Water and Soil Management and Modeling %

University of Mohaghegh Ardabili

Online ISSN: 2783 - 2546

Monthly prediction of pan evaporation using individual and combined
approaches of data mining models in arid regions

Mojtaba Mohammadi'* ®, Hossein Jahantigh' ®, Farhad Zolfaghari'

! Assistant Professor, Department of Desert Management and Control, Faculty of Natural Resource, Higher Educational
Complex of Saravan,Saravan, Iran

Extended Abstract

Introduction
Evaporation, the process by which water molecules escape a surface after absorbing sufficient energy to

overcome vapor pressure, is a major contributor to water scarcity, especially in arid and semi-arid regions where
heat readily facilitates this escape. Accurately estimating evaporation losses is crucial for effective water
resource management, crop water demand prediction, and irrigation scheduling. Machine learning (ML) has
emerged as a powerful tool for tackling the complex and stochastic nature of environmental problems. ML
models excel at identifying relationships between predictor variables and outcomes (predictands), often
surpassing traditional methods. However, their performance can vary depending on input factors and climatic
conditions. Recently, hybrid techniques that combine multiple models have gained traction in climate and
hydrology studies. These techniques leverage the strengths of different approaches within a single algorithm,
potentially capturing more complex patterns in data series. This research will explore the potential of various
individual ML models and propose a novel hybrid approach for estimating pan evaporation in Sistan and
Baluchistan Province.

Materials and Methods
This study investigates pan evaporation simulation and prediction in Sistan and Baluchistan Province, Iran.

Synoptic station data (1980-2019) served as model inputs, while pan evaporation measurements from these
stations provided the observed values. In this research, in the approach of individual performance of data mining
models, eight data mining models were used to simulate and predict evaporation from the pan. In addition to the
individual performance approach, the combined VEDL approach was used to provide a hybrid model (a
combination of the mentioned eight individual models of deep learning). In this hybrid approach to regression
issues, the estimators of all models are averaged to obtain an estimate for a set called vote regressors (VRS).
There are two approaches to awarding votes: average voting (AV) and weighted voting (WV). In the case of AV,
the weights are equivalent and equall. A disadvantage of AV is that all of the models in the ensemble are
accepted as equally effective; however, this situation is very unlikely, especially if different machine learning
algorithms are used. WV specifies a weight coefficient for each ensemble member. The weight can be a floating-
point number between Zero and one, in which case the sum is equal to one, or an integer starting at one denoting
the number of votes given to the corresponding ensemble member. the weight of each model was selected based
on the accuracy of the model's performance using the evaluation criteria obtained from the training
implementation section of individual models.

Results and Discussion
The results showed that all the models had very good results in both the training and testing stages. All models

exhibited excellent performance during training and testing. The Artificial Neural Network (ANN) achieved the
highest accuracy in both phases at the Zahedan station (R2 = 0.89, RMSE = 45.95 in training; R2 = 0.96, RMSE =
44.18 in validation). It emerged as the best model for monthly pan evaporation prediction at this station. Other
models also performed well, with the Support Vector Machine (SVM) and Random Forest (RF) models
achieving R2 values of 0.89 and 0.88 in training, respectively. Notably, the BART model ranked second in
validation (R2 = 0.96). The Tree Model (TM) had the lowest accuracy (R? = 0.84 and 0.93 in training and
validation, respectively). Across all stations, ANN, SVM, and RF consistently delivered the best results in both
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training and testing. In the test phase, the SVM model outperformed others in Khash, Iranshahr, and Chabahar
stations (R2 = 0.94, 0.96, and 0.94, respectively). At the Saravan station, the RF model achieved the highest R2
(0.94) during testing. To develop a hybrid data mining model, the Voting Ensemble for Deep Learning (VEDL)
technique was employed with weighted voting in the training stage. The combined model significantly improved
upon the best individual model. RMSE decreased from 45.95 to 33.1, R2 increased from 0.89 to 0.94, and MAE
improved from 32.92 to 23.9. Evaluation using the Taylor diagram further confirmed the superior performance
of the VEDL model compared to the individual ANN model.

Conclusion
The excellent performance of the models in the two stages of training and validation is another finding of the

research, These results are consistent with the results of researchers who have expressed the appropriate
efficiency of machine learning models in estimating evaporation/evaporation and transpiration in different
climatic regions of Iran. The results of the combined model showed that the combined model improved the
results compared to the best individual model so that the RMSE values increased from 45.95 to 33.1, the R?
values increased from 0.89 to 0.94, and the MAE value improved from 32.92 to 23.9. The use of the VEDL
approach to estimate evaporation from the pan was a new approach that has not been used in past studies.
Therefore, according to the results of this research, the proposed deep sensing model is proposed to estimate the
evaporation of arid and semi-arid areas for water resources management and agricultural planning.
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Figure 1- Location of Synoptic Stations in Sistan and Baluchestan Province and Iran
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Table 1- Statistical characteristics of meteorological parameters in Zahedan synoptic station
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Table 2- A selection of used machine learning models

