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Figure (1): geographic location of Zabol city
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Figure (2): Deep belief network structure

3. Deep Learning

4. Hinton

5. Multi Layer Perceptron

6. Restricted Boltzmann Machine

105 0l s pomeb
Sl dblanu s K5 &S 15 05 0k ol s
Fas ol 53 (T 3 55 ST b el S5
QW‘AMMQM@UQM@J{I@I
e b bl i b pBaplS a5l eslind
L 5 0555) LT e e RS | FRE T
s ) bl (VY O Kan 5 (s Y0 eA
B A et Sle e Kls A5 (25l 0l 3008
LS 5 6 i) Sl 035 ol BTy (3l 53 1,
YNy

05 Ol ol e lxl gl ol sy 2
Ol 534S (i eslil GeneXproTools (4.0) bl
A3l 53555 LS Oler &S a5l Glacamar Sl
sy alie 5 Lo bl ol Sl VL Casl S|
Slestinad b Joudly Goa 5 s Dlde (el S eslind
el ol L1 (V) s 53 05 Ole ol S
SSen 5 (55t Slalllas 4 x5 L Lo Shes cpl Sl
o 45 oy (YY)

GEP Jue BE) solaiu! 3,90 J.‘i'éu.d" c‘j :(\) J‘g.\?
Table (1): Functions and values used in the GEP model

+. —.><.+.\/_. 3\/_ log.10*.

cos.sin. Arctgx.x?. x3.e*.In g e
AN bpssses,S sl

A s Jsb

v 35595 53 0] sl

+) o Lo GU

RMSE) Ues Sl 1o 08000 224 Sl slet &6
oYY o &

A S0 7

) e s els 58

A s dly Sl ES

s

Y GBS S 5 F 5

T ShbEys S5 ¢

0 S5 S

N O S

1. GEP
2. Ferreira



AQ e 00l b s Cd 53 &2 0 (3 )% 9 sl &ilgy 350

SOl ol S SGsp Sy e p S G
Sl 12y ) RMSE 550l comad Jus (VU Stsan
palie o Ol s lie U oS ol (gloj el o(Uast Sl
Soslie gesls OLES 1y Joe s Shas ¢ a8l 5 ok o oo
L oS obl ol el e g 3 S S0l O 28
S ol gla zell b dmn 5 o3l 0L 1 (63550 i
Uos llas 505 . SKle MAE §5ll .ol ool s & 0
AL Al S e el pl e a &S
S U ICHI PR KWW S K VR I PRPRICIC S ]
oyl ol e Sldie 5 i ees sAa0li MAE
MBE & ,Lsl .ol i Olse 31 208 e sasOlis
o dslie 4 S cd Ll s (Ll S gler Sile)
313 e (3l palie 5 e Lo ety polie
o Gl asOl (el ol Jhe 4 Ssp pslie
sasolis ol Cote polie (A3l o A3l o 6%)@:’ polie
el (53551 S Bamn0lis OF S jslie 5 53,50 1t
s slajlae elal 5 e jomlio Ol gl

ol l s glmesls sl duad,y B Sl el S5
Slasbas olad plade 515 n 40 6 Lo (s 35 s
§yoee duslis 5l g OLL 53 5558 g0 03ls (glay 0l S3
St e Sl e el el e,
G Ladies ol sy S5t 3 50 o0 DL dslee
Sl Ol g S oS Jde (B, 58 55 8 Gl Oy 50
Lobadie & 5V &5, on cad)y op Sl 2,05 1, RMSE
e 3508 Sl 31 S 55 s (53505 OS5
35S n B ST Y sl a3, S e slallast las Ol e
S S5 L b (R?) e o 2 Dlme 2550 o Ll
Al e polantl ) AS) opls 1y bjlas pl ke o iy
OLaSS Lol glast jlms Ol oS ladide & (oo
Sl Sl e olg 5308 e Gl OLSG 55 il
G ol e keglie 5 i) 8 e SLS 5 L aduke
aalllas 3,5 dilate 53w o G 5 S 30510 03 5p
(oo as ol s (Ve OLas 5 Osmn) 358 o0 ol

