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Introduction  

Precipitation is one of the most critical components of the hydrological cycle, directly 

influencing water resources, agriculture, and climate-related risk management. Accurate 

precipitation estimation is essential for hydrological modeling, flood forecasting, drought 

monitoring, and agricultural planning. In mountainous and data-scarce regions, however, 

reliable precipitation information is difficult to obtain due to the limited density of ground-

based meteorological stations and the inherent uncertainties of remote sensing products. In 

recent years, reanalysis datasets such as ERA5, produced by the European Centre for 

Medium-Range Weather Forecasts (ECMWF), have provided long-term, globally consistent 

climate variables. Despite their advantages, these datasets often suffer from systematic 

biases, particularly in regions with complex topography, such as West Azerbaijan Province 

in northwestern Iran. Machine learning (ML) methods, capable of capturing nonlinear and 

multivariate relationships, have emerged as effective tools for improving precipitation 

estimation by integrating satellite or reanalysis data with ground observations. The objective 

of this study was to assess the potential of two machine learning techniquesðArtificial 

Neural Networks (ANN) and Support Vector Regression (SVR) ðin reducing ERA5 

precipitation biases and improving estimation accuracy in West Azerbaijan Province. The 

performance of these approaches was also compared with a traditional interpolation method, 

Shepardôs technique, to evaluate the relative benefits of modern ML-based approaches.  
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 Materials and Methods 

The study area, West Azerbaijan Province, is characterized by diverse topography, ranging from lowland 

plains to high mountain ranges, leading to significant spatial variability in precipitation patterns. Ground-

based daily precipitation records from 16 synoptic meteorological stations were collected for the period 2010ï

2023. ERA5 reanalysis precipitation data with a spatial resolution of 0.25° and hourly temporal resolution 

were aggregated to daily and monthly scales to match station data. Three modeling approaches were 

employed: Shepard interpolation, SVR, and ANN (Multilayer Perceptron). For the machine learning models, 

several predictor variables were tested, including ERA5 precipitation values, station elevation, latitude, 

longitude, and temporal lag features (previous-day and next-day ERA5 estimates for daily scale; previous-

month and next-month ERA5 estimates for monthly scale). Data were divided into training and testing subsets 

using k-fold cross-validation to ensure generalizability. Model evaluation was based on four statistical 

metrics: Root Mean Square Error (RMSE), Normalized RMSE (NRMSE), NashïSutcliffe Efficiency (NSE), 

and Pearson Correlation Coefficient (CC). These indicators provided complementary insights into model 

accuracy, relative error, predictive skill, and correlation strength. 

Results and Discussion 

The results clearly demonstrated the superiority of machine learning models over the conventional Shepard 

interpolation method. Among the ML approaches, ANN consistently produced the best performance at both 

daily and monthly scales. At the daily scale, the ANN achieved the lowest RMSE (2.73 mm), the highest 

correlation coefficient (CC = 0.71), and the highest NSE (0.50), while maintaining a low NRMSE (0.05). In 

contrast, the SVR model achieved a moderate improvement over Shepard interpolation but was less accurate 

than ANN, particularly in capturing extreme precipitation events. Shepard interpolation, by relying solely on 

spatial proximity without considering atmospheric predictors, failed to adequately reproduce precipitation 

variability. At the monthly scale, all models showed improved performance due to reduced short-term 

variability; however, ANN again outperformed alternatives. The ANN model achieved an RMSE of 10.20 

mm, CC of 0.84, and NSE of 0.67. SVR also provided reasonable accuracy, but its performance was less 

stable, particularly in stations located in mountainous terrain. Shepard interpolation continued to 

underperform compared with ML-based corrections. Feature analysis revealed that including temporal lag 

variables significantly enhanced predictive performance, especially at the daily scale. This highlights the 

importance of accounting for temporal persistence in precipitation processes. Elevation and spatial 

coordinates also contributed to improved accuracy, confirming the influence of topography on precipitation 

distribution. 

Conclusion 

The findings emphasize the effectiveness of machine learning approaches, particularly ANN, in correcting 

ERA5 precipitation estimates in regions with complex terrain and limited station density. By capturing 

nonlinear dependencies and incorporating temporal and spatial features, ANN substantially reduced 

systematic biases and improved alignment with ground observations. The comparison with SVR showed that 

while kernel-based methods are useful, they are less flexible than neural networks in modeling high-

dimensional feature interactions. Shepard interpolation, though simple and computationally efficient, was 

unable to address the structural biases of reanalysis data, underscoring the need for more advanced methods. 

This research has both methodological and practical implications. From a methodological perspective, it 

demonstrates the importance of combining multiple predictorsðincluding ERA5 estimates, station metadata, 

and temporal lagsðfor effective bias correction. From a practical standpoint, the improved precipitation 

datasets can support hydrological modeling, water resource management, agricultural planning, and climate 

change impact assessments in West Azerbaijan and other regions with similar geographic and data constraints. 

Future research could expand on these results by exploring deep learning architectures such as Long Short-

Term Memory (LSTM) networks, which may better capture temporal dynamics, or by incorporating 

additional predictors such as temperature, humidity, and atmospheric circulation indices. Moreover, applying 
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spatial downscaling techniques in combination with ML approaches could further refine precipitation 

estimates at local scales. In conclusion, this study confirms that machine learning, and especially ANN-based 

methods, offer a robust and reliable approach to enhancing reanalysis precipitation datasets, thereby 

contributing to more accurate climate and hydrological analyses in data-sparse mountainous regions. 
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z Ăî{É øív¾£ûv½w  ù¿ ªþÅĊþĈ LÅ¾¤Å¹ ÷ºLÝ ÿĈ ĂLz ÜLéĀù

 ¢LÅv āºLÉ ¹ÿºL´ù$Kebria et al., 2023-Yousefi# ½¹ )

ówLL³ ¾LLÑw³ºLLþ¯ Iĉü LLÉ½wz óĀLLÎ´ùĈ LLþ¤{ùĈ ¯ ¾LLzºLLþ 

ā½vĀăwùvć  ýwĄ« Ă{ÉĈ  Ăă¹ ½¹wăć ·vĊ¾ ā¹¾í ½ĀĄÙ ĂLí ºýv

Çÿ½wăć  º«Lĉºć  v¾Lz v½ć  ¾LÅ ¢L{§ĉÜ   Ç½wLz ¡wLÝĒÕv

¾£¾§où Ătv½v ÿ ÷ÿvºùĉü  v¾z ½vÀzvć  Êùêù ½¹ Ç½wz āºăwĊÃw 

ýwLLĄ«Ĉ ù ĂLLtv½vĈºLLþþí $Sun et al., 2018 )# ¡đĀLLÎ´ù

LLÉ½wzĈ LLþ¤{ùĈ ½Āùmù ûv½ÿ¹ ¿v ûĀLLþív ā½vĀăwLLù ¾LLzLLĉ¢ 

ā¿vºLLývñĊ¾ć ñºLLý½wzĈ vĀ¤LLÅvĈĉ, $TRMM#  ¾LLÎÝ ĂLLz

ā¿vºLLývñĊ¾ć ýwLLĄ« Ç½wLLzĈ- $GPM# āºLLÉ ôLLê¤þùºýv 

$Huffman et al., 2014#  )ĂzLöí ½ĀLÕĈI LÕĈ  ĂLă¹ ºLþ¯

þ¤{ù Ç½wz ¡đĀÎ´ù IĂ¤É¼ñĈ ā½vĀăwù ¾z  ÿĂ¬þÅ ôùwLÉ 

¿wzĉzwĈwLLăć ĉĂLL¯½w î ā½vĀăwùºLLþ¯vć v¾LLzć ½ĀùmùLLĉ¢ 

ā¿vºLývñĊ¾ć ýwLĄ« ûv½wLzĈ. $IMERG#  ćv¾Lz¿wzĉzwĈwLLăć 

ā½vĀăwùºLLþ¯vć ĉĂLL¯½w î v¾LLzć GPMI ö´£LLĊô  Ç½wLLz

ā½vĀăwùºLLþ¯vć 4TRMM $TMPA# ćv¾LLz  ºLLþ¯ Ç½wLLz

ā½vĀăwùvć  TRMMø¬þ~ ôÆý I  ö´£Ċô  Ā« ¹º¬ùć   ÔÅĀ£

w~ÿ½v Àí¾ùĈĉ0  $ECMWF   ÿERA# ā¹v¹ ÿwăć L~ Àí¾ùĊÈ 

zĊþĈ  vĀă ÿ xj1 $CPC  #ĈùºÉwz) 

