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Abstract

Due to the need to simulate rainfall time series at different time
scales for engineering purposes on one hand and lack of
recordings for these parameters in small scales caused by the
administrative and financial problems, on the other hand,
disaggregation of rainfall time series to the desired scale is an
essential topic in water resources engineering. In this study, to
disaggregate Tabriz and Sahand rain gauges time series, the
wavelet-artificial neural network (WANN) hybrid model is
proposed according to nonlinear characteristics of the time
scales. For this purpose, ten years of daily data from four rain
gauges and monthly data from six rain gauges in Urmia Lake
Basin were decomposed with wavelet transform. Then using
mutual information and correlation coefficient criteria, the
subseries were ranked and dominant subseries were used as
input to ANN model for disaggregating the monthly rainfall
time series into daily time series. Results obtained by the
WANN disaggregation model were also compared with the
results of ANN and conventional multiple linear regression
models. The efficiency of WANN model at validation stage for
Tabriz rain gauge showed an increase of up to 8.5% and 33%
with regards to ANN and multiple linear regression models.
For Sahand rain gauge a respectively increase of up to 13.7%
and 26% were remarked. It was concluded that WANN hybrid
model can be considered as an accurate model for
disaggregation of the hydro-climatological time series.

Keywords: Rainfall Time Series, Disaggregation, Avrtificial
Neural Networks, Wavelet Transform, Hybrid Model.
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Table 1- Different input patterns of ANN model at Tabriz rain gauge station
P o) o] g1y (Eghac (mas 4 S (5399 NI ) g

Number of input

pattern Input pattern
1 DR1(t) = f{MR2 (t), MR1(t)}
2 DR1(t) = f{MR3(t), DR3(t), MR2(t), MR1(t)}
3 DR1(t) = f{MR4(t), DR4(t) ,MR3 (t), DR3(t), MR2(t) , MR1(t)}
4 DR1(¢) = f{MR5(t), DR5(t), MRA(t), DRA(t), MR3(t), DR3(t), MR2(¢t) , MR1(t)}
5 DR1(t) = f{MR6(t), DR6(t), MRS (t), DR5(t), MR4(t), DRA(t) , MR3(t), DR3(t), MR2(t) , MR1(t)}
6 DR1(t) = f{MR6(t), DR6(t), MR5 (), DR5(t), MR4(t), DR4(t), MR3 (), DR3(t), MR1(t)}
7 DR1() = f{DR6(t), DR5(¢), DR4(t), DR3(t), MR1(t)}
8 DR1(t) = f{MR6(t), DR6(t — 1), MR5(t), DR5(t), MRA(t), DR4 (), MR3(t), DR3(t), MR2(t) ,MR1(t)}
9 DR1(t) = f{MR6(¢), DR6(t), MR5 (t), DR5(t — 1), MR4(t), DR4(t), MR3(t) ,DR3 (t), MR2(t), MR1(t)}
10 DR1(t) = f{MR6(t), DR6(t), MR5(t), DR5(t), MR4 (t), DR4(t — 1), MR3(t), DR3(t), MR2(t) ,MR1(t)}
11 DR1(t) = f{MR6(t), DR6(t), MR5(t), DR5(t), MR4(t), DR4(), MR3(¢t), DR3(t — 1), MR2(t) ,MR1(t)}
12 DR1(t) = f{MR6 (t), DR6(t — 1), MR5(¢t), DR5(t — 1), MR4(t), DR4(t — 1), MR3(8), DR3(t — 1), MR2(t), MR1(t)}

il e il JI G e sal g Ol el e cl i cdigu 35 )b (sboolSiius! o jlasis 9 ailjs, 4L Caisko DR g ailale i)l Cadste MR 4> 5
Note: MR= Monthly Rainfall, DR= Daily Rainfall, and the respective Station Numbers for Tabriz, Sahand, Sarab, Maragheh,

Bonab, and Ahar are 1 to 6.
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Table 2- Resulted RMSE and determination coefficient for disaggregated daily rainfall at Tabriz station
based on wavelet-ANN hybrid model

