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ARTICLE INFO ABSTRACT

. . Satellite products are the only available data source with adequate spatial coverage,
Article type: however, their data do not match the observed values and have biases, although this
Research Paper discrepancy cannot be fixed precisely, however, a solution to reduce the bias is data
recalibration. Currently, machine learning techniques are used to improve the
accuracy of forecasting various types of weather phenomena, so regression solving

Article history such problems through methods based on machine learning and deep learning is very
i efficient. The daily precipitation of 19 rain gauge stations of the Ministry of Energy
Received: 27 November 2023 between 2010 and 2021 was extracted and compared to the average values of their

N corresponding daily precipitation pixels in the ERAS database. To measure the data,
Revised: 11 January 2024 three algorithms D-Tree, KNN, and MLP were used. The range of changes of
Accepted: 14 January 2024 correlation coefficient in MLP, D-Tree, and KNN is equal to [0.87, 0.98], [0.75,
. . 0.97], and [0.4, 0.87], respectively. In addition, the range of changes for RMSE in
Published online: 06 January 2024 {\pp varies from 0.7 to 2.4 mm per day, and these changes for D-Tree and KNN are
calculated between 0.8 to 2.2 and 1.2 to 2.5, respectively. In 75% of stations, RMSE
in MLP, D-Tree, and KNN algorithms is less than 1.5, 1.9, and 2.2 mm per day,

Keywords: respectively. The range of bias changes in MLP is [0.18, -0.6 mm per day] and this

. L. range of changes for D-Tree and KNN is respectively [0.16, 0.5 mm per day] and
Calibration, database, statistical [0.6, -0.8 mm per day] have been calculated. The bias of corrected data and observed
indicators, machine learning values in MLP, D-Tree, and KNN algorithms for the middle of the stations is -0.09, -

0.11, and -0.16 mm per day, respectively. The evaluation of the performance of three
machine learning algorithms (MLP, D-Tree, and KNN) in correcting the daily
precipitation of the ERA5 database and the comparison of CC, RMSE, and bias
statistical indices for the reproduced data compared to ground values showed that in
all three statistical indices, the MLP algorithm works better than the others and has
good accuracy for correcting the daily precipitation.
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EXTENDED ABSTRACT

Introduction: Spatial and temporal changes in precipitation significantly affect access to water for various human
needs and environmental conservation. Although ground-based rain gauge systems are the most reliable tools for
monitoring changes in precipitation at a point scale, various factors such as topography, remote locations, and
budget constraints limit their geographical use. Therefore, ground-based rain gauge networks in many parts of the
world are often spatially sparse and have weaknesses in spatial coverage. Satellite products are the only available
data source with global coverage; however, there is a mismatch between them and ground observations. The values
provided by sensors and data platforms cannot accurately estimate precipitation data due to multiple issues. These
problems are not easily solvable, however, one solution to reduce ambiguities is to calibrate the estimated data.
Currently, machine learning techniques are being employed to improve the accuracy of predicting various weather
phenomena. Therefore, solving regression problems of this nature through machine learning and deep learning
methods is not only possible but also very efficient. To this end, this study aimed to calibrate daily precipitation
values in the ERAS database by fitting these values against daily precipitation from 19 rain gauge stations of the
Ministry of Energy in the Khorasan Razavi province, using three algorithms: D-Tree, K-NN, and MLP.

Methodology: Khorasan-Razavi province is located in the northeast of Iran with an area of about 117,000 km?.
This province contains arid and semi-arid areas with a wide range of temperature changes and precipitation
patterns. Half of its area is made up of mountainous areas and the other half is plain and low-altitude areas. The
climate of this province is cold dry and its average annual precipitation is about 254 mm. The southern regions
of this province have less than 150 mm of precipitation per year, and the central and northwestern regions
receive more than 320 mm. In this study, we used three popular and widely used algorithms, decision trees, K-
nearest neighbors, and artificial neural networks for calibrating precipitation values. Daily precipitation values
from 19 rain gauge stations of the Ministry of Energy have been extracted since 2010 and compared to the average
daily precipitation pixel values from the ERA5 database. Using the above algorithms, terrestrial precipitation
values were estimated based on ERAS data, and correlation coefficient, RMSE, and bias indices were extracted and
compared for each of the three algorithms.

