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the Pan Evaporation using SVMENNM

Abstract

The goal of this research is to apply the neural networks model for the disaggregation of the pan evaporation (PE) data,
Republic of Korea. The neural networks model consists of support vector machine neural networks model (SVM-NNM). The
disaggregation means that the yearly PE data divides into the monthly PE data. And, for the performances of the neural networks
model, it is composed of training and test performances, respectively. The training and test performances consist of the historic, the
generated, and the mixed data, respectively. From this research, we evaluate the impact of SVMENNM for the disaggregation of the
nonlinear time series data. We should, furthermore, construct the credible data of the monthly PE from the disaggregation of the
yearly PE data, and can suggest the methodology for the irrigation and drainage networks system.

Key words : Pan Evaporation, Statistical Learning Theory, Stochastic Model, SVM-NNM

T AAA 2 FFAA AR U] e} B R FaRIAE YERIth FH

RUHE, A 2 9, dulieAl ] ALl AAA g Lol

Martinez et al., 2005; Gundekar et al., 2008). 534> Aukx o7 AdFxo] (Mass transfer)2}

ol WhHo| olste] TEr|o] Al Zwkek w29 93k Al WhHE shps A Al %‘Q%O]E} Eslamian et al.,
2008). A=l = F2 7|9 AFAE H|ES gl =

A vdd Ao}, wek gekst RS AXE ¢ gAY 2 §X] - AT °1€4$ A 4 gl AY9s 7=

A =gk @] 4 o)t (Kisi, 2006).

B Qe BAe o FUAA Fuwel AAel PalE 9lstel SVMNNME Y 2 Agshsd otk aelw
SVMNNME| 535718 S5t £ 9 HsEdgon Y5 SYMNNME] Fdabge fiste] 4%, w9 3 &
WAzsh g A A Fejel AR AEHYOR, HAERYS HE ASAR ol §HA B AL mA
Y FRo AADARE AE FAE A5 SYMNNME] 284S Bt A @ S04 S ARe
A SN FRPARE TEE 5 A4S Aoln, W ME9D A28 FE
9

%0 ©f
o
L
ea
I

2 A|X|HE 7| AA f_'?'_°4 (Support Vector Machine Neural Networks Model, SVM-NNM)
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Figure 1. SVMENNM structure
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Historic Data Seoul Station (Testing Data : 2003 - 2007) [ ——Observed Historic Data Kangreung Station (Testing Data : 2003 - 2007)
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Figure 2. Comparison of the monthly PE for the testing performance (Historic data)

Table 1. Statistical analysis of the monthly PE for the testing performance (Historic data)

Station Statistical Index SVM-NNM
CcC 0.946
Seoul RMSE 14.286
E 0.852
AARE 0.0920
CC 0.757
K RMSE 23.734
angreung E 0262
AARE 0.1650
CC 0.868
Inch RMSE 24.954
fichieon E 0.347
AARE 0.3066
CC 0.785
RMSE 19.356

Busan

E

0.450

AARE

0.1380

Jeju

CC

0.861

RMSE

20.695

E

0.703

AARE

0.0162

Mokpo

CC

0.867

RMSE

18.436

E

0.742

AARE

0.0247
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