Development of Temporal Disaggregation Model using Neural Networks
3. Application of the Mixed Data
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Abstract

The goal of this research is to apply the neural networks models for the disaggregation of the pan evaporation (PE) data,
Republic of Korea. The neural networks models consist of generalized regression neural networks model (GRNNM) and muiltilayer
perceptron neural networks model (MLP-NNM), respectively. The disaggregation means that the yearly PE data divides into the
monthly PE data. And, for the performances of the neural networks models, they are composed of training and test performances,
respectively. The training data consist of the mixed data The mixed data involves the historic data and the generated data using
PARMA (1,1). And, the testing data consist of the only historic data, respectively. From this research, we evaluate the impact of
GRNNM and MLP-NNM for the disaggregation of the nonlinear time series data. We should, furthermore, construct the credible data
of the monthly PE data from the disaggregation of the yearly PE data, and can suggest the methodology for the irrigation and
drainage networks system.
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2.1 E| HESIE 5| HMAYTE (Generalized Regression Neural Networks Model, GRNNM)
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(Summation node)®} h-}e] A== (Division node)?] 2572 =2 FAE O] )k It tiheE EHT 229§
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22 CIEHYEER *Iamﬂi (Mulﬁl er Perceptron Neural Networks Model, MLP-NNM)

gnrd o= MLPNNM 45, T4 2 L ARl Ul 52 1 oo 24FoR dEe] glen, 7 oA
EEE O 39 =5 *o ‘?a_o} | AAFO} vk TEF £ Aol MLPNNME #8353 #Hge & 2 El
sENHo T P o]u}. Aur o FATYL Falo] MIP-NNME] A wlisg A4etel, 249 ojusg

ol-g3to] MLP-NNM2| E|lAEnAS =38} (Haykin 2003). ¥ AftollA MLP-NNMS 2493 17)], &95 =55 12
7, Hol3=E tansignoid, o WHESISE 10,0003], YAXE 00012 ARt EE B A= QuickProp GA
FTHLIFE o] &3tk thy 11 2= E Al A8% MLP-NNM 7325 HERd Zlelth.

)

b

3. FAEN 2

F714 A713]F el ERH e REe 714 A712]7] (Periodic Autoregression, PAR)E'ﬁiOﬂ F71A9) o= wESE
Faksle] g5l AWE 0 F PARMA (pq)E UERATEL AX14:9] PARMA RHE F7]29) $EAAHe] Radll A}
S5tk dZEH PARMA (1,1) 28 v 213} o] yepd 4= glrk

yvr u+q>11(y\11 UT 1)+8\1_6118\11 (1)
o714 v = (year) 1= AAE (Season)o]il T=1,2, - o ol AASTE L}E}LHJ— Ak A (DY 2L Byl 2 Y
FrEEAd 1 |EU} (Salas et al, 1980) 2 AFAE AAYEEe] FEARE ot 3171915k PARMA (1,1)
wYS ol ;}Oﬂu} 1ol 2 wolde B he) Eiow sglon] si0de] sEE 9 Sus mo A
o el A SOl 3 vl RS A9E ston, i mRAns FERR e o

oA Z71l H“Jifé] M (Bias)E A75k7] $late] éﬂél 506 Abs= AlASK M, ZF PARMA (1,1) 239 wij7fwl
= TAF HAaASH (Method of approximate least square):% ol-gsle] AHgEIIt) wEbd AAE AAGRE] Y
At molubg A7) 2 48 S SURRE G A9 9T o 48 FUA SuRARel A%
A7} A3 ZHLZ4}\] ZHPka]-rJo]jl’ ﬁaz tﬂ/\‘— D,]H]—/Kg}\]f’] Jkﬂ /\'6:] ZHLZ‘]}\] Zul—akzl_‘wgl_ /\Lil; %l:g _/l\_sc:] =

4. GRNNM % MLP-NNM2| H &
4.1 EAHIPY (Tmining Performance)
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4.2 BH|AEDH (Test Performance)
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