Results and Discussion: Performance evaluation of machine learning algorithms (MLP, D-Tree, KNN) in
correcting daily precipitation from ERA5 database and comparing them with statistical indices CC, RMSE, and
bias for the reproduced data relative to ground values showed that in all three statistical indices, the MLP algorithm
performed better than the other two algorithms and had suitable accuracy for correcting daily precipitation from
ERAGS. The range of changes in correlation coefficient in MLP, D-Tree, and KNN is [0.87, 0.98], [0.75, 0.97], and
[0.4, 0.87], respectively, and these changes for RMSE in MLP are between 0.7 and 2.4 mm per days. These
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changes for D-Tree and KNN are calculated between 0.8 to 2.2 and 1.2 to 2.5, respectively, in 75 stations, the
RMSE in MLP, D-Tree, and KNN algorithms is less than 5.5, 1.9, and 2.2 mm per day. The range of bias changes
in MLP [0.18, -0.6 mm d*] and this range of changes for D-Tree and KNN is respectively calculated as [0.16, 0.5
mm d*] and [0.6, -0.8 mm d™]. The corrected and observed bias in MLP, D-Tree, and KNN algorithms for the
middle of the stations are equal to -0.09, -0.11, and -0.16 mm per day, respectively.

Conclusion: With the advent of advanced technologies and the presence of satellites and associated databases in
the field of meteorological science, the time series of satellite precipitation values have become long enough to
analyze their applicability for water resources management. Although these data are cheap and easily accessible,
they do not have enough accuracy and they need to be calibrated with ground values. This study was shown that
MLP performed better in calibrating daily precipitation values in ERAS compared to the other two algorithms, as it
effectively increased the correlation coefficient and desirably reduced RMSE and bias. For further informations, it
is suggested to use deep learning techniques for calibrating monthly and annual precipitation values, as well as to
investigate and analyze the accuracy of microscaling and correction of satellite precipitation data in the Google
Earth Engine system.

Ethical Considerations

Data availability statement: The datasets are available upon a reasonable request to the corresponding author.
Funding: This research has been extracted from a doctoral thesis under the support of Ferdowsi University of
Mashhad.

Authors’ contribution: Majid Rajabi Jaghargh prepared the first draft and it was edited by Seyed Mohammad
Mousavi Baygi, Seyed Alireza Araghi, and Hadi Jabari Noghabi.

Conflicts of interest: The authors of this article declared no conflict of interest regarding the authorship or
publication of this article.

Acknowledgment: Khorasan Razavi Regional Water Company is thanked for providing the required statistics
and information.


https://dor.isc.ac/dor/20.1001.1.24235970.1403.12.1.8.1
http://jircsa.ir/article-1-530-en.html

[ Downloaded from jircsa.ir on 2026-06-25 |

[ DOR: 20.1001.1.24235970.1403.12.1.8.1]

obaw! ;3 KNN g D-Tree (MLP glagi o1 51 a3liw! LERAS &ilje ()b (Suwly
S 0wl B

0 By 55l (531 BT 156 Lo e s BT Sob (ggmige dosme s B 5,8l (o dme
) et e _awgdy oKl ¢ 65 yglisS 0uSLiils cl pwdines g pole 09,5 ¢ 655D (gl .
magidrajabijaghargh@mail.um.ac.ir
MOUSAVIb@UM.AC.IT .l ) o clguio (wgd b oKl ¢ g5yl 0u8tily el i g pole 09,5 bl ¥
2.araghi@UM.ac.ir .l pl cauie o gy olSuiily ¢ 5gliS 005ty ] wdipog pole 05,5 )bkl ¥

oS>

o] sloodly g g opl b el Canlio (oldd (idior b 3gnge 0313 guie oS (slojlgnle <Y guame
s 8y B 385 oty 3y el iz yn sl iyl el g 0399 Baate lanlie yolio
Oetle 653k ST ol Jlo 3 canlnodly (rily (S g pialS Jely S o Jl cnl b
Sy S W igh o B )5 ) 4y algm 5 O claossy ilie lsil it <85 d9m0 <l
Ol sl SD)lS s Gras Sigel g le 6353 1 itee oy Gk Sl b ol o
258 gl @M VeV LV sl gy )ljs Ol il ol VA il
splaioasy 8,58 ERAS ool oLk po Ll Blizo ailjy, (o)l (sloJusly bawsio polio Lo
2 (Stsod o b Gl o dold b odlatwl MLP g KNN D-Tree o )68 duw 3l daodls  oiwlg
iz ol [0.4, 0.87] 4[0.75, 0.97] [0.87, 0.98] ,,; s jas KNN 4 D-Tree MLP
Sly s ol 5 005 yuxio oy 40 yio duo Y/¥ B /Y oy MLP 3 RMSE (gly s atels ()
Lol dopd YO 3 ot duwloee Y/O B V/Y g ¥/Y B +/A iy cus iy KNN 4 D-Tree (¢l
599 9% yie oo YIY 9 VA A0 3l 568 i ias KNNg D-Tree MLP (sl 1651 js RMSE
Sy Olymss 4y () 5 0391 [59y 1> yio oo =+ /8 < NA]TMLP 3 (¢3S g Ol pis diald ool
Wlodds duwloes [jgy 50 yio oo =+ /A 18] g [59) ;0 yio duo +10 /] us 5as KNN 4 D-Tree
&l KNNg D-Tree MLP (slapi ;o 51 )5 0d s odalie polie g (S>Mol laodly (¢ pSsm
dw 0y Sloe o)l il joy 0 yto uo =+ /VF g = NN /0 1ol ey oK) &l
duslio 9 ERAB o3l ol 4il39, )b zueas > (KNN g D-Tree MLP) cyisle (6, 35b w63l
Sy s e pdlie 4y o o0 o35l (slmodld (cly (635 g g RMSE LCC (g,lol (clo yaslis
(oolia &8> 5l g 03505 Jae e 1503 (598lgd & Canms MLP (525801 (gl bl dw 0 3 o8