& ooliiwl S50 @SJ 2ase UJY FU uw)lé ,oli
Liaw and Wiener (2002) party RF Random forest dolay K o551
Helleputte and Gramme (2017) LiblineaR SVM Support Vector Machine oleidy by udle
Zema et al. (2020) brnn ANN Artificial Neural Networks s (ouas A
Nobre and Neves (2019) xgboost XGBoost Extremem Gradient Bossting L5 bl S gl
Zahiri and Nezaratian (2020) RWeka ™ Tree Model B0 Jde
Zahiri and Nezaratian (2020) earth MARs  Multivariate égﬁﬁte'g’e REGIESSION 51l cygua S, B puioiz (3 ou Jo
Karatzoglou et al. (2019) Kernlab GP Gaussian Process ewsS Al Jde
Gramacy (2019) monomvn BART Baysian Additive Regression Tree 390 e Sy e e Jde

jo de & D98 o0 (Byme dilale Culi |y ol
o9l 5 isel Aoye 3 a0 e Sl 3Sles
R® Jlaio L SVM Jao [bjgel Al yo 13 a8 gyeb 4y lanils
Gam sasy ;5 /A ply R? Jlide L RF Jas /AR il
sy R? Jlde L BART Juo jye0jl dlbsyo 55 5 )y )8
bgipo B> (p5eS b Jde opo 50 0500 j1,8 ped &3, o +/AF
5 IAY g < IAY ply RE i b (TM) (550 Jsa
bse Je cnl & wz g el 9ol 5 gl Ao ye sl
b @5 e 3o 095 55 b)) slajlee jlade
26 1) gsdge nl 35 gl ages e dgdie Jols
dloyo 93 a0 > g cpl elel p &S(gpsba S o
St o 4y Sp33 o Jae By LS (seil 5 bisel

¥ o JS3)

b3yl sBylxe Y-
I oieein ool ol )90 glaJie 2Ly jslates;
Slaye Sike &ty (RY) G o sthf)] slojlins
5 o3lizl (MAE) " slhao slbd 5, SLe 5 (RMSE) 't
)‘39‘).3 )‘ 0y Pl" u_’l.:))l dL&auﬁs) ){°9M-° cdslllas L)J‘ PRpun
W S P . ]oLu)I LSL“" 2 )‘.394) L)"l A eolawl
Jsiol RMSE 5 loj cslosyo sl Clyoul o Siuwan
z,> Taylor (2001) ddllas > 5 i cleMbl g Loy o]

Ll 004

cou g Y

L Jao (631,851 g 5lwamw gasl —)-Y

xS Jio et Giagsy ool 3 ad ol 5gb plon
P Sl plle dangin s ilwand lp opdle
Ve 5l Gua cpl Gl ad oolawl lual) g oS
Sly bodly soys V- 9YJB)’9A] >y gly odly dojd

- ¥ g s

DS b @l ¥ Jade 53 b 03y opre el Ay
Yo Jods 4 axg bl odds el s obj)l sl ylixe
s @5 G90il 5 hisel Aoje g3 ym )0 baJae oles
smas A5 Jae ool o Jse o o ulaisl o
2y RMSE 4 +/A plp R? olse L (ANN) cgias
RMSE 4 +/2% ply R (i g Ubjgel & ye 55 ¥O/20
9 & I) .))S.LQ.C Oy e ‘uyo)] :\b)o Po FF/AA )gl)g
sl lalj Sapgiw oBaul ) ogail g (bigal Ao ya
sokaieds olimn] (pl 3 (sgSedly Juo pying sy 9

! Root mean square error
2 Mean absolute error

% Train

4 Test



Y€+ GYYY Oldio V€Y JL.U ¥ D)Lo.ns & b)sb/slésui%ﬁ.\asd)w‘).\aa\iw/u‘)‘s&g‘sm

yYe

0903 9 93901 o po 93 40 (G311 S (2, b, @S Y Jgoe
Table 3- The results of evaluating the efficiency of individual models in two stages of training and testing

095!

b9l

olyasl Jde
MAE R? RMSE MAE R? RMSE Al
42.23 0.95 49.36 34.82 0.88 47.60 RF
41.78 0.95 48.31 33.13 0.89 47.08 SVM
38.26 0.96 44.18 32.92 0.89 45.95 ANN
38.89 0.94 46.85 39.19 0.84 54.44 XGBoost
40.47 0.93 48.57 39.58 0.84 54.89 ™
43.06 0.95 48.12 39.20 0.84 54.62 MARS
42.05 0.95 48.72 35.09 0.87 49.39 GP
40.80 0.96 46.94 32.82 0.88 46.22 BART
Taylor Diagram
0_1 0 2 Legend
§ N : 0.3 @ rF
H ® swm
200 C ® AN
/ 08 % [® xcBoost
(=]
©
o
=4
0.95
o
w0
0.99
© T
0 50 100 150 200
Standard deviation
Ol 5 Sty gt 0t | 33 (i 3901 A o 13 ol Hldged —F JSS
Figure 2- Taylor's diagram in the training phase at Zahedan synoptic station
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Figure 3- Taylor's diagram in the test phase at Zahedan synoptic station
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Figure 5- Taylor diagram of the individual model and the VEDL model in the training phase
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