ĂÝĀú¬ù    ā¹v¹ERA5ýwLîù ±ĀÑÿ wz IĈ  -0*+   ÿ ĂL«½¹

ýwù¿ ±ĀÑÿĈ  ¤ÝwÅĈI  Ăzõ¹Ċô  ýwLĄ« ÈLÉĀ~Ĉ  LÅ¾¤Å¹ ÿĈ 

__________________________________

_________________________ 
1 Tropical Rainfall Measuring Mission 
2 Global Precipitation Measurement 
3 Integrated Multi-satellite Retrievals for GPM 
4 TRMM Multi -satellite Precipitation Analysis 
5 European Centre for Medium-Range Weather 

Forecasts 
6 Climate Prediction Center 

Ăz ûjê´£ ½¹ ā¹¾¤Æñ ½ĀÕĊ¡wê  ÅwþÉvĀăĈ  ă ÿĊÁĀõÿ½ºĉîĈ 

Ĉù ā¹wæ¤Åv$ ¹ĀÉHersbach et al., 2020; Amjad et al., 

2020öÝ )#Ĉøá½  vÀùĉwć  ā¹v¹ ûwLÊý ¡wLÞõwÖù Iûj ĂLí ºLýv

ú¸£ĊüwLLăć  Ç½wLLzERA5 ùĈºLLývĀ£ wLLz ā¿vºLLývñĊ¾ćwăć 

LLù¿ĊIü ĂLLzÿĉāÂ êÕwLLþù ½¹Ĉ  wLLzāºLLĊ°Ċ~ Ĉåv¾ñĀLL~Ā£ LLĉw 

Ăî{Éwăć  vĉăwò¤ÆĈ    āºþív¾~ºLÉwz Ă¤LÉv¹ ć¹wĉ¿ ãĒ¤·v 

$Tang et al., 2020v )#ĉü Ăz ãĒ¤·vÿĉāÂ êÕwþù ½¹Ĉ ºþýwù 

ûw¤Åv  wz½»jĉûw¬  z¾á  Ĉz¾á ówúÉ ½¹ ĂíĈ  vĉûv¾   I¹½v¹ ½v¾Lé

wz½»j )¢Åv Ă«Ā£ ôzwéĉûw¬  z¾áĈ  v½v¹ć  åv¾ñĀ~Ā£Ĉ   ÝĀþ¤ùĈ 

āĀí Ă¤É½ Ăöú« ¿vwăć  Ã¾ñv¿ ĂL¯wĉ½¹ ÿ xjÿºýwĊù ¢É¹ I

ĂĊùÿ½v  wăĀòõv ¾z Ăí ¢Åvć  ö´ù Ç½wzĈ  §mL£Ċ¾ Ĉù ÿ ¹½v¼Lñ

ú¸£Ċü þ¤{ùĈ  ~ v½ ā½vĀăwù ¾zĊ°Ċāº Ĉù)ºþí 

Çÿ½wăć  ĉñ¹wĊ¾ć  LÉwùĊIü  LÉwù ºLþýwùĊüwăć   ½v¹¾Lz

¤LLÊ~Ċûw{ $SVMûÿ¾¤ LLÅ¾~ ÿ #wăć đ ºLLþ¯LLĉĂ $MLP I#

Ăzºþú£½ºé ½vÀzv ûvĀþÝć  v¾zć  ´Î£Ċ²  ā¹v¹wăć  ĀăwLùā½vvć 

óºù wz¿wÅć   ~ Ôzvÿ½Ċ°Ċāº   á ÿĊLÖ·¾Ĉ  LzĊü  ÿĉñÂĈwLăć 

¹ÿ½ÿć â¤ù ÿĊ¾wăć āºLÉ ¾ăwLÙ ãºă$ ºývKumar et al., 

2019; Komasi et al., 2025v )#Lĉü LÅ½¾z ĂLz ĂLÞõwÖùĈ 

LLÅ¾ñ½ ¹¾z½wLLíĊĀûwăć SVM  ÿMLP v¾LLzć ĂLLÊêý½v¹¾zć 

LLú¸£Ċü  Ç½wLLzERA5 ā¿vºLLýv ½¹ñĊ¾ćwăć ù¿ĊLLþĈ  ¿v,1 

vĉāwò¤Æ  ÅwþÉvĀăĈ  wz½»jĉûw¬  z¾áĈ  ¹½  ýwù¿ ā¿wzĈ  -+,+   w£

-+-. ùĈ¹¿v¹¾LLL~) ¡wLLLÞõwÖù ¹ºLLLÞ¤ùć wêù ĂLLLzĉĂLLLÆ 

ā¹v¹wăćERA5  ā¹v¹ wzwăć ù¿ĊþĈ Ă¤·v¹¾~ĂLz )ºLýv ûvĀLþÝ

ÅĀÅ ów¨ùĈ  ÿ  ûv½wîúă  ĂÞõwÖù ½¹vć  Ăí ºý¹v¹ ûwÊý Üùw«

ā¹v¹wLăć ERA5 wêù ½¹ĉĂLÆ Ă¸LÆý wLzwăć Lö{éĈ ºLþýwù 

ERA-InterimĄ«Ā£ ôzwé ¹Ā{Ąz IĈ  ú¸£ ¢é¹ ½¹Ċü  Ç½wLz

 ºý½v¹$Soci et al., 2024)# v wzLĉü Lþă IówL³¿Ā £wLåĒ¤·vĈ 

zĊü ā¹v¹wăć ERA5 ā¹v¹ ÿwăć ù¿ĊþĈ ý Ăí ¹½v¹ ¹Ā«ÿLĊ¿w 

¹½v¹ ±ĒLÍv Ăz.  ĉLîĈ  Èõw¯ ¿vwLăć  öLÍvĈ   ¿v ā¹wæ¤LÅv ½¹

ā¹v¹wăć  ā½vĀăwùvćI  ýĀòúăwýĈ  ýwîùĈ  ýwù¿ ÿĈ ā¹v¹¢LÅv wă 

ĂÞõwÖù ½¹vć  ýĀòúăwLý ĂLí ºý¹v¹ ûwÊýĈ  ýwLîùĈ  ā¹v¹wLăć 

ā½vĀăwùvć  ùĈºývĀ£  wLăwÖ· ĂLz ¾L¬þùć  Ą«ĀL£ ôLzwéĈ   ½¹



                                                                                                              ¿v ā¹wæ¤Åvĉñ¹w Ċ¾ć ÉwùĊü  v¾zć  ú¸£ ¹Ā{ĄzĊü  Ç½wz ))) 

 

 Ăö¬ù ÈăÿÂ~ ćwă øĊöév ¾ĊĊâ£ ÿ ĈõwÆîÊ· 
 

 āÂĉÿ I÷ĀÅ ā½ÿ¹ IĂùwýûw¤Æù¿ ,/+/ Ë I01(.2 

/. 

ú¸£Ċü  ¹ĀÉ Ç½wz$Kidd et al., 2017 )#v¾zwþzĉIü ýLĊ¿w  ĂLz

Çÿ½wLLăĈĉ ¾LLzvć v ÈăwLLíLLĉü ýĀòúăwLLýĈ ¹½v¹ ¹ĀLL«ÿ. 