el J13y5 5 &ilig) ()l el sl

Wlie doey b

VY 5T cdl

WY o ¥Y 16,5550

VeV Y i dy

AR RN EYERV RN TER R W oe)

flS sojly
5d)Ln] 6l_h‘.)a>l_.:: wdld b‘_i:l)“
el (dle 5153k

L ERAS 4iljg, ()l (oriwls (AF+F) obs ( 2By (c)la g Lo ple s o Blys cdozie s (ol (gawse whizme o5yl ooy L]
AFY=3Ya (Y ‘Ubb)ﬁfgﬁbu sdlols . 55l 3 ksl )3 KNN  D-Tree MLP (slapy 651 5 oolil

DOR: 20.1001.1.24235970.1403.12.1.8.1

uiil.g Egwso Jao duw ng a..\lawgy‘
ul)}l RV RV @”9")‘5 olKaiily ‘L;)'”L:'S 04l u_.j (swAheg ‘D’Lﬁ 09; :‘:;l.w\.;

SANBVIEVYNY il

mousavib@um.ac.ir : Suig ySJI Conny



https://orcid.org/0000-0002-4446-4005
https://orcid.org/0000-0002-9482-1381
https://orcid.org/0000-0002-9482-1381
https://orcid.org/0000-0002-7028-9052
https://orcid.org/0000-0002-7028-9052
https://orcid.org/0000-0002-7028-9052
mailto:magidrajabijaghargh@mail.um.ac.ir
mailto:magidrajabijaghargh@mail.um.ac.ir
mailto:mousavib@um.ac.ir
https://dor.isc.ac/dor/20.1001.1.24235970.1403.12.1.8.1
http://jircsa.ir/article-1-530-en.html

[ Downloaded from jircsa.ir on 2026-06-25 |

[ DOR: 20.1001.1.24235970.1403.12.1.8.1]

Iy e S 4951 51 oLl LERADS ailjg, (4i,b oowly

dodlo
Yuan et al., 2018, ) 350 wogmxe Sujslgried clisilode s o313 kol o o dn 53 S (el i 51 S i)k
Soilodund €8 g gy ks & 5k slezel LB 5 58> caedls olply J(Liu et al., 2017 Beck et al., 2017
5 ol @lie jl 420 wad sy 4L (Sun et al., 2018 [Prakash et al., 2015, Pena et al., 2013) wsd wo Hlows (S55lg)dun
Olgeas (sloloale leMbl p e Juweds (sla oyl pdlie 0jg,el (Ma et al., 2015) siiwds (6y9p0 wlislen 9 T (classl s
(Lietal., 2018) cul 43,5 |13 pgoc wyiwd yd cloanld jobds wum oo 9 Ol pole b lasye ldlas )3 cavlio o550
&S bl 5l Ll (Zubieta et al., 2015) siws cuwlio Sloj g S osg 5 gy 2lad Lide o b SV game cpl 4 S
Ok a3 53 e JIS,6 Jelss (58,5 ousls (ISl 5 Sload il o g0k eslolsnle ik e slapi oS
9 el & Cuans b sl (55908 cplpls cun HaTl 51 593 (o) 9 lojlgale slaosly (o Bllas pas 1 sl Joioo )l
W 0y50 CB (liae Ay Aty ¢ duesd ooy pMsl (gl ) Siimghs b plaBl 5350 (sla gy 5l odlaiwl b pdlde oyl oxiwlg
Giodib diwd 93 4 |y (S aw uoal sy iy, Chen et al. (2013) wiges (gly a8 o odlaiwl (2lisee (gla ybgy jl 295
sanlio polie g 45ud 1 i Gl O o bl 2 Alale o Jelge 51 Ygomn 45 cSibio 2 (Sin (lad,Sag) () idged
(CDF) (220 @595 @b Aile g oo odlatl (Jloin milgi 5l oyl 30 Voomo a5 cjgs 0 (Siee (W35S 5, (V cliiS o oalaiuw] o
Guo et al., Hamill et al., 2018 Vrac et al., 2016 Amengual et al., 2012 .Yang et al., 2010, Piani et al., 2010)
21 el (x5 @i @l Gogy b amalie )3 siluosly sl ol g o3l S & (B9 (xSl 1 (Ste sla3 S, (2018
(Chenetal., 2013 ;ThemeRl et al., 2011) cusl 0355 ol yos JUEI b Jud opl 51 Slelllas

