (slog Cmnl 3l ol oo g o glie B pumo
P s il el aS)ke adlas cpl Gan pl pl
Ot o3l (gl cper 45 gy b By byl il
Al go adlaio cpl ol mle Co e iy

by 59 9 30

by H 4 Srodls g dxfllae & g0 dikaie
3 S o a8be (B ool il adllas 350 dilate
il Gnl @pf Jled 3 jpsliS g She G eee
YL aids YO g a0 0 Y8 cloylie o (B0 bl bl
By a2 Y0 lajledllciaal 5 Jlod (5)e 5483 V5 5 42
 Canldih S (sl By oo s> TV 5 a3 PA b s
it ) gliol )l iansS 3 By ol cslgn
ol ypae L_)LCLQJ)I 9 Ltzm9§ 4 u‘.Q? )JLuJ )I 9 L)“’)I D9y 0y L
b oo il |y Gimghs cpl 50 adlllas 590 dilaie (V) JS3
A1) 0393 (Sl o Shg bl 3 (ol g5 392
S e S (bl 2 5 00 sp Sl i)

S de (Gt baes Lo g Cariio o 55)9liS B )las gl
o prous it Slgisds b Ol el ko g 8518
powoual A 3 y,l8" &S By doeS oyl 4 i) cules ) g
gl jl cblix 5 oo 53 (S el Jl1 G Olpted (e

s Sajjad Khan col jgo sl d92s0 (xeinj ol
Wl 1) i mas 450 3,8 (2006) Coulibaly
AR ooyt y90 DB )3 ppuod s (slatlaieys sy — )k
asg> diljey sloodls jl oS ie aily8 (gilwand (gly olin) sl
mas dSud ey oS O L bl Lged edliiwl (SeSle
Root Mean Square ) RMSE=5/¥0) (3l s (pjm
Sllgy = Uiyl Al (gilwdnd ) (486 p caSe 420 (ErTOr
Rl (1035 )3 (Sghan (mas dSud () & Cumd g AL
Mohajerani et al )y oYL 8y Jle 4 Sl (Jolas
-4 |, R el uj'YLo.bl 9 u_ia‘)f sl e ¢ (2010)
b olye ol 28 (58 L b 23S (e paties ysbo
sdie sl .l O glio 4 bgye colio 4 ;K03 (63,509,
AL mlie dnye 5 olpte a5 ke (955,50 a5 aisls
pae dor jl bacualad pae byl 5 (638 peenad cdiiwd dxlgo
Sl)ls 8L g a0 390 i 3,518 (SgSa 53 )3 e
655 )3 Sz sl e Jae el e o (e
S gyl Al ogMedy (00,8 8y cuskad pas
gl Canddy (§ySiemenss ladmgy 2bj)) ly |y e
Ay Copde 4 Cpiw saSus L «(2009) Farmani et al.
odal Cawddy dois A3y SLaS 0 wejps sl (o)l
Capde )3 o Sl 38 (g eelcades S S
5 Khanteymoori .cul o34 dilate ey placs] (Sl
GilwJde oy 4Ks bawgs 1) (S5, osy (2011) Sameni
gl 51 Pl o 586 i 5 02y ol 53 Sgo elge g Wlea S
Al Gt sl Jae (nl 9 035 Ghogi ]y Jae ol bawgs
s Caleg 3 0l alyl oy b e (6l ol p3 (Sw)b
ozl sy 5l )l ilo e 3 (i 4D &S w85
L).Jl dl).: U’l )‘ odlazwl 9 .\JTL;O uL..od.; ‘SA.AAJLA )I)Jl L;’\")L’
Sl odlaiwl g ai s (gjlwdan jd sldasMo JB i onpay
<y J% (2012) Sadeghi Hesar et al..o)ls o mbe
oolitl b oS s (515 o6 gl 53 15y s o
o] WY glaodls I oLl Lioly &l pse claasus )
3 oel Candts gl 55,8 odlitul yades 9 550 pn wlidlen
sodly b Jao (2o b Caplin sxadlis Jio ol
bl slobyy Koo b awlio 3 s by Shalie
taw w35 6ly (2013) Ghorbani et al. il e 39540
Cpds 2338 03l o s 48 I oy D e O
olped ol gaw Gas g bod (S5 lapl)l 5 slaie
oW e o sl dols zls s S ealatwl o (63959
il clbs g (RZ=4/2)) YL cds cpjw s o5 ob



DOI: 10.22055/jise.2018.22434.1608

aA

- 0lSa] (gLl jl o3l b bl (lay a5 aisls oliisl (o
A5 )il caslio e o sl bg) b 5 dsluen (slo
el oS o8] cilio gy (clmolSiy] (gl lpus ol
9 08 Sl e ol g lyo (gl Ol olRtune) ik 5 5
Slbire 5 9 b5l Gliebl g (ygms)Sy St ) a2y
O lojls 5 bosls i o3litel ol ) oo Stausod
S8 syt 5 o 5 008 381 858 ol ol (leilai
c WYY o os5de celayiolly (sl srbies clmosls il
leMbl 5l Sy (V) Jedo b bl adlas e lgie
|y adllas ] )3 o3lisel 30 Stygisw slooliasl ldlyis
oo leodly jleolatwl sdims i %