75 o] 53 (Fghan (pas dni-Sage Jde 33,5 peldegn) jl Jols glalhd g i g b G Y oo
Wavelet Decomposition Best Best ANN  Determination coefficient (DC) Root Mean Square Error (RMSE)

Input Pattern No — — — —— Ranking
type level Epoch  structure Calibration \erification Calibration Verification
5 coifl 3 140 (40-5-1) 0.80 0.58 1.142 1.330 8
db2 3 110 (40-7-1) 0.77 0.58 1.215 1.325 7
Harr 3 130 (40-15-1) 0.76 0.62 1.255 1.259 4
sym3 3 160 (40-10-1) 0.80 0.59 1.129 1.315 6
With MI Ranking coifl 3 110 (10-5-1) 0.77 0.63 1.228 1.254 3
db2 3 200 (10-8-1) 0.72 0.60 1.359 1.298 5
Harr 3 170 (10-6-1) 0.76 0.51 1.248 1.435 11
sym3 3 110 (10-7-1) 0.75 0.64 1.266 1223 1
With CC Ranking coifl 3 190 (10-5-1) 0.68 0.64 1.438 1.231 2
db2 3 200 (10-5-1) 0.67 0.58 1.467 1.334 9
Harr 3 180 (10-5-1) 0.72 0.54 1.357 1.398 10
sym3 3 170 (10-5-1) 0.63 0.48 1.560 1.479 12

Table 3- Resulted RMSE and determination coefficient for disaggregated daily rainfall at Sahand station
based on wavelet-ANN hybrid model
Ao ORI )3 (S guan (omas dSuui-Sage Jo (13,5 wlilojn ) I Jols Sl g cred g Il - g

Wavelet Decomposition Best  Best ANN Determination coefficient (DC) Root Mean Square Error (RMSE)

Input Pattern No type level Epoch  structure Calibration Verification Calibration Verification Ranking
5 coifl 3 120 (40-8-1) 0.84 0.56 0.880 1.297 2
db2 3 120 (40-7-1) 0.77 0.49 1.064 1.391 11
Harr 3 170 (40-6-1) 0.76 0.52 1.075 1.355 6
sym3 3 120 (40-5-1) 0.76 0.50 1.079 1.377 9
With M1 Ranking | coifl 3 100 (10-5-1) 0.74 058 1125 1.267 1
db2 3 140 (10-5-1) 0.74 0.53 1.129 1.339 3
Harr 3 130 (10-6-1) 0.66 0.53 1.289 1.339 4
sym3 3 180 (10-6-1) 0.72 0.51 1.176 1.366 7
With CC Ranking coifl 3 180 (10-5-1) 0.76 0.53 1.072 1.340 5
db2 3 130 (10-5-1) 0.79 0.50 1.016 1.382 10
Harr 3 150 (10-5-1) 0.73 0.49 1.135 1.395 12
sym3 3 160 (105-1) 0.74 050 1116 1372 8
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Fig. 1- Scatter plot of observed versus disaggregated rainfall (in mm) using WANN for Tabriz station
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Fig. 2- Scatter plot of observed versus disaggregated rainfall (in mm) using WANN for Sahand station
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Table 4- Comparison of RMSE and determination coefficients resulted from the rainfall disaggregation
using the three models
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Model Model type Case Determin‘?tion coeffic.i(-ent FDC) Root !\/Iea{'n Square Err(.Jr (RMSE) DCE,fC?m zero
Study Calibration \Verification Calibration \Verification \erification

Multiple Linear Regression Linear 0.55 0.48 1.717 1.478 0.38
ANN Non-linear ~ Tabriz 0.64 0.59 1.525 1.316 0.54
WANN Hybrid 0.75 0.64 1.266 1.223 0.60
Multiple Linear Regression Linear 0.58 0.46 1431 1.434 0.31
ANN Non-linear Sahand 0.67 0.51 1.268 1.364 0.36
WANN Hybrid 0.74 0.58 1.267 1.408 0.42
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