Gl plie & s laedls ) (5 sl wlis) e > Solsale Bl e iy (Bl sallas 92
lodges Sle (sl yiio o Byl e dlaly Sl dy plaBl s (sl 6y 5Ll ) el (gl 10 395 o (sine) (sLoolSiuy)]
&y REOF' g g 4550 ol 4 a5 b ) 598em SO &89, 5] asgs adlaie JS' ((Zhang et al. , 2019a) 5
Zhang et al. (2019b) .39 0 yige gl &) cel ¢ wlio (Eals «dly)d 55,8 puuds ddlaioy ) caad 4 glojlaale o (uoj o)L
weS Jae 5 2535 e adgn 5 ez & |y adllas 390 ailai bagl i3gad o) ) TMPAT (Sujglgynm 3,05 5 3,8hes
|y etsacals) mls 5 2530 8 & adpp) a3 o laels dr bl TMPA (laodls o sl 1y bl
Gl ywlie pusuai ly 1) (CDF) “um;c; 59 &b 3,500y ()b (plas skl ¢l Heredia et al. (2018) .x5)9] cussay
o35 5l sl Miies GUO et Al (2018) 5,8 slpiiiy (yuesd (slo sabstin 51 onliul b )las 390 b s b a2 Ml
el 35 oS53 kas 51 45 ) o y5S50 sopl adg (15 05 SAod SUl (slg 0351 Aty B S & cofpals L
Sl gl o) pladl gl )3 ol (oo litel &) Cund g 3903 Gl 1) widgy Cglite i) 5 bl Jobo (bl 5y
iled uSixie (ol iliseo (slamafy )3 1 G0)k sl Sy 590 ssbod Hlg U Gy )4 (ol adlate 4 53 L1, CDF iy,

o5 oo cpuditen Jluo lgil Jo 3 Wlgi oo (SYsb (Sloj 0)93 o sl g (2bad oSTie 4l G L sl (il
WS b eldSs pin ) o)ie S Lol tilayss gy oYU €3] ise gyl 4503 (slaosls s 31 (BlBschl et al., 2019) L,
sl sey JWs 4 Wb 1Y (Mega et al., 2019, Tang et al., 2022) cwl pdiin s SYsb ooy e sly 9 YL olLab
iles a8l sllan B L1y 3l polie Sl Llod 4y wp 5 Sloj s 5l o w3l 306 45 cuiS 5 3Sols

OOk ke Sloj Sl yw wlidlsn ple 05 )> Lape 0y (SlaolSly 5 lao)lgale sl 5 adjiey (slacs)ld sl b
sloodly oyl dizya wgas oo g 4555 (Ol mlie Copte gl 1y gl i eslatul cublB b Sloas Yol (B 6318l &4 (glo)lsnle
Sgh sl ey polie b Cunl Sl ol ) oslitl (glyy g At ylay8 5 (BT s I Ll sitn Jgodll a5 o5 s3g5
(Mega et al., 2019, Tang et al., 2022)

! Rotated Empirical Orthogonal Function

2 TRMM Multi-Satellite Precipitation Analysis
® Thiessen

* Cumulative Distribution Function


https://dor.isc.ac/dor/20.1001.1.24235970.1403.12.1.8.1
http://jircsa.ir/article-1-530-en.html

[ Downloaded from jircsa.ir on 2026-06-25 |

[ DOR: 20.1001.1.24235970.1403.12.1.8.1]

(VEY OY sl o ojles) oyl T zobaw sdilolu e

YL cuaS g e by u;ﬁlm:.)l.) 4 03 dgxg OKA‘ L)" (05 sl s Sojlul 5 oMb (gAuaSiud d“’)l}“’l" oyl &Y guazes sleal b

Sy Soilul b anslis o YL jlaw o515 L1y Lad (lojen jobay aSl Cunl (glojlanlo (slaosly I 5585 b & &S bl Cowd
55 wbde Lials leie poo\jw gy cpl cunl S5 lazwe S 3 dlie Jgmw )3 J> Mas pleal pl om0 b dus)
by gl g 5 cosl osalin LB e cladine) )3 ] aline it 2lad 2bgp jl (ol g5 5 Ngdiee Syme