Çÿ½wăć  æö¤¸ùĈ  v¾zć  ā¹v¹ ¢Lé¹ ¹Ā{ĄzwLăć  ā½vĀăwLùvć 

 ~Ċ¹wĄþLLÊ ¢LLÅv āºLLÉ $Chen et al., 2018 )# ¿v ĂLLöú«

Çÿ½wLLăć LLĉñ¹wĊ¾ć LLÉwùĊüI Ăî{LLÉ ºLLþýwùwăć {LLÎÝĈ 

 ÝĀþÎùĈ  v¾Lzć  ā¹v¹ ¢Lé¹ ¹ĀL{ĄzwLăć  ā½vĀăwLù Ç½wLzvć 

w¤ý )ºý¹¾í ā¹wæ¤Åvĉª  vĉü  ¹v¹ ûwÊý ĂÞõwÖùºý  ¿v ā¹wæ¤Åv Ăí

Çÿ½wăć  ĉñ¹wĊ¾ć  ÉwùĊü  ùĈºývĀ£  ú¸£ ¢é¹Ċü   v½ Ç½wLz

ĂzĄ«Ā£ ôzwé ½ĀÕĈ vÀåvĉÈ ºă¹.   

vĉü  Å½¾z Ăz ĂõwêùĈ  Çÿ½wăć  ā¹v¹ ¢Éwòýwăć   Ç½wLz

 ā½vĀăwLLùERA5 ā¹v¹ ĂLLzwLLăć ù¿ĊLLþĈ  ûwLLÊý ÿ ĂLL¤·v¹¾~

ùĈă¹º  Çÿ½ ¿v ā¹wæ¤Åv ĂíwLăć  í¾£ĊL{Ĉ  ùĈºLývĀ£   ¢Lé¹

ú¸£Ċü  vÀåv v½ Ç½wzĉÈ  )ºLă¹   óºLù ìLĉ IĂLõwêù üLĉv ½¹

Ĉù ĂLtv½v Ç½wLz üĊLú¸£ ¹ĀL{Ąz ćv¾z Ĉ{Ċí¾£ ¿v ĂLí ¹ĀLÉ

ā¹v¹ćwLLă ERA5 āwò¤LLÆĉv ÿĂLLz ĈLLþĊù¿ ćwă āv¾LLúă

ø¤ĉ½ĀòõvĈù ā¾LLĄz üĊLLÉwù ć¾Ċñ¹wLLĉ ćwLLă¹¾LLz.  ÿ äLLĉ¾Þ£

ĈñÂĉÿ ¿v ā¹wæ¤Åv  ½¹ ĈL{Ċí¾£ ćwăLÅ¾ñ½ĊĀûwă äLö¤¸ù ć

äLĉ¾Þ£ ãvºLăv ćwLÑ½v ćv¾Lz èLĊê´£ üLĉv ć½ÿjĀLý IāºLÉ

Ĉù  )ºÉwzãvºăv  vĉü  5¢Åv ¹½Āù ĂÅ ÈăÿÂ~ 

¶ ¿½vĉzwĈ    Ç½wz  ¹½ÿj¾z  ¢é¹ERA5    ¾zv¾z  ½¹

ā¿vºývñĊ¾ ćwă ć ù¿ĊþĈ wz½»j ½¹ĉûw¬ z¾áĈ ) 

¶ ĂÞÅĀ£  ¿½v ÿĉzwĈ  Å¾ñ½ĊĀ ûwăć  SVM    ÿMLP  

v¾zć  ¢é¹ ¹Ā{Ąz üĊú¸£ Ç½wzERA5 ) 

¶ wêùĉĂÆ  v ¹¾îöúÝĉü  óºùwăć  ĉñ¹wĊ¾ć  ÉwùĊþĈ    wz

 ûÿ½¹ Çÿ½ĉ zwĈ ¤þÅĈ  )¹¾ É 

 ć¾Úý Ĉýw{ù 

Ăî{É  {ÎÝĈ  MLP  ĉLîĈ  Ăî{LÉ ÛvĀLýv ¿vwăć  {LÎÝĈ 

 ÝĀþÎùĈ  ºþ¯ ¿v Ăí ¢Åvĉü  đĉĂ îÊ£ ûÿ½ĀýĊô  5¢Åv āºÉ

đĉĂ  ¹ÿ½ÿćI  đĉĂwăć  đ ÿ IûwĄþ~ĉĂ  «ÿ¾·Ĉv )Lĉü   ½w¤·wLÅ

ĂöÆöÅ{£v¾ùĈ  ù ûwîùv Ăî{É ĂzĈºă¹  wăĀòõv w£ć   ~Ċ°Ċāº   ÿ

 áĊÖ·¾Ĉ  ā¹v¹ ½¹ v½  wLăLĉ¹w  òzLĊ ½¹ )¹¾Lĉì  Ăî{LÉMLP I

ā¹v¹đ ¿v wăĉĂ  ¹ÿ½ÿć  đ ½¹ IāºÉ ¹½vÿĉĂwăć  Ç¿v¹¾~ ûwĄþ~

ùĈIºýĀÉ  wĄý ½¹ ÿĉ¢   ~ĊÈzĊLþĈ  ù ºLþýwù$LĊûvÀ   ¿v #Ç½wLz

đĉĂ  «ÿ¾·Ĉ  õĀ£Ċº ùĈ¹ĀÉ ¿v ā¹wæ¤LÅv wLz ûÿ½ĀLý ¾ă )Lĉì 

ówÞå Üzw£¿wÅć  Å ºþýwù$ĊĀúòĊĉº  Lĉw  ReLU¹ÿ½ÿ I#ćwLăć 

û¿ÿ«ÿ¾· Ăz v½ ¹Ā· ½v¹Ĉ  º{£ĉô  ùĈºþíj¾å )ĉºþ  ĉñ¹wĊ¾ć 

  ½¹MLP  ¾Õ ¿vĉè ½Āòõvĉø¤wLăĈĉ Ä~ ºLþýwù½wLÊ¤ýv,  wLÖ·

ù ÷w¬ývĈ¹ĀÉ  û¿ÿ Ăíwăć  z ¡đwÎ£vĊü  ûÿ½ĀýLÚþ£ v½ wăĊø 

ùĈºþí  wÖ· w£ć   ~ĊÈzĊþĈ    Èăwíĉºzw)  ½¹  ú¸£Ċü  IÇ½wLz

{ÎÝ Ăî{ÉĈ MLP ùĈºývĀ£ ā¹v¹ ¿vwăć LÅwþÉvĀăĈ  ºLþýwù

ĂLLz ¹wLLz ¢Ý¾LLÅ ÿ IvĀLLă ½wLLÊå I¢LLzĀÕ½ IwLLù¹¹ÿ½ÿ ûvĀþÝć 

ù ÿ ºþí ā¹wæ¤ÅvĊûvÀ  Ăz v½ Ç½wz«ÿ¾· ûvĀþÝĈ   ~ĊÈzĊLþĈ 

 )ºLLþíĉLLîĈ vÀù ¿vLLĉwć öíLLĊºć vLLĉü wLLývĀ£ IÇÿ½Ĉĉ  ½¹ ûj

ºLLùĉ¾ĉ¢ ā¹v¹wLLăć v½v¹ć  ½¹ ĂLLí ¢LLÅv ÌéwLLý ÿ ĂLLåĀý

ÉvĀăÅwþĈ  Ăzõ¹Ċô  wăwÖ·ć  ā¿vºývñĊ¾ć  ĉw  ¹ÿºL´ùĉ¢wăć 

v½ wă½vÀzvĉª  āÿĒÝ )¢Åvv ¾LzLĉIü  MLP   ÔLzvÿ½ ¢LÅv ½¹wLé

 áĊÖ·¾Ĉ   ~Ċ°Ċāº  zĊü  â¤ùĊwă¾  óºù v½¿wÅć   ½¹ ĂLí IºLþí

º~ĉāºwăĈĉ  §mL£ ¢L´£ Ăí IÇ½wz ºþýwùĊ¾   ¹ºLÞ¤ù ¡ĒùwLÞ£

´ù ôùvĀÝĊÖĈ  LÆz I¹½v¹ ½v¾LéĊ½w  æùLĊº    )¢LÅvLÅ¾ñ½ĊûĀ 

ÉwùĊü  ¤Ê~ ½v¹¾zĊûw{  $SVM#  ĉì    Çÿ½ĉñ¹wĊ¾ć LÉwùĊü 

½Āu£ ÃwÅv ¾z Ăí ¢Åvć  ĉñ¹wĊ¾ć ½wLùjć  ĂÞLÅĀ£ĉĂL¤åw  ÿ

v¾zć  LÅ¾ñ½ ôtwÆùĊûĀ  Ăê{Õ ÿºLþzć  Lù ½wLí ĂLzĈ¹ÿ½ ½¹ )

