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1- Generalized Linear Models(GLM)
3- Multi Layer Perceptron

2- Deep Learning
4- Restricted Boltzmann Machine
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Table 1. The statistical mean of the parameters used in modeling mobility and daily potential of Zabol station

5l el el clele o) Ol sy

Le>

(5e) > g (cels) (as (30)3) (oo Cgho, (315 sl €9) &bl )y
Y WA YUAD YY/¥o ks
a/y- W YV/b. YY/A+ she
VIAY FARY YYAIBO \-¥/%0 oolls
YAQ/Y - e
Vot - /¥ YIvE S
YIYA —+/AA —/¥Y =\/YY ;w

Table 2. Designed scenarios for network structure
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1- Regression 2- Nonlinear

4- Greedy Layer-wise Unsupervised Pre-training Algorithms

3- Deep Learning
5- Backward Propagation Machine
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Figure 1. The structure of the deep belief network (22)

SBl (ly odlitn slate bl slapial )l ol
2 L5 b))l sl oad )] (V) Jad> )0 oS o e
5 Bl S st s sl | Jobs
m.&.&)ct:.wl:u d)Lo‘ dl.mua_';LfB (e g (Gxes Lgﬁfal,{
Silwdnd > dedgr gl Jle cpl oUlg iyl
s ool dalllan 350 ddlaite ailjg) (35 pSe (jee
G g (Bolay K Bl puess (Jos sla Je duslis
slp atiie (8 o g & W30 LS (Bree
—)Ocu .))9]).3 dl).g wl.uo Cdd L 1) JJI) t_gu.uw °li:-“*:’.|
oS Jia gl b 5 3905 oy il Jpuslt, 3,5
Sk Jho S Gl npiere D)5 By |y S
sl st Qb (See wiy Sl opyine Sl (il
8395 sodld degerme (Ogr iwd ;D 5 cuwlie SOLI
(VF) el
ol (29 39 e iz lipl (b 5l
o3 (V) Joi 3 e 1 o o ol cd)5 )18 L)
Syt oS 5 mlie Joo e omS b 2sde
pyeS 9 R=0.95 Siuwed oy ¥l L M3,
50 ol eS| oy ias olsied; RMSE=1.712 s
{7 Jsi2)
S 5 g wilisie oSl L Bolay K e
(oSl Cugby GShe by slajsio L M10 (46X
Cupd Oppide L& g Cl I s g ob Ce g
RMSE=1.073 (clus 58 o R=0.981 _Siwwar
2 Opomen b oS p S cnl )3 oS i Glge
>0 |V|19 M3 M8 Lgl.m9§)| P (G ‘_glmd.,:.:")
slod Jold caipar el (pyioge idg Jo8 B

) o3\l 3,90 (S g, (o2l
Gl o asls 5l Calisee (sl Jdo duslio jolaiea
s &L\m).xs u,‘i:Luo ‘Omd);b)'l-\.}‘ 9 °-‘~’w‘-‘w~°
wgexe gle Sler ol bolis sl (MAE)
RMSE | 5 b gilw s o Slalin polis slaodls
e o polde b odd 6 ,u803lul yuolie duglis (gl

(YY) ws eolazl

r= Z{V=1 0iP; (Y)
Z?:l 02,-2?:1 P
MAE = Z—ﬁl('zi“’i') (v)

N ._p:
RMSE = |z ()
n

oy P gy @ 3% g s Oilalyy ool
Wb S S a pasls ol @ e & (Siees
ke adyy g b 5llaeyd (ke o4 RMSE

b oo Jdo YL €l g eSS il youl el

—oe B gy b @2 B pilie Ao U

P B plie plgisa palie ol (BS) ) 5 cusle

5 (Bolai JS widlress (S gl Jae oSid (o0l
A5 gy ol 3 Sdes 5 2bm] Bree 50k

1- Vanishing radient

2- Visible Layer
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Table 3. Results of analysis of selected models at the studied station
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Figure 2. Simulated and observed values of evapotranspiration using different models
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Abstract

Evapotranspiration is one of the most important components of the hydrology cycle for
planning irrigation systems and assessing the impacts of climate change hydrology and correct
determination is important for many studies such as hydrological balance of water, design of
irrigation irrigation networks, simulation of crop yields, design, optimization of water resources,
nonlinearity, inherent uncertainty, and the need for diverse climatic information in estimating
evapotranspiration have been the reasons why researchers have used artificial intelligence-based
approaches. In this study, to estimate accurately the daily reference evapotranspiration between
2009-2018 in Zabol city, north of Sistan and Baluchestan province, first was used a standard
FAO-Penman-Montith method and Zabol synoptic station meteorological data- the ETo
reference transpiration is calculated and then presented by various scenarios of meteorological
parameters including: maximum, minimum and mean temperature, maximum, minimum and
mean humidity, precipitation, sunshine, wind speed and evaporation as inputs for deep learning
models, Random forest and generalized linear model were attempted on a daily time scale More
accurately. In estimating daily evapotranspiration in these models, 25 scenarios were selected
from meteorological data combination and FAO-Penman-Monteith method was used to evaluate
the models. Among the investigated scenarios, the M5 scenario (maximum, minimum and mean
temperature, maximum, minimum and mean humidity, wind speed, pan evaporation) for deep
learning model with minimum error (0.517) and highest correlation coefficient (0.517). 0.996
had the best performance among the above models. The deep learning model showed more
accuracy and stability than other models. Hence, this study is recommended a deep learning
model for estimating reference plant evapotranspiration in Sistan plain.

Keywords: Deep Learning, Evapotranspiration, FAO-Penman-Monteith, Uncertainty
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