CoMe a2 o lis
ol Lol [, (a8l slaodld JuoSS (gl ool

S dilain 355 Jlos a5 i dlyign liul (slorell ples
j9r 0+ b jsbas il o Jatn wal8l > (391 Cony 52
sgods il 3 (592 SV (s Al i Sali Lo
Ao 5 ol Glogs 3 Jlo )3 yia o £ JIVO: 5l lawgie
ol 3l ol &8 Wb e J 2 gte (e WWee 29 3 S
ddbaio Ol Gpae Copie g (g5ydelyp 0 Lb S ol Cusdly
g dili9y glooaly 5l addllas (pl )0 dgds 03y IS4y B> coles
Sl (slod (5:0lo ((Tmax) 181> (slod (Sile (E) s |
Sl i Cagby (RHmax) jiSlas o Cagboy Tmin)
bt (clod g (W) 5L sy () S8 leboslins (RHmin)
wlio dils 58) Sippipm ol (15 ) d(Teew) wies
s dlads glod W0 oK) 55 L 0dlaiwl (Lo 5yl dslye
s 5 S Lol 1 oS s o 54 g 03905 39390

Persian Gulf

'l i

.\_, '_}1/

Fig.1- Geographical location of the study Area and selected synoptic stations
axfllan 3590 LSutn X g (SO | § ditain LI > CamBge— 1 IS

axdllan 590 S g (SO | Olaskin -1 Jgu
Table 1- Specifications of the studied synoptic stations

Station Longitude Latitude Height (m) Established  Statistical

Name Year range
Tabriz 46 17 38 05 1364 1951 1371-91
Ahar 47 04 38 26 1391 1985 1371-91
Sarab* 47 23 37 56 1682 1986 1375-91
Jolfa 45 36 38 56 736 1985 1371-91
Mianeh 47 42 37 27 1110 1987 1371-91
Maraghe 46 10 37 01 1344 1983 1371-91
Kaleibar* 47 01 38 52 1210 1998 1375-91
Marand 45 46 38 26 1550 1998 1371-91
Bonab* 46 04 37 20 1290 1998 1375-91
Sahand* 46 07 37 56 1641 1990 1375-91
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Table2- Correlation coefficients of pan evaporation with the input variables in the six synoptic

stations studied

Pan Evaporation

Variables Tabriz  Mianeh Maraghe  Jolfa Marand Ahar
Max Temperature  0.77 0.77 0.79 0.75 0.73 0.68
Min Temperature  0.78 0.78 0.79 0.85 0.72 0.66
Max Humidity -0.60 -0.61 -0.65 -0.75 -0.53 -0.52
Min Humidity -0.50 -0.49 -0.53 -0.45 -0.51 -0.36
Sunshine Hour 0.41 0.52 0.52 0.51 0.48 0.41
Wind speed 0.38 0.46 0.35 0.65 0.32 0.33
Dew Point T 0.59 0.36 0.37 0.5 -- 0.37
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Table3- Models created for pan evaporation by bayesian network method in the studied stations

Station
Name

Bayesian Network Models

Tabriz
Jolfa
Maraghe
Mianeh
Marand
Ahar

E, =0.308T,, +0.130T,, —0.030RH,, +0.029RH,,, +0.430nind —0.027T,, +0.255n
E, =0.528T,, +0.202T,, —0.040RH,, +0.060RH ,, +0.405vind —0.328T,,, +0.174n
E, =0.435T,,, +0.070T,, —0.020RH,, +0.014RH ;. +0.234vind —0.126T,, +0.197n
E, =0.288T,,, +0.067T,, —0.054RH, . +0.019RH ,, +0.470wind +0.012T,,, +0.230n
E, =0.195T,,, +0.190T,, —0.025RH . +0.01RH ,, +0.280wind +0.15In

E, =0.260T ,, +0.152T,, —0.048RH,,, +0.019RH,,, +0.102vind —0.050T, +0.110n

-:Tma:x )

( Tdew )

RHmax

{RHmin

[ wind )

Fig. 2- The Structure created for the bayesian network in the input data training section with geNle

software
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training and testing section

Table4- Performance evaluation statistics of models created using bayesian network in

Train Test
Station — g2 RMSE MAE D R2 RMSE  MAE D
Name mm/day  mm/day mm/day mm/day
Tabriz 0.68 2.28 1.70 1.50 0.77 2.12 1.63 1.45
Jolfa 0.80 3.22 2.42 1.47 0.83 3.11 2.33 1.62
Maraghe 0.69 2.40 1.85 1.72 0.74 2.53 1.90 1.70
Mianeh 0.74 2.14 1.76 1.65 0.76 2.16 1.70 1.60
Marand 0.59 2.79 2.09 1.49 0.71 2.36 1.92 1.54
Ahar 0.57 3.14 2.60 1.55 0.61 2.82 2.25 1.48
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