Å¾ñ½ ¢õw³ĊIûĀ  SVM  Ăz  ówL{ý¹Lĉü¤åw  ÞzwL£Ĉ   ĂLí ¢LÅv

ā¹v¹wăć  É¿ĀùjĈ  ¾¤úí wz v½ĉü   ~ wLÖ·ĊÈzĊLþĈ   ½¹ IºLþí

õw³Ĉ   ~ ¿v ĂíĊ°ĊñºĈ  zĊÈ  ñĀö« óºù º³ ¿vĊ¾ć  ùĈºLþí 

$Nouhani et al., 2024#) vLLĉü LLÉw³ ÷ĀLLĄæù ¿v Çÿ½ĊĂ 

ù ā¹wæ¤ÅvĈºþí  ÞÅ ÿĈ  z ĂöÍwå ¹½v¹Ċü  ā¹v¹ Ă´æÍ ¾zv ÿ wă

úÎ£Ċø  v Ăí Iºþí ¾¨ívº³ v½ĉü özwé ¹Ā{Ąz Ăz ¾ùvĊ¢ LúÞ£Ċø 

ù ìúí óºùĈºþí  )SVM  Lþ°úăĊü   ÜLzvĀ£ ¿v ā¹wæ¤LÅv wLz

LLý¾í ºLLþýwù$ ôLLý¾íô LLÅÿwñĈ LLĉw RBFù I#ĈºLLývĀ£  ÔLLzvÿ½

 áĊÖ·¾Ĉ zĊü â¤ùĊwă¾  óºù v½¿wÅć  )ºþí 

½¹ ú¸£Ċü  IÇ½wzSVM ā¹v¹ ¿vwăć ½wL£ç̂Ĉ  ÿ Ç½wLz

â¤ùĊwă¾ć  ÅwþÉvĀăĈ  v¾zć  vĉ¹w¬  õºùĈ  ù ā¹wæ¤ÅvĈºþí  Ăí 

__________________________________

_________________________ 
1 Backpropagation 
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j Ç½wz ºývĀ¤zĉāºþ   ~ v½ĊÈzĊþĈ    )ºLþíĉLîĈ  ÿ ¿vĉñÂĈwLăć 

  Ă¤Æ«¾zSVMwývĀ£ IĈĉ  ºù ½¹ ûjĉ¾ĉ¢  ā¹v¹wLăć   ¹wLÞzv wLz

¹½vĀù ½¹ Ăí I¢Åv đwzć  ÿ ¹vºÞ£ ĂíĉñÂĈwăć  ¹ÿ½ÿć  ¿Lĉ¹w 

Éwzº  ā¹v¹ ºþýwù$wăć  ÅwþÉvĀăĈLÆz I#Ċ½w  ¹¾z½wLíć   )¢LÅv

vLLĉü  ¾LLzv¾z ½¹ Çÿ½ ºLL³ ¿v ÈĊLLz ć¾Ċñ¹wLLĉ I¢LLÅv ÷ÿwLLêù

Ăzýwù¿ ËĀÎ·Ĉ  ĂLýĀúý ¹vºLÞ£ ĂLíwăć  LÉ¿ĀùjĈ   ¹ÿºL´ù

ÅwþÉvĀă ¡wÞõwÖù ½¹ Ăí IºÉwzĈI  w«Ĉĉ  ā¹v¹ Ăíwăć  é¹Ċè 

úăĊĂLLÊ ý Ã¾¤LLÅ¹ ½¹ĊIºþ¤LLÆ ÀùLLĉ¢ LLñ½ÀzĈ  xĀLLÆ´ù

ùĈ¹ĀÉ) 

Çÿ½ ÿ ¹vĀùwă 

Ĉù ĈLÖ·¾Ċá ûĀĊÅ¾ñ½ ÷w¬ýv ćv¾zóºLù ¿v ûvĀL£ ćwă

óºù ĂLLz ½¹wLLé ĂLLí ¹¾LLí ā¹wæ¤LLÅv ĈLLæö¤¸ù ÔLLzvÿ½ ć¿wLLÅ

āºLLĊ°Ċ~ĈñÂĉÿ üĊLLz ĈLLÖ·¾Ċá ÿ ¾£ Ă¤LLÆzvÿ ¾LLĊâ¤ù ÿ wLLă

ûw{Ċ¤Ê~ ½v¹¾z üĊÉwù ûĀĊÅ¾ñ½ )ºþ¤Æă I ¢·½¹ ûĀĊÅ¾ñ½

øĊúÎ£I  Ĉå¹wLÎ£ ôLòþ« óºLùI   ¢LĉĀê£ ¾Lz ĈLþ¤{ù Çÿ½

ûwLLĉ¹v¾ñ IóºLLù KNN ûĀĊLLÅ¾ñ½ ćv¾LLz  wLLz ûĀĊLLÅ¾ñ½ ÿ

Ăî{ÉĈ{ÎÝ ćwă    ĈÝĀþÎùÇÿ½ ¿v Ĉ·¾z ûĀĊLÅ¾ñ½ ćwLă

 ĈLLÖ·¾Ċáºþ¤LLÆă $Modaresi et al., 2018)#  ćv¾LLz

óºLLùā¹wLLÅ ćwăā¹v¹ ĂLLLí ĈýwLLù¿ ÿ ¾£ĂLLz wLLă ¡½ĀLLLÍ

ĂöÆöÅāÿ¾ñ wĉ Ĉ{£v¾ù wLĉ øĊúÎ£ ¢·½¹ Iºþ¤Æă āºÉ ćºþz

¢Åv yÅwþù Ĉå¹wÎ£ ôòþ«J    Ĉõÿā¹v¹ ćv¾zāºĊ°Ċ~ ćwă ¾£

 Iºþ¤LÆă āºLĊ°Ċ~ ½wĊLÆz ĈLÖ·¾Ċá ¡wLÕw{£½v Ăí Ĉýwù¿ ÿ

óºù¾z Ĉþ¤{ù ćwă  ûwLĉ¹v¾ñ ¢LĉĀê£  ISVR  Ăî{LÉ wLĉ ćwă

Ĉù ĈÝĀþÎù Ĉ{ÎÝºþÉwz Ă¤Év¹ ć¾¤ÊĊz Ĉĉv½wí ºþývĀ£. 

 ÿ ûw{Ċ¤LÊ~ ½v¹¾Lz üĊLÉwù Çÿ½ ÿ¹ ¿v èLĊê´£ üĉv ½¹

 āºLÉ ā¹wæ¤LÅv ªĉwL¤ý ¹ĀL{Ąz ćv¾Lz ĈÝĀþÎù Ĉ{ÎÝ Ăî{É

)¢Åv øă yĉ¾ÑĈò¤Æz, (CC)   ûwÊýāºþă¹  ÓwL{£½v ûvÀĊù

ā¹v¹ üĊLLz ĈLLÖ·Ç½wLLz ćwLLă ERA5 ā¹v¹ ÿ Ç½wLLz ćwLLă

āºăwÊù¢Åv āºÉ  )v¾Ñ Ă{Åw´ù wzĉy  øăò¤LÆzĈ  $ üLĉv ½¹

__________________________________

_________________________ 
1 Correlation Coefficient 

èĊê´£øă Iò¤ÆzĈ   ~ĊûĀÅ¾ā¹v¹ #wăāºÉ ¢Éwòý ć  ERA5 

  wzā¹v¹āwò¤Æĉv ĈÞévÿ ćwă  IĈÅwþÉvĀă ćwăùĊûvÀ   ¢LêzwÖù

ñ ā¿vºLýv ā¹v¹ ĂÝĀú¬ù ÿ¹LĊ¾ć Ĉù¹ĀLÉ) Þù ¿vLĊ½w  ćwLÖ·

¡wLÞz¾ù üĊòýwLĊù ½¼«-  $RMSE#    ÿÞùLĊ½w   ½¼L« ćwLÖ·

¡wLÞz¾ù üĊòýwĊù  āºLÉ ówLù¾ý.  (NRMSE)  v¾Lzć  Þ£ĊLĊü 

úíLLĊ¢ LLz ¡ÿwLLæ£Ċü wLLă¹½ÿj¾zć ERA5 ÿ ÈLLý ½wLLĊÞù(

äĊöî£wLLÅ/ (NSE)  ćv¾LLz¿½vLLĉzwĈ ¢LLé¹ vā¿vºLLýñĊ¾ćwăć 

ÞévÿĈ    ā¹wæ¤Åv¢Åv āºÉ¹wêù )ĉ¾    ¾£đwLzNSE  ûwLÊý āºþă¹

¹wêù ÿ ¢Åv óºù ¾¤Ąz ¹¾îöúÝĉ¾  ¹Àýĉì    Ăz, ôùwí èzwÖ£ I

ù ûwÊý v½Ĉºă¹. 