G52k 5 03 0k gponeb p sladte LUly Lol sl

S L el Vi 05 n o pladie
4SS Syse 53;—:§¢—‘ QJM\%’-‘;’ LR P SR P
G sl glass S s L;ijyi 080 e Sl eslaxd
5 D5 P58) sy ok gk e 318 (sl sl
o) & Gres sl SlaeSis s el by (T) e g
sddisgdowe e g dile ol il &Sl &) 50
salie LB &Y (28 OF TOlgy &Y e i o 25500
il 5 S o Wl ) eddssioms oty cpdle paess
Geile (s 2 Sl eslinal Ly edds pdome el g2 (ntle (ne s
SSSS 255l b L ol 358 e oo 5l e
Y02 O 5 Osmn) L el Jte slasy
Ladibe Al (gl » (sl (slaslnn
Shea s gladas i slin s bea s i o=l e
S n5 (51 (R?) s o o b (sla L
Sls fizman 5 o dg o3I 5 e dd i 23lie
Obe Ll sfean Ol ppe 0315 0L (5| s (MAE) Uast llao 513
i slwdde 5 glaalie slie glaesls slads semme
Ol |y Uas Ol e <8 RMSE) U Sl o o Sls i
L S Ul 45 (MBE) %1 S oSl glas 5 A4S s
) GLasbas Ol pea s e 0L 1y 63,50 5
G50 F O Ly, Al esliza

2

R? = 100, —0)EL.(P = P) )

(0= 02 B, (P

iL:(0:~PD )

_ =1 i i

MAE = ==
n
1 N

= — . — 0. 3

MBE N;(PL 0) )

e SL Jas w88 5 5 05 el cpl s

R? 4&))2_A4_30.,\_,::4¢_wk>u éj_ﬁjj:xﬁpl ‘C»::)Lﬂ

1. Backward Propagation Machine
2. Vanishing Gradient

3. Glorot and Bengio

4. Visible Layer



VFeo 3l (egg o 0 ylosds oS3l Jlw (o bl g1 (owdigen (o g 33 coke aloxo Qe

Gl L Goee (5850 die 5 05 0k gponelz Ol siear el cilisie (gla el )b S 5 1 g )l YO (e
o 350 BOT s Sas 5 ad bl Calties s 0 alie dlous b i (1 Jiar) A slawl Je (6355
oS E s s Eomle el SU s Sl e e B8 5 S

sladiss 55 G palis Olyeas polie ool 5 S

A bl gl oddam § 05555 gla g sl (V) Jgd

Table (3): Scenarios for network structure
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Table (4): Results of analysis of selected models in the studied station
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Extended Abstract
Introduction: Measuring the evapotranspiration rate plays an important role in the proper management of water
resources, irrigation planning, and optimizing the allocation and distribution of water resources. There are different
methods for measuring evapotranspiration, which is generally time-consuming and costly and requires a large bulk
of meteorological data. However, new widely used methods have been introduced in recent years to solve this
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problem, among which are ultra-Innovative algorithms with high accuracy and speed that do not require extensive
data. Therefore, this study sought to identify the most important parameters involved in measuring the daily
evapotranspiration rate of the reference plant in Sistan plain using Gene Expression Programming and Deep
Learning models.

Material and methods: located in the north of Sistan and Baluchestan province at the northern latitude 30°. 18’ to
31°.20’ and the eastern longitude 61°. 10" to 61°.50’, Sistan plain has an average annual precipitation rate of 50
mm and an annual evaporation rate of 4000- 5000 mm, being considered as one of the super-arid areas based on the
Dumarten drought index, whose environmental conditions are not suitable for cultivation. The climatic data used in
this study were collected from the Zabol synoptic station, including maximum temperature, minimum temperature,
average temperature, maximum relative humidity, minimum relative humidity, average relative humidity, sunny
hours, wind speed, precipitation, and pan evaporation during the statistical period of 2009-2017.