.l s yzal> ysbay Abdollahipour etal. (2022) o Huetal. (2019) 1) i)l wbis (aalS' L bagye

L 9 ik u_’lfw 9 u.SLo)‘ dLbu&l.:.SaO 3 (05 dl.ebd):fo)'l.\ll 9 dlc)l}ml.a u*’)l’ C»Ym PL&)I L u»)b U.»La.‘! u.glg.dg))
SleMb! a3 .l ol Plzdl s ulnm by u.a.wLo $xSob dlmwx;.”ﬁl ales @9“»15) dlmp.'b“)sﬂl &lyl 51 oalazwl
sl o a5 (V) Jodo 50 Sledllas oyl 51 (S p BLd b,

Omdlo (§5050L Lt oS! (FELS gy SleMbl 4ot - Jga
Table 1- Summary of methodological information of machine learning algorithms

Time

Study Scale Spatial Scale Algorithms
South-western, central, north-eastern and
He et al. 2016 Hourly south-eastern United States Random forests
. Random forests, artificial neural networks, support vector
Meyer et al. 2016 Daily Germany regression
Tao et al. 2016 Daily Central United States Deep learning
Yang et al. 2016 Daily Chile Quantile mapping
Baez-Villanueva et al. Daily Chile Random forests
2020
Chen et al. 2020 Daily Dallas—Fort Worth in the United States Deep learning
Chen et al. 2020 Daily Xijiang basin in China Geographically weighted ridge regression
Rata et al. 2020 Annual Chéliff watershed in Algeria Kriging
. L . Artificial neural networks, geographically weighted
Chen et al. 2021 Monthly Sichuan Province in China regression, kriging, random forests
Nguyen et al. 2021 Daily South Korea Random forests
Shen and Yong 2021 Annual China Gradient boosting decision trees, r_andom forests, support
vector regression
Zhang et al. 2021 Daily China Artificial neural networks, extreme learning r_'nachlnes,
random forests, support vector regression
. Coastal mountain region in the western .
Chen et al. 2021 Daily United States Deep learning
Fernandez Palomino Dail Ecuador and Peru Random forests
et al. 2022 Y
Lin et al. 2022 Daily Three Gorges Reservoir area in China Adaptive boosting deum;;:ér;ss, decision trees, random
Yang et al. 2022 Daily Kelantan river basin in Malaysia Deep learning
Alborz and Zaaros mountain randes in Artificial neural networks, locally weighted linear regression,
Zandi et al. 2022 Monthly Y Iran g random forests, stacked generalization,
support vector regression
Militino et al. 2023 Daily Navarre in Spain K-nearest neighbors, random forests, artificial neural
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Figure 1- Map of Razavi Khorasan Province and spatial distribution of automatic rain gauge stations of the Ministry
of Energy
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Table 2 - Specifications of the automatic rain gauge stations of the Ministry of Energy used in the research

bl Glasui. R Al il clasuis i i
(M) gl ‘ UTM_Y | UTM_X ID (m) glas)l ‘ UTM_Y | UTM_X

1265 4056093 740695 03,5 s 11 970 4021779 731051 Spudio 013 1
273 4044721 334933 Oy 12 1320 4067524 713648 zoylw 1o Syl 2
1415 3953876 757541 ol B 13 1452 4066787 738162 Ji 3
1138 4054892 536166  (pg> w3 &K 14 938 3900564 281783 plocey sl 4
1199 4017696 643474 splis W3 B8 15 1920 4030506 731838 e 5
1054 3899535 632645 oS 16 1468 3913151 701468 >y 6
1561 4066333 728919 YU S 17 1540 4078183 710544 Jrelyy 7
1770 4001739 714070 Obe 18 1170 4057482 690538 ohle 8
1333 4108912 636561 Obgd 22 19 429 4145323 685794 Sy 9

1240 4006132 729885 Gyb 10

ERAS 531> 850 L

o glial Ml Lo Sl 1 4,5 o] org s (slaosls o8 caul (53 sloosay e Lol 5 0555 ooxiy Jud ERAS
gt ¢ innj (slbolSim] oK ol 3 (ges s b 3 Sl b jL 5 435 45 caul ECMWF s
b MoV AV Lo jl g st an > +/VO x /YD S cdd g aicl S il Jloj zadg sl)b oKL (ol j3 (g9 sl pio
5 oS bl 4 ERAS o3l oL ailjgy (5)b polie (VFY o), SKon g (o)) 003 513 oytan y3 Bl loj 4y cand (Sl 3l
2 0l ol ol wligy o)k polde 1 gy ol 51 VFY (o )Ken 5 un)) Siwd (580l B el Caslie slaedly (gl)ls a8
ool & 'GEE Ly cov g 5b e able ;I ERAS oy oKl ailjy, (oyb polie i odlitwl oxiwly 9 oo wyjmo anl)d
b glysewl ERAS_LAND/HOURLY