 ĂÞõwÖù ¹½Āù ĂêÖþù 

ĂêÖþù  ĂÞõwÖù ¹½ĀùI  āwò¤LÆĉv ûw¤LÅv ĈLÅwþÉvĀă ćwă

ûw¬ĉwz½»j  z¾á  Ĉ¢Åv)  vĉü  z ĂêÖþùĊü  åv¾â« óĀÕĊwĈĉ  // 

  w£ Ă«½¹/2  é¾LÉ Ă«½¹Ĉ  åv¾â« Ï¾LÝ ÿLĊwĈĉ  .1    wL£/+ 

  ôîÉ wz èzwÖù ĈõwúÉ Ă«½¹,  I)¢LÅv āºLÉ ÜLévÿ   ¾LÚý ¿v

 ÛwLLæ£½v ¿v ĈÝwLLæ£½v ÛĀLLþ£ ćv½v¹ IĈåv¾ñĀLL~Ā£ /*,,+.   wLL£

0*,333  Ĉù ¾¤ùwz)ºÉ 

½¹ vLLĉü ā¹v¹ IĂLLÞõwÖùwLLăć ā½vĀăwLLù Ç½wLLz ERA5  ÿ

ā¹v¹wLLLăć ā¿vºLLLýv Ç½wLLLzñĊ¾ć v ½¹ āºLLLÉĉāwò¤LLLÆwăć 

LLÅwþÉvĀă Ĉ<ͻùÿ½vLLĊĂͻI ͻĀþLLÉvĉĂͻI ͻûwLLíĀzͻI ͻ ~Ċ¾ĄLLÊýv¾ͻI 

ͻxwLLî£ͻI ͻûv½ºLLõw¯ͻI ͻĀLL·ćͻI ͻ¢LLÉ¹¾ÅͻI ͻÃwúöLLÅͻI 

ͻăwÉĊÁºþͻI  ͻw¯ĉā½w ͻI  ͻ¾ĄíĉÀͻI  ͻĀíwùͻI  ͻ¹wzwĄùͻI  ͻùĊxjÿºýwͻ 

  ÿͻāºêýͻ;  v¾zć  ĉì    ā½ÿ¹,/    ówÅ ¿v ĂõwÅ-+,+    w£-+-. I

  ĈLz¾á ûwL¬ĉwz½»j ûw¤Åv ĈÅwþÉvĀă ûwù¿wÅ ¿vÜLú«½ÿjć 

ºÉ¢Åv ā) ā¹v¹wăć ERA5 ýwLù¿ üLÉĀõÿ¿½ wzĈ ¤ÝwLÅĈ  ÿ

ýwLLîù üLLÉĀõÿ¿½Ĉ -0*+ ºþ¤LLÆă Ã¾¤LLÅ¹ ½¹ ĂLL«½¹  ĂLLí

ā¹v¹ Ăz Ĉýwù¿ üÉĀõÿ¿½ ÜLĊú¬£ Ç½wLz Ăýwăwù ÿ Ăýv¿ÿ½ ćwă

ā¹v¹ wz w£ ºÉāwò¤Æĉv ćwă¹ĀÉ ÃwĊêù øă ĈÅwþÉvĀă ćwă) 

 

__________________________________

_________________________ 
2 Root Mean Squared Error 
3 Normalized RMSE  
4 Nash-Sutcliffe Efficiency 
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 ôîÉ,) āwò¤Æĉv Ĉñºþív¾~ ½¹ ĂÞõwÖù ¹½Āù ĈÅwþÉvĀă ćwăûw¬ĉwz½»j ûw¤Åv z¾áĈ 

Fig 1. Distribution of studied meteorological stations in West Azerbaijan Province 

  )wÒå ±ĀÑÿĈĉ    ā¹v¹ ĂÝĀú¬ù ÿ¹ ¾ăºĉwz  ¿v¾L£ºLÉwz ¿v )

w¬ýjĈĉ  ā¹v¹ Ăíwăć  ERA5  yõwé ½¹ yLöávwLăć  Ăî{LÉvć 

ù Ătv½vĈIºýĀÉ  ā¹v¹ ¾ñvwăć  ê³ĊêĈ  ù¿ĊþĈ  þ¤{ùĈ   ĂLÖêý ¾z

  ¿v$ĉì  vĉāwò¤Æ  ÅwþÉvĀăĈ  #ºÉwzwz Iĉº  ā¹v¹wLăć  ERA5  v½

åv¾â« ĂêÖþù ûwúă ½¹ĊwĈĉ  Ăz  ½ĀÕùĊòýwĊü    Ă{Åw´ùā¹¾Lí 

ĉw  ¿v  Çÿ½ćwă  ýÿ½¹ĊzwĈ  v¾zć  ¹wLêù ©v¾¸¤Åvĉ¾ć   Ăî{LÉ ¿v

ERA5 ÞéĀù wLLz ĂLLíLLĊ¢ vĉāwò¤LLÆ ù¿ĊLLþĈ  I¹½v¹ ¢LLêzwÖù

 ā¹wæ¤Åv$ ¹¹¾ñMianabadi et al., 2024#) v¾zć  û¹¾í ¿v¾£

ā¹v¹ ĂĊõÿv  ¿v ĂLÞõwÖù ¹½ĀLù ā¹ÿº´ù ćwă  ûÿ½¹ Çÿ½LĉzwĈ 

v¾LLz ¹¾ LLÉć ýÿ½¹LLĊzwĈ üĊLLú¸£ ¹wLLêùĉ¾ ñºLLý½wzĈ ½¹ 

vĉāwò¤LLÆwăć ĈLLÅwþÉvĀă  ĂLLýwñvº«ā¹wæ¤LLÅv ºLLÉ )¢LLÅv ā

ĉ ¹¾ É ĈzwĊýÿ½¹ì  Çÿ½  ýÿ½¹LĊzwĈ û¿ÿ wLzLă¹Ĉ  ÃĀLîÞù

ĂöÍwå,    ½vºêù ûj ½¹ Ăí ¢Åvĉì   ÃwLÅv ¾Lz óĀĄ¬ù ĂÖêý

û¿ÿ wLz ÿ Èåv¾Õv ÷ĀöÞù ÓwêýLă¹Ĉ   wLĄýj ĂöLÍwå ÃĀLîÞù

ù Ă{Åw´ùĈ¹ĀÉ  $Iacono et al., 2008)# 

 ¿v ºLLÞzêù û¹¾LLí ¿v¾LL£LLĊÃwćwLLă ýwLLù¿Ĉ ýwLLîù ÿĈ  wLLz

ýÿ½¹ĊzwĈ  ºÞzÿ¹ć  ¹¾ É ÿ ĈLþĊù¿ È¬þLÅ ā¹v¹ āÿ¾Lñ ÿ¹ I

ā½vĀăwù üĊú¸£ ĈLÅwþÉvĀă āwò¤Æĉv ¾ă ½¹ Ç½wz ûvÀĊù ćv

ā¿wz ćv¾z I¢LÆ¸ý ÷wLñ ½¹ )¹½v¹ ¹ĀL«ÿ äö¤¸ù Ĉýwù¿ ćwă

øLă yĉ¾LÑûvÀLĊù ÿ Ĉò¤LÆz RMSE, NRMSE  ÿNSE I

__________________________________

_________________________ 
1 Inverse distance weighting (IDW) 
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ā¹v¹ā½vĀăwù üĊú¸£ ÿ ĈþĊù¿ È¬þÅ ćwă Ç½wLz ûvÀĊù ćv