Moreover, the accuracy of Gene Expression Programming and Deep Learning was compared to the FAO-Penman-
Montith method. Accordingly, the GeneXproTools software (4.0) was used to run the Gene Expression
Programming model and MATLAB software was used to run the Deep Learning model. Also, the data were
divided into two categories, 80% of which were used for training and 20% of which were used to validate the
model. Considering the fact that selecting appropriate and effective initial inputs improves performance Since in
smart models, different combinations of meteorological data were considered as model inputs. Then, the best
scenario was selected to predict evapotranspiration by evaluating the results of different scenarios and
combinations. Furthermore, the Coefficient of determination (R?) was used to calculate the correlation, mean
absolute error value (MAE) was used to show the degree of consistency between the set of observed and predicted
values, and the root mean square error (RMSE) (expressing the error intensity) was applied as evaluation criteria.

Results: The study's results indicated that Gene Expression Programming and Deep Learning Programming models
were highly accurate in estimating evapotranspiration in all scenarios, with the Deep Learning model showing a
higher accuracy in this regard than the Gene Expression one. Moreover, it was found that from among all the
scenarios upon which the Deep Learning programming model was applied, the M5 scenario comprising of variables
such as maximum temperature, minimum temperature, average temperature, maximum humidity, minimum
humidity, average humidity, wind speed, and pan evaporation was the most accurate scenario with the lowest root
mean square error (RMSE = 0.517) and the highest coefficient of determination (R? = 0.996). On the other hand,
out of all scenarios to which the Gene Expression model was applied, the M1 scenario containing variables such as
mean temperature, minimum temperature, maximum temperature, and maximum humidity was the most accurate
one, with the highest coefficient of determination (R?= 0.985) and the lowest root mean square error (RMSE =
0.985).

However, in the deep learning model, the lowest accuracy belonged to M15, M18, M1, and M16 scenarios with

MAE values of 4.213, 3.131, 2.656, and 2.298, respectively, and the highest accuracy belonged to the M5, M6, M1,
and M3 scenarios with MAE values of 0.399, 0.402, 0.422 and 0.422, respectively. In this model, all scenarios were
overestimated. On the other hand, In the Gene Expression model, the lowest accuracy is related to M24, M15, M14,
and M16 scenarios with MAE values equal to 4.621, 4.438, 3.198, and 2.355, respectively, and the highest accuracy
is also related to M1, M3, M13 and M7 scenarios with MAE values equal to 0.683, 0.733, 0.780 and 0.991,
respectively. In this model, all scenarios are overestimated. On the other hand, in the Gene Expression model, the
lowest accuracy belonged to M24, M15, M14, and M16 scenarios whose MAE values were 4.621, 4.438, 3.198,
and 2.355, respectively, and the highest accuracy belonged to M1, M3, M13, and M7 scenarios whose MAE values
were 0.683, 0.733, 0.780, and 0.991, respectively. In this model, all scenarios were overestimated.
According to the outputs of the GEP model, mean temperature, minimum temperature, maximum temperature, and
maximum humidity were the most important parameters involved in the prediction of reference evapotranspiration
values. In the Gene Expression Programming model, the M1 was selected as the best scenario with the highest
coefficient of explanation R2= 0.985, the lowest error RMSE = 0.985, and MAE = 0.683, followed by the M3 and
M7 scenarios. Moreover, in the Deep Learning model, the M5 scenario ranked first in predicting the reference
evapotranspiration, followed by the M1 and M3 scenarios. Also, the high correlation between the estimated
evapotranspiration of these models and the Fao-penman-montith method indicated that computational models can
be used to estimate daily evapotranspiration when more limited data are available.

Discussion and Conclusion: The results showed that the evapotranspiration of the reference plant in the Sistan
region can be determined in the shortest possible time (3 minutes and 26 seconds in the deep learning model) with
acceptable accuracy using a few parameters (compared to the FAO method). Therefore, it is recommended that the
Deep Learning model be applied in the Sistan region.

Keywords: Evapotranspiration, Deep learning model, GEP model.