X NETY

Ol goghl goliuw] Joeyd ERAS aliy) (9)k Joaxe lp condle 6153k (Sgew)S) sbiiyosl 2L 2Ll sl
EYeye sla b b ERAS o3ls sl bawgs ol 1)) &iljg, 5, polie ud plosl (g)lol (sla Julos dalllas 590 03950 )3 Bl
&l b3 gyl o] 1 oo b jblixe (slay Juslo 53 (ol Jlo VY o 0 (Vo yoa5005 L B WA oo o gabaia) VoY)
oAb zuzual polde duslxe 4 pli8l MLP KNN D-Tree slagi oSl jl oolaiwl b oo g A glyouin] dalllas )50 0350200 )
(Bias) s pSgw 9 (RMSE) s xy0 pmSiko pgd aiuy (CC) [ Ssumed cups (g)lol (sl yial )b cds o3l oL ol ailjs, 5L
wligy ool sloedls (sllas talS g (655 g gl (2> JaliBly (risly oz oS35l ke g demlre oSl o Jore
A asliS LS s ulow g 49550 259,5 o cclvosls (39 ogllasls sdy dguie oIl o] )b polie s glolis

! Coordinated Universal Time
2 European Centre for Medium-Range Weather
® Google Earth Engine


https://dor.isc.ac/dor/20.1001.1.24235970.1403.12.1.8.1
http://jircsa.ir/article-1-530-en.html

[ Downloaded from jircsa.ir on 2026-06-25 |

[ DOR: 20.1001.1.24235970.1403.12.1.8.1]

"y e S 91 51 3wl UL ERAD &ilje, (3,4 (Sxwly

Jb 5 Glodgns jobds yusle (6553b (slant 6N dlusgds wals oKl b Jio | ol 5,b sloodly ol
polie (gylel el los cplply wonl uinlej] (slaodls (g0 oo siojls wcamlio (663U pasis 1N ol dnwgi g odliul
b by &ygo ERAS wlig) (o)l slooslsy oxiusly g (silodige sglaiads 00 o o22)6Sl aus (el 5 (o o] VA (ilo]]
3Sdas ¢ JS 33 5 Lled oo a1y (CC) Stwad oy g 4inaS |y (Bias, RMSE) s gla jadlis w6 plaS” g jasuie
D)5 o inled 4y D633l (g in0

odly o3l

BY-Ye ol w50, YWVl ERAS 033 oL 55 bl b jblie (slmosly g cls gyl (slaolKiw! ailjs, o)k polée
(llellons g (dome ploj ) 02l o0kl g 95 ©)lig il o «ledMbl cud loj ST & 45 b oS g5l V1Y
Gy dljey oyl «uieolisS iyl polis pen b L g Ad Budeio ERAS glaodly p Sloj Jlas 5l e (sloolSius] o)L poldo
Clales b (slass jloged puw)y alos 1 5510 2525 alisee sla gy 00lidlyg (slaodly Bls g ololid (gl b dslxo zie 93 ya
Oipos ol @ilinlis G ci e wile (lol anlie ) odlitul pinen 9 Q-Q Hloges may modls SuSTy J3ges puy o Syl
woor 3 o g polid Hlae Blysul ply dw jl 5SagS g 55,5 slaodls wd odlitwl ailiwlis I o3lisl)ed slaodly slulis (¢l
Olgeds bodly 1oyd YO b (65 puenas byl 5l oolizul b g Gls b sl )3 jobre (sloolKim] ;5 wlie pilie b o subs 4
s ol Jae il gl osile b o yd VO o iules] (slaedls

Oxdle (65:50L (slaety )5l

S Laulpd 4 a8 0) 3929 (g )Ty Pl Jo slp (G55U55 slagSl g lasdg) comile (63653b 5 (Egime Shgn 0jg> 5
u»)l) );.)LOA Wla )9]44,64; MLP 9 D-Tree KNN W‘“")?i‘” M)‘ MB)J L)Jl » .)9.»&0 oalai! Lmul )l d.o}u )}44 9 u...m”));
A5 eolaw] ERAS oals oli;l) 43‘}9)

(K-Nearest Neighbors) 5 luer 3,505 K jauo )35
K o 5148 ol () ol ol (25 5 el 5515 a0l 03,05y 5 e | S oSl (905005 K 550
g Lo Shg hs ala 48 595 o (5 p8 bl andly 3l dtwd K 4 (Bjge] dcgaime 3 dals S5 cladluen (p 3o
35 303 [ Siusod s g 03900 wlinl ladd dolee > (55, il lg5 o KNN ooy (gl 559 5l eoliiw! b sl Sl slacyas
o s dad &S Cwl xe ol cpl WS o edlatul Wi 00l dlad yaolie i glp (She calid I KNN 4,6 cyled
(ol 9 (HLd) Dad o 00l ol ol oyliie ol Cpsed g Conl (5590] dsgorme bl 4 S35 s calids ywlul
il 00 o)Ll ol 4 5 )3 a5 4 P8 i jguoty il o 55T KNN )3 ax ] Lol .(Huang et al., 2017 «\¥- .