āwò¤LÆĉv ĈùwLú£ ½¹ āºLÉ ÜĊú¬£ûwLù¿ ÿ wă äLö¤¸ù ćwLă

Ĉù Ă{LLÅw´ù ć¾Ċñ¹wLLĉ Çÿ½ ÿ¹ ¿v IćºLLÞz ÷wLLñ ½¹ )¹ĀLLÉ

Ăî{É ÿ ûw{Ċ¤Ê~ ½v¹¾z üĊÉwù ćv¾Lz ĈÝĀþLÎù Ĉ{ÎÝ ćwă

Ĉù ā¹wæ¤LLLÅv ¹¾ LLLÉ ĈzwLLLĊýÿ½¹ ¹ĀLLL{Ąz ć¹ÿ½ÿ )¹ĀLLLÉ

ø¤ĉ½Āòõv  ¿v ĈL{Ċí¾£ ôùwÉ üĊÉwù ć¾Ċñ¹wĉ ćwă1   ĈLñÂĉÿ

  óÿº«,  Ĉù¢Lõw³ üĊLz ¿v Ăí ºÉwz äLö¤¸ù ćwLă0  v¾L«v

ĂLz ªĉwL¤ý )¢LÅv āºÉ Ç½vÀñ ªĉw¤ý ÿ āºÉ xw¸¤ýv ¡½ĀLÍ

ā¹v¹ ćv¾z vÀ¬ù  ĂLýv¿ÿ½ ÿ Ç½wLz ĂLýwăwù ćwă¿v ā¹wæ¤LÅv wLz 

Çÿ½ ôzwê¤ù Ĉ¬þÅ½w{¤Ýv  I)¢Åv āºÉ Ç½vÀñ ÿ È¬þÅ 

 óÿº«,) ĈñÂĉÿóºù ½¹ ā¹wæ¤Åv ¹½Āù ćwăüĊÉwù ć¾Ċñ¹wĉ ćwă 

Table 1. Features used in machine learning models 
ĈñÂĉÿ ÷wý 

Feature 
Name 

ĈñÂĉÿ ć¹ÿ½ÿ ćwă 

Input Features 

ĈñÂĉÿ ÷wý 

Feature 
Name 

ĈñÂĉÿ ć¹ÿ½ÿ ćwă 

Input Features 

CP 

 ā½vĀăwù üĊú¸£ ½vºêù ć½w« āwù * ¿ÿ½ ćv 

Satellite estimate value for the current 

day/month 

LA 
ĈĉwĊåv¾â« Ï¾Ý 

latitude 

SA 
 ĈÅwþÉvĀă āwò¤Æĉv Ûwæ£½v 

station elevation 
PE 

 ā½vĀăwù üĊú¸£ ½vºêùô{é āwù * ¿ÿ½ ćv 

Satellite estimate value for the previous 

day/month 

LO 
 ĈĉwĊåv¾â« óĀÕ 

Longitude 
NE 

 ā½vĀăwù üĊú¸£ ½vºêù ºÞz āwù * ¿ÿ½ ćv 

Satellite estimate value for the next 

day/month 

    

w¤ýĉ ª 

  ¿v ôÍw³ ªĉw¤ý,+  ā¹v¹ ćÿ½ ¾Lz ¡ÿwLæ¤ù ćv¾«v ćwLă

ć¹ÿ½ÿ wz Ăýwăwù ÿ Ăýv¿ÿ½  óÿvº« ½¹ äö¤¸ù ćwă-    ĈLõv,, 

  wLz ĂLí ûĀ¤Å ¾ă )¢Åv āºÉ ā¹½ÿjFold   āºLÉ ā¹v¹ ûwLÊý

  wz v¾«v ìĉ ¾òýwĊz ¢Åv4+  ā¹v¹ ºÍ½¹  ÿ ĈLÉ¿Āùj ćwă,+ 

ā¹v¹ ºÍ½¹Ĉù ĈÊĉwù¿j ćwă üĊòýwLĊù ¾L·j ûĀ¤LÅ )ºLÉwz

  ÷wú£,+   ½Āí¼Lù óÿvºL« ¾ÖLÅ ¾Lă )¢Æă ¡ÿwæ¤ù ćv¾«v

 Çÿ½ ĂLÅ ÃwÅv ¾z äö¤¸ù Ĉzwĉ¿½v ćwă½wĊÞù āºþă¹ ûwÊý

1Raw Shepard I2SVR  ÿ3MLPregressor  )¢LÅvRaw 

Shepard  w~ óºùĉĂ  ýÿ½¹ ¿v Ôêå Ăí ¢ÅvĊzwĈ  ýwîùĈ   ā¹wLÅ

ÿ½ #¹¾ LLÉ$ć ā¹v¹wLLăć ERA5 ù ā¹wæ¤LLÅvĈºLLþí LLă ÿĊ® 

ĉñ¹wĊ¾ć  ÉwùĊþĈ  v )¢Åv āºÊý ÷w¬ýv ûj ½¹ĉü  Þù óºùLĊ½w 

__________________________________

_________________________ 
1 ā¹v¹ ¾z Ĉþ¤{ù Çÿ½  ĈzwĊýÿ½¹ Çÿ½ ¿v ā¹wæ¤Åv wz āºÉ ĈzwĊýÿ½¹ ćwă

 ĈåwÑv Ç¿v¹¾~ ûÿºz ¹¾ É 
2  ûw{Ċ¤Ê~ ½v¹¾z ûĀĊÅ¾ñ½ ¿v ā¹wæ¤Åv wz ¹¾ É ªĉw¤ý ¹Ā{Ąz Çÿ½ 
3 Ăî{É ûĀĊÅ¾ñ½ ¿v ā¹wæ¤Åv wz ¹¾ É ªĉw¤ý ¹Ā{Ąz Çÿ½  Ĉ{ÎÝ  ćwă

 ĈÝĀþÎù 

wêùĉĂÆ  v¾zć  Çÿ½ ¿v ôLÍw³ ¹ĀL{Ąz È¬þÅwLăć  SVR   ÿ

MLPregressor  )¢Åv  Ăz ć¾Ċñ¹wLĉ ¿v ā¹wæ¤LÅv ÷ºLÝ ôĊõ¹

 ½vºLLLêù IäLLLö¤¸ù ćwLLLă¾¤ùv½w~ ćv¾LLLz üĊLLLÉwùRMSEI 

NRMSE INSE  ÿCC  ¾ÖLÅ Ăz ÓĀz¾ùRaw Shepard  ½¹

óÿº« Ĉùwú£Ĉù ¢zw§ ÿ ûwÆîĉ wă)ºÉwz 

óºùć¹ÿ½ÿ ĈñÂĉÿ ìĉ wz ć¾Ċñ¹wĉ ćwă 

ā½vĀăwù üĊú¸£ ½vºêù ¿v Ôêå óºù üĉv ½¹¿ÿ½ ćv  * āwLù

  ć½w«(CP)   ½vºLêù óºLù üĉv ½¹ ĈþÞĉ )¢Åv āºÉ ā¹wæ¤Åv

ā½vĀăwù üĊú¸£ ĂLz ¹¾ É ĈzwĊýÿ½¹ ÔÅĀ£ āºÉ Ă{Åw´ù ćv

Ĉù ā¹v¹ óºùā¹v¹ wz yÅwþ¤ù āºÉ ±ĒÍv ½vºêù ÿ ¹ĀÉ ćwă

Ăz ĈÉ¿ĀùjĈù āºýv¹¾ñ¾z Ĉ«ÿ¾· ûvĀþÝ  )¹ĀÉ 

 óÿºLL« ½¹- IMLPregressor  wLLzRMSE ÔLLÅĀ¤ù 

mm0-*.    ÿNSE   ÔÅĀ¤ù,1*+ ¾¤Ązĉü  ÿ ¹½v¹ v½ ¹¾LîöúÝ

w~ óºù Ăz ¢{ÆýĉĂ  ù ûwÊý ¹Ā{ĄzĈºă¹) 
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óÿº« -) ā¹v¹ ôĊö´£ ªĉw¤ýć¹ÿ½ÿ ¾¤ùv½w~ ìĉ wz Ç½wz Ăýv¿ÿ½ ćwă (CP) 

Table 2. Results of daily data analysis with one input parameter (CP) 

Model Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Fold 7 Fold 8 Fold 9 Fold 10 average 

RMSE: Raw Shepard (mm) 4.03 3.92 3.95 4.18 4.18 3.91 4.12 3.98 3.91 4.20 4.04 

RMSE: SVR (mm) 3.76 3.69 3.61 3.90 3.85 3.63 3.72 3.54 3.66 3.73 3.71 

RMSE: MLPregressor (mm) 3.98 3.42 3.34 3.68 3.60 3.40 3.55 3.33 3.39 3.54 3.52 

CC: Raw Shepard 0.47 0.46 0.43 0.40 0.37 0.46 0.44 0.38 0.45 0.37 0.42 

CC: SVR 0.43 0.40 0.33 0.34 0.25 0.41 0.43 0.31 0.35 0.30 0.35 

CC: MLPregressor -0.26 0.46 0.44 0.41 0.38 0.46 0.44 0.39 0.46 0.38 0.36 

NRMSE: Raw Shepard 0.06 0.05 0.05 0.06 0.06 0.05 0.06 0.06 0.05 0.06 0.06 

NRMSE: SVR 0.07 0.06 0.06 0.07 0.07 0.06 0.07 0.06 0.06 0.07 0.07 

NRMSE: MLPregressor 0.07 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06 

NSE: Raw Shepard -0.14 -0.14 -0.17 -0.40 -0.42 -0.12 -0.19 -0.30 -0.16 -0.34 -0.24 

NSE: SVR 0.10 0.09 0.06 0.06 0.02 0.10 0.11 0.04 0.07 0.04 0.07 

NSE: MLPregressor 0.00 0.21 0.19 0.17 0.14 0.21 0.19 0.15 0.20 0.14 0.16 

 

óÿº« .) ā¹v¹ ôĊö´£ ªĉw¤ýć¹ÿ½ÿ ¾¤ùv½w~ ìĉ wz Ç½wz Ăýwăwù ćwă (CP) 

Table 3. Results of monthly data analysis with one input parameter (CP) 

Model Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Fold 7 Fold 8 Fold 9 Fold 10 average 

RMSE: Raw Shepard (mm) 28.22 26.24 27.32 26.06 33.19 31.31 28.45 28.52 33.73 23.99 28.70 

RMSE: SVR (mm) 21.37 25.38 23.72 20.06 24.26 26.81 22.52 34.04 30.89 18.85 24.79 

RMSE: MLPregressor (mm) 22.37 23.23 22.81 18.99 24.57 25.93 20.93 52.18 28.23 19.40 25.86 

CC: Raw Shepard 0.73 0.84 0.77 0.79 0.74 0.74 0.76 0.83 0.76 0.82 0.78 

CC: SVR 0.76 0.79 0.75 0.78 0.75 0.73 0.75 0.70 0.71 0.83 0.75 

CC: MLPregressor 0.73 0.83 0.77 0.79 0.74 0.74 0.76 0.00 0.76 0.81 0.69 

NRMSE: Raw Shepard 0.15 0.14 0.15 0.14 0.18 0.17 0.15 0.15 0.18 0.13 0.15 

NRMSE: SVR 0.10 0.12 0.11 0.10 0.12 0.13 0.11 0.16 0.15 0.09 0.12 

NRMSE: MLPregressor 0.11 0.11 0.11 0.09 0.12 0.13 0.10 0.25 0.14 0.09 0.13 

NSE: Raw Shepard 0.42 0.61 0.45 0.53 0.42 0.45 0.49 0.60 0.47 0.56 0.50 

NSE: SVR 0.56 0.61 0.56 0.58 0.55 0.52 0.49 0.47 0.50 0.68 0.55 

NSE: MLPregressor 0.52 0.67 0.60 0.62 0.54 0.55 0.56 -0.25 0.58 0.66 0.51 

            

v wzĉ ü    Iów³CC  w~Ċĉ ü    ÿNSE  æþùĈ  ĉ w  ¹Àýĉ ì    ¾æÍ Ăz

ù ûwÊýĈ ºă¹   Æz Ăýv¿ÿ½ ā¹v¹ ĂíĊ½w    ¾~ĂåĀý   á ÿĊÞÖé¾ Ĉ  

¤³ ÿ ¢ÅvĈ  óºùwăć  üĊÉwù ć¾Ċñ¹wĉ    wzĉì  ¹ÿ½ÿć    ½¹wé

Ăz  û¹¾í óºùwăĀòõv ôùwíć ý ûj Ċºþ¤Æ) 

ÞLLÑ ¹¾LLîöúÝĊä MLPregressor LL·¾z ½¹Ĉ Fold wLLă

 MĒ¨Lù$CC  wLLz ¾Lzv¾z-1*+(  ½¹Fold1w~wý ¿v ûwLÊý #LLĉ½vºć 

õÿvĊĂ  ā¹v¹ wz óºùwLăć )¹½v¹ øLí  ôLĊö´£ā¹v¹ćwLă  ĂLýwăwù

 óÿº«. Ĉù ûwÊý Ăí ºă¹SVR  wzRMSE ÔLÅĀ¤ù mm 

24*-/ ¾LL¤Ązĉü  ã¼LL³ wLLz ĂLLýwăwù ā¹v¹)¹½v¹ v½ ¹¾LLîöúÝ

ĂåĀýwăć  ¡wL{§wz IĂýv¿ÿ½Ö· ĂLÖzv½ ÿ ¢LÅv ¾£Ĉ¾L£ć  LzĊü 

ERA5  ù¿ ā¹v¹ ÿĊþĈ   Ăí ¢Åv ½v¾é¾zSVR ½¹ û¹¾Lí óºù 

èLLåĀù ûjù ôLLúÝ ¾£ĈºLLþí) MLPregressor  ½¹ Fold8 

Æz ¹¾îöúÝĊ½w  ÞÑĊæĈ  ĂLz Mđwú¤³v Ăí ¹½v¹õ¹LĊô   ć¾Ċñ¹wLĉ

º³ ¿v ÈĊz,  ÿ½ć  ā¹v¹wăć  É¿ĀùjĈ  v¾«v ûj ½¹  v )¢ÅvLĉü 

úăv ÛĀÑĀùLĊ¢  ù Ç½vÀLñLĊòýwĊü ºLþ¯ĉü  ûwLÊý v½ v¾L«v

ùĈºă¹)    û¹ÿÀåvÇÿ½üĊÉwù ć¾Ċñ¹wĉ ćwă  L¤³Ĉ    wLzLĉì 

ÿĉñÂĈ  ùĈºývĀ£  æùĊº   )¢Åv ¹ÿº´ù ûj ¹Ā{Ąz wùv IºÉwz 

óºù ć¹ÿ½ÿ ĈñÂĉÿ ÿ¹ wz ć¾Ċñ¹wĉ ćwă 

ā½vĀăwLLù üĊLLú¸£ ½vºLLêù ¿v óºLLù üLLĉv ½¹ āwLLù * ¿ÿ½ ćv

  ć½w«(CP)    ÿú¸£ ½vºêùĊü  ā½vĀăwùćv  ôL{é āwù*¿ÿ½  (PE) 

)¢Åv āºÉ ā¹wæ¤Åv  ôLĊö´£ĂLýv¿ÿ½ ā¹v¹  èzwLÖù óÿºL«/ I

Ĉù ûwÊý  ºă¹  óºù ÿ¹ ¾ăSVR    ÿMLPregressor  ĂLz ½ĀÕ

òúÊ¯Ċ¾ć    ¹Ā{ĄzĉĂ¤åwºýv  )RMSE    ¹ÿºL³ ĂLz ÿ¹ ¾ămm 

-*.   ÈăwíĉĂ¤åw   ÿCC    óºùSVR   Ăz0/*+ Å½Ċāº )¢Åv 

__________________________________

_________________________ 
1 Overfitting 
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 óÿº«/) ā¹v¹ ôĊö´£ ªĉw¤ý wz Ç½wz Ăýv¿ÿ½ ćwă- ć¹ÿ½ÿ ¾¤ùv½w~ (CP, PE) 

Table 4. Results of daily data analysis with 2 input parameters (CP, PE) 
Model Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Fold 7 Fold 8 Fold 9 Fold 10 average 