Alols wlowl s 03l alati K o 5cSon 5 =Y 395 o0 dulite 55g0] (sloodly ;> alads yo g s alais o dlold il —)

Gl o dbads & 3,lad0 gly ol i @b bl pl S0k -V b wiled sl
d_old U—’] Ml?u d])_: U_OLN dhu“@) G (_5*")9"] Lngb.)‘.) 2 algs JLICIEERCS dlags O aold Mbu ‘4\.1>)A U‘J9|
Al prond S5 SiadgSipe aliold (diwgy slrodly (glp) (SiudsSiun 5 cpinie o owdeldl 15l ke W (g, o yigoly 4873l 292

ol o 5 (w8l dlold

| &
Fuclidean = |Z{x,-—j‘,-]: (V)
'JI'=J.
L] l!a(j Glloo MBS ggame jlyy g (Bly (sloyld o aliold oyl zpigie dlold -
(v)

k
Manhattan = Z e — ¥ |

I=1


https://dor.isc.ac/dor/20.1001.1.24235970.1403.12.1.8.1
http://jircsa.ir/article-1-530-en.html

[ Downloaded from jircsa.ir on 2026-06-25 |

[ DOR: 20.1001.1.24235970.1403.12.1.8.1]

(VEY OY sl o ojles) oyl T zobaw sdilolu WA

gy otnlino ol 4 35 dlued s oyl pSike 4 cte oamlie S5 3,90 (¢l 45 WS o Lasuiie |y olbdsbuen dax K jlude
olde yo Uas ‘_'j)) &S Conl (388 iy pd (p) Aty HlABe D (S paoual O] i lsel UJB)'}J sodly (gllad dunlro yolulys
sl Cad ] ) Bl o3 lag B el pie sy Bl & 15 sy o0 38 BBl 4y ool g sl

(Decision Tree) paowal & 33 Cygaw s

o b )95l (295 o0 03litsl gy o3l (o sy Sl oS Cunl o )llas (653 w2 ysSI S prenal B3 g3

S o ol leioe Joo Jiatue pa 4 SOl Jlade (o polaBl s g b Jedatis S| (Slasgecne 4« Sk sl

$Lad (LISl s s o S50 gme0)S 5 ool eBly )3 2,8 e B ol o o il ibatis b ke il > anlie

276 5 o bawgs 2ljh cpl S a IS dilate ya sl (ol Jlaie S Ygams) o3 Jio Sy il 5 5SasS Bblio & (S

Chaudhary & Dhanya, ) &8 e (s pSojlsl |y bjel (clmosls ;> dly polie g od i polie oo slad a8 340 0 8

Dyl Cogl ) Gygods (o oo |y puanal €& 3> (a5 plsl 1,8 .(2020; Sandri & Zuccolotto, 2008

Sl s ga 125 93 4 ool e gl 1) bl Jade Sy g Sy S aetys (l el S50 05 12 )3t Jlene -

bl Clepye Sike a5le s lamils ) S il b ol o ;S & (o o e () 45 e

235 o0 g 3l st (1S

el Jlize oll g 0)S 2 0 SSasS ladsgerme i 4 Lodld maudl &) qureual €30 o yeSl ISl sl -

0,8 S5y 0ab Jils b s pd Bas Sl & oy dBlo «tByr jlre S5 aST Wb o debdl Jloj B ailys cpl e o dold] bl

D9 yels

odly ybjly adlaio o (gl (ol Hlade L) ool Jio S o o panidts §SoeS Gl 4y aodly a5 oK Jde 3l —
Amd e s adlate )] p3 1y 03l bl o i Jde ol 2945 o

L odalie &1 (flasl ol jlade § S oo (b |y preal €350 pre et oSl e o3l el S it ln imoie -
Amd o olaidl odd o e e Glgiedr 1) 58 0 )3 o]