RMSE: Raw Shepard (mm) 4.03 3.92 3.95 4.18 4.18 3.91 4.12 3.98 3.91 4.20 4.04 

RMSE: SVR (mm) 3.29 3.36 3.13 3.37 3.33 3.31 3.44 3.10 3.12 3.24 3.27 

RMSE: MLPregressor (mm) 3.22 3.38 3.09 3.15 3.24 3.22 3.27 3.06 3.31 3.26 3.22 

CC: Raw Shepard 0.40 0.34 0.41 0.41 0.39 0.41 0.39 0.35 0.41 0.36 0.39 

CC: SVR 0.57 0.51 0.55 0.56 0.55 0.52 0.51 0.54 0.58 0.55 0.54 

CC: MLPregressor 0.44 0.41 0.45 0.44 0.43 0.45 0.43 0.41 0.44 0.41 0.43 

NRMSE: Raw Shepard 0.06 0.05 0.05 0.06 0.06 0.05 0.06 0.06 0.05 0.06 0.06 

NRMSE: SVR 0.06 0.06 0.05 0.06 0.06 0.06 0.06 0.05 0.05 0.06 0.06 

NRMSE: MLPregressor 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06 

NSE: Raw Shepard -0.13 -0.32 -0.12 -0.17 -0.25 -0.16 -0.18 -0.25 -0.20 -0.25 -0.20 

NSE: SVR 0.32 0.24 0.29 0.30 0.27 0.25 0.24 0.27 0.33 0.28 0.28 

NSE: MLPregressor 0.19 0.16 0.19 0.19 0.18 0.20 0.19 0.16 0.19 0.17 0.18 

            

vĉü  ù ûwÊýĈºă¹    ĂíõvĀ£Ĉ  ýwù¿Ĉ,  Lĉì  LÆz ôLùwÝĊ½w 

  ½¹ øĄùüĊú¸£  )¢LÅv ĂLýv¿ÿ½ Ç½wLz    ½¹ā¹v¹  ćwLă ĂLýwăwù

  óÿº«$0#  I  ¢õw³ Ăz ¢{Æý ¹Ā{Ązĉì  ÿĉñÂĈ   wùv ÃĀÆ´ù

)¢Åv Ăýv¿ÿ½ ā¹v¹ ¿v ¾¤úí    MLPregressor  ¾¤Ąz ¹¾îöúÝć 

$ ¹½v¹RMSE=23.54 mm, NSE=0.59v )#LLLĉü  ûwLLLÊý

ùĈºă¹  v¾zć  ā¹v¹wăć  ý ô{é āwù ¡wÝĒÕv IĂýwăwùLĊÀ  æùLĊº 

§m£ wùv ¢ÅvĊ¾ Þ£ Ăýv¿ÿ½ ā¹v¹ ā¿vºýv Ăz ûjĊĊüāºþþí ýĊ¢Æ) 

óºùć¹ÿ½ÿ ĈñÂĉÿ ĂÅ wz ć¾Ċñ¹wĉ ćwă 

ā½vĀăwLLù üĊLLú¸£ ½vºLLêù ¿v óºLLù üLLĉv ½¹ āwLLù * ¿ÿ½ ćv

  ć½w«(CP)  Iú¸£ ½vºêùĊü  ā½vĀăwùćv  ôL{é āwù * ¿ÿ½  (PE) 

ā½vĀăwLù üĊú¸£ ½vºêù ÿ  ºLÞz āwLù * ¿ÿ½ ćv(NE)   ā¹wæ¤LÅv

  )¢Åv āºÉvĉü  j ¡wLÝĒÕv ĂLz óºùĉāºLþ   #ºLÞz ¿ÿ½ * āwLù$

Å¾¤Å¹Ĉ  v )¹½v¹ĉü  ½wþÅĉĀ  zĊ¾¤LÊ  v¾Lzć  ā¹v¹ ±ĒLÍvwLăć 

)¹½v¹ ¹¾z½wí Ă¤É¼ñ  óºù üĉv ½¹  ćv¾z Iøă ć¿wÅā¹v¹ćwLă 

  óÿº«$ Ăýv¿ÿ½1#  IMLPregressor  wz  RMSE    ÔÅĀ¤ùmm 

4/*-  ÿCC  ÔLLÅĀ¤ù10*+¾LL£¾z Ić  ûwLLÊý v½ ¹ĀLL· ÜÕwLLé

ùĈºă¹) 

 MLPregressor  zĀ· ĂzĈ  j ¡wLÝĒÕv ¿v Ă¤ÆývĀ£ĉāºLþ 

v¾zć  wLăĀòõv ¾¤Ąz ë½¹ć  ĀL«ć  é¹ ±ĒLÍv ÿLĊè¾£   Ç½wLz

)ºþí ā¹wæ¤Åv 

__________________________________

_________________________ 
1 Temporal Sequence 

óºùć¹ÿ½ÿ ĈñÂĉÿ ½wĄ¯ wz ć¾Ċñ¹wĉ ćwă 

ā½vĀăwLLù üĊLLú¸£ ½vºLLêù ¿v óºLLù üLLĉv ½¹ āwLLù * ¿ÿ½ ćv

 ć½wLL«(CP) IÛwLLæ£½v vĉāwò¤LLÆ LLÅwþÉvĀăĈ (SA) IóĀLLÕ 

åv¾â«ĊwĈĉ  (LO)    ÿÏ¾Ý  åv¾â«Ċw  Ĉĉ(LA)  v āºLÉ ā¹wæ¤LÅ

)¢Åv  vĉü  ûwîù ¾z óºù-  ÿ )¹½v¹ ÀLí¾ú£ĉñÂĈwLăć  ýwLîùĈ 

åv¾â« Ï¾Ý ÿ óĀÕ IÛwæ£½v$ĊwĈĉāºLÉ ĂåwLÑv óºù Ăz #)ºýv 

  è{Õ  óÿº«3  I{Æý ¹Ā{ĄzĈ w~ óºLù Ăz ¢{ÆýLĉĂ  āºăwLÊù

ùĈ¹ĀÉ  v wùvĉü  zĀL· ĂLz ¹Ā{ĄzĈ  õvĀL£ ¿v ā¹wæ¤LÅv ¢Lõw³Ĉ 

ýwù¿Ĉ   óºù$-  ÿ. ÿĉñÂĈý #Ċ¢Æv )ĉü ù ûwÊýĈºă¹ v¾Lzć 

 ~ĊÈzĊþĈ    ½¹ĉì  ûwîù IËw· ¿ÿ½I  úĄù ôùwÝĈ   wLùv ¢LÅv

ā¹v¹  ćwă½w£ĉĂ°¸  ýwLù¿  ĈøĄù)¢LÅv ¾L£ Ç½wLz ôLĊö´£ ½¹ 

  óÿº«$ Ăýwăwù4#ĉ Iì  äÖÝ ĂÖêý  Ăz ¹½v¹ ¹Ā«ÿĂLí ćĀ´ý 

  óºù ÿ¹ ¾ăSVR    ÿMLPregressor  ĂzĄ«ĀL£ ôLzwé ½ĀÕĈ 

 ¹ĀLLLLLL{ĄzĉĂ¤åwºLLLLLLýv )MLPregressor  ĂLLLLLLzRMSE 

¢æòLLÉòývĊÀmm 31*-+  ÿCC  ¾LLzv¾z 3.*+  ¢LLÅ¹ĉĂLL¤åw 

v )¢Åvĉü  ù ûwÊýĈºLă¹  v¾Lzć  ùLĊòýwĊüñĊ¾ć  êù ½¹LĊÃw 

§mLL£ IĂLLýwăwùĊ¾ åv¾ñĀLL~Ā£Ĉ ÞéĀù ÿLLĊ¢ ýwLLîùĈ LLÉ ĂLLz¡º 

Þ£ĊĊüāºþþí  zĀL· Ăz óºù ÿ ¢ÅvĈ  vLĉü   á ĂLÖzv½ĊLÖ·¾Ĉ 

 ~Ċ°Ċāº    v½ĉ¹w    ºz ¹¾îöúÝ$ )¢Åv Ă¤å¾ñMLPregressor   ½¹

Fold9 Ăz Mđwú¤³võ¹Ċô ĉì   ā¹v¹¡¾~ )#¢Åv Ëw· 
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2 Geography 