(MLP) ¥ s (g plgmn 2 -
OY & plS a5 Cuol bo )3 5l ol Y gl aS sl ol 4 gy S lo b egume uas aSd S Y N g iwp
ol 0 JSi5 (o pd Sl JUb U L Gg)9 S35l 93909 oS pogdle 05 pa 2gd e Juate lao)S (pen by (gin
ooliul Jlo (il 5 gmsS) > (sl ailgi e 5 Wil e 035 jeel il L slaeiysS ) oslinel L il MLP
g 039 &Y ol ((£39)9 Y .l Y dw Jold goeome )0 g 3,00 23y (0L (sloyysys) oo, S MLP S jlidl j> g
$2915 9 29> SaY gle ) wl o5 cwl iy o MLP Jlislo 3 pgd 4 sl (Sl gl St (slo e Jols
Wl Y L2 b Sl Al g 4 a2 o0 Jitie 500 4 4 4Y S 5l ) lie ()55 iy slagled pal; isd S sete
Slgiee MLP ailed oo o3kl b 29,5 9 ais39)9 om d9290 o8I paseis (sl JUl @l 1 5 03505 s008 (295 9 53909 O
ol powge (29> AY 4 &S pow &Y cwl "Tansig" o "Sigmoid" ol cp ), aSuS edlil Jsl @l glyl )
Hy8 sl Dy90 (>gys AN Jsl pb olgicds "Pureline” w)lge 5 e 13 g Conl Bun pdlie Jwyio b g eSS 085S )
5 Jyene gy o s g igefl sl Y ol 1 (o slaigyg g BaY olas 13b cos MLP 48 5 2 Slae 3,5 0
2 ong 2 e date Glagubl g lagyjy Bl MLP SIS Ls s 5l ey i ¢l ool (ol (ildige (sl ol
dos jl gde o3 pjeel Ll slacSuSs )l osliel b MLP (slaaSid .0l dsugy 5ud allS b el 398l i
5 Iosbly dpulbro aidsy ot o8yl o (SCG) axi ko 3350 GO 5 (LM) &5 559 (BR) (s csslunlt
5 £350b 30 oYUl (SUlg o oS ol g 3505 odlaiwl ool b g Bres (slaSids jl lgi o 6 sy 5l sage 1y Loy
[(Khalili et al., 2016; Esteves et al., 2018 \YAY ()|, ISan g gm0 (SLE) 3,15 590!

Glleo gl 1 Sle 5 (MSE) s Glayye u6Ske 1 a5be 0558 oolatw] JSomo)Sy MLP 3 Wlgs o oS alsa nlgs
e SoySy Jio oyl ] asliS Jisled 4 3955 edgae )3 1y 5,Shes oyt Jao Aib S ad Hlude 4 ,a (MAE)


https://dor.isc.ac/dor/20.1001.1.24235970.1403.12.1.8.1
http://jircsa.ir/article-1-530-en.html

[ Downloaded from jircsa.ir on 2026-06-25 |

[ DOR: 20.1001.1.24235970.1403.12.1.8.1]

"a e S 91 51 3wl UL ERAD &ilje, (3,4 (Sxwly

N> gy gawySy Jdeyd a5l wle oo aige @dam L o Stochastic gradient descent LBFGS wlys 5,k 51 1, lallas
i jlodinge @b 5 oloty Y lp siledl @b dagygy dhis aloasl o] glal slajial bl wbats 0,5 )18 laise wb &Y
Canddy gly gy (pSodle ushad pae il JBls 4 5 Gl 350 dbeS s s g rw &S Caol J)ST ol g leas &Y

Lol Ak )ialiép 03)9]

bl s ylre

SN garme £83 b sl ol slopadls ) e (e panseis 5 LSt S My ate ke o duslis sl gy
Slapi o lawgs oad 1) 5L pest sloodly duslis 5 byl slp alisre (gylol (slaylize I 50 gl cpl 43 g oo oliiul
S CC) e Sirods s ol o0 1) (F) Uy 5 ool 3,50 (sla il (bl gl 13 ozl el 5550
A ookl pdle (680l (law )Xl lawy duesd dlie 5 bzl bwes odd il palie o (Siuwed lie b ol
bl Lasls s oolitel st slaodls dcgesmo j> bas Jlde byl sy "(RMSE) Ll ped Ay 3Nke I iz

(Sorooshian et al., 1993) 1 sdlaul )b polie 35900 o b 35910 i a6 Jobed (ol (6lp e S g

il39) ()b (eSS 50 Craile (63053l (ks 591 3 yShas (b3, )3 23kl 390 (5 bl (o AB LS Y Jgu

Table 3- Statistical indicators used in evaluating the performance of machine algorithms in estimating daily precipitation
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Table 4- Correlation coefficient of experimental daily precipitation data values of used algorithms with control stations
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Figure 2- Comparison of the statistical index of the correlation coefficient of the estimated precipitation of experimental
data and station values using the used algorithms
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Table 5- RMSE of daily test data of algorithms used with reference stations
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Figure 3- Comparison of RMSE statistical index of estimated precipitation of experimental data and station values using
the used algorithms
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