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Rainfall-runoff models require rainfall and runoff data for determining the model para-
meters. Problem usually emerges in finding the optimal model parameters due to lack of rainfall
data in terms of quantity and quality. In a lumped model such as the storage function model,
good quality and quantity of input (rainfall) data that represent the catchment behavior is need-
ed in order to get the optimum model parameters. However, it is difficult to get the rainfall data
that fulfill the requirement as results of high spatial variability of rainfall data and lack of auto-
matic rainfall recorder that are commonly found in tropical regions.

To overcome the above problem, the filter separation autoregressive model might be used
to estimate the rainfall time series based on runoff data only. The resulted rainfall together with
the runoff data are then used to find the storage function model parameters. The results show
that the inversely estimated rainfall was useful for estimating the rainfall-runoff model parame-
ters in topical regions.

INTRODUCTION

A number of conceptual rainfall runoff models using storage—discharge relationships
have been developed and applied. One of the most widely used such kind of model for
runoff analysis in Japan is the storage function model (SFM) developed by Kimura
(1961). Since then, some studies have been carried out to analyze the model parameter
characteristics (Sugiyama et al., 1997; 1999).

The SFM, as a lumped model, requires a good quality and quantity of input (rainfall)
data that represent the catchment behavior for getting the optimum model parameters.
In practice, however, it is quite difficult to get rainfall data that fulfill the requirement as
results of high spatial variability of rainfall data and lack of automatic rainfall recorder
that are usually found in tropical regions.

To overcome the observed rainfall data problem, synthetic rainfall data might be gen-
erated and then used for the model calibration. Hino and Hasebe (1981; 1984) proposed
a method for estimating effective rainfall for each flow component and showed that as a
whole the sum of each inversely estimated rainfall component compare relatively well
with the observed ones. The rainfall component for each flow component is estimated
sequentially by fitting to the ARX model (auto-regressive model with exogenous input)
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(Hino and Hasebe, 1984). The runoff components i.e. surface—interflow (direct flow)
component and groundwater flow or baseflow component are obtained from raw runoff
time series data through a numerical separation filter.

In this paper, the filter separation autoregressive method (Hino and Hasebe, 1984) is
used to estimate the effective rainfall time series for direct flow component. The esti-
mated rainfall time series together with the direct flow component are then used to find
the SFM parameters.

IDENTIFICATION OF THE STORAGE FUNCTION MODEL PARAMETERS

Parameter identification of the storage function model (SFM) is based on the fuzzy
regression model (Shikasho et al., 1992). The basic equations of the SFM are as follows:

S=KQ", D
and
=T t
S=[ rdt-{ Qdt, )
0 0

where S, is the storage depth of rain-water (mm) over the catchment accounting for the
lag time T, (h) between the rainfall excess . (mm/h) and the flood runoff depth @
(mm/h), whereas t is time (h). K, P, and T, are the model parameters. Equation (2) can
be rewritten as:
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By combining (1) and (3), S can be expressed as:
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where 7, is average effective rainfall intensity between ¢-T, and t. By using the fuzzy
linear regression (FLR) (Tanaka et al., 1982) and by introducing fuzzy parameters into
the SFM parameters: K=(Qx, cx), P=(a», cr), T=(az, cr), the FLR equations of the SFM
(5) can be obtained as:

’)"Qart_*‘QfO aK_‘}‘KonO ln(Q;) ap+
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where h is a threshold level describing the reliability of the data whereas «, ¢ are the
center and the width of the fuzzy set, respectively. The # level is in the range of 0shA<1
in which ~=0 represents the most reliable data. Those equations can be solved using
linear programming by minimizing the vagueness of the FLR model that is the sum of all
the widths of the fuzzy parameters as follows:

2, (recn+ Qe+ K@ | In(Q)) [ep)—min(i=1,2++n). ™

FILTER SEPARATION AUTOREGRESSIVE MODEL

Hino and Hasebe (1981, 1984) proposed a technique for estimating effective rainfall
time series of a catchment by using the filter separation autoregressive method. The
method is based on the output of the catchment i.e. runoff data only. It implies that the
effect of spatial variability of rainfall and the initial soil moisture condition have been
incorporated in the method. To get the inversely estimated rainfall of each flow com-
ponent from the raw runoff data, some steps have to be followed i.e.: determination of
cut-off frequency, separation of a flood event into its components, calculating the autore-
gressive values of each flow component and followed by rainfall time series estimation.

Determination of Cut-Off Frequency

In the hourly flood hydrograph data, the rainfall as the input of the catchment system
is active only for the first part of the hydrograph data. After cessation of rainfall, the sys-
tem is driven only by a noise with a very low level compare to rainfall (Hino and Hasebe,
1984). As a result, the recession curve of the flood hydrograph data may be used to
determine the cut—off frequency of the component separation of hourly hydrologic data.

The cut-off frequency can be determined by using semi-logarithmic plots of the
recession hydrograph by determining the slope of the recession curve. However, this
graphical method is very subjective. Hence, determining the cut—off frequency will be
carried out by using wavelet transforms approach that gives an objective result (Sujono et
al., 2001).

Separation of a Flood Event into its Components
Separation of a flood event data into its flow components can be carried out by using
numerical filtering of the data that may be calculated using (Hino and Hasebe, 1984):

L L
coexp(—%c, z’)sinh[%clz—cg)2 r]/(%c,z—co)z , 720 ®)

h(T)=
0, <0

The numerical filter 2(7) contains two parameters ¢, and ¢, that can be calculated from:

o= (97, ) and = O, ©)
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where § is a damping factor (6 > 2), T.=1/f. in which f is a cut-off frequency.

As the cut-off parameters ¢, and ¢, are determined, the observed flood data are
separated into its flow components, generally it consists of groundwater flow and
surface—interflow components, using the following equation:

qP ()= a 2w (k) , (10)

in which, w=h(k At), (k=0,12,..., N), At is a unit time interval (1 k), g®(¢) is the filtered
groundwater flow and « is a weighting factor should be chosen so that the filtered
groundwater flow and residual outputs ¢®(¢) should not be negative. Hence, the
surface-interflow component g®(t) is calculated by:

g®M=q@) ~g"@®) , an

where q(t) is actual flow. Since raw flood data is usually consists of actual flow resulted
from its concurrent rainfall and initial flow due to previous rainfall, the later flow should
be subtracted from the raw flood data before applying the numerical separation filter
method. In this study, the initial flow is assumed equal to a minimum discharge value at
the beginning of the selected flood event and it is taken constant during the time.

Determination of Rainfall Time Series

The rainfall-runoff process may be fitted by an ARX model with the input (rainfall)
7,0 for the Ith component, where I=1,2 correspond to groundwater flow component and
direct flow component, respectively. The hourly runoff ¢’ is described by (Hino, 1986):

G
q0=0,9" +a,°0,++++a,09" +OFO+e0, (12)

where a,® are autoregressive coefficients that could be computed using the Yule-Walker
or Burg algorithms, b® is a coefficient derived from the continuity relation as:

b= l_al(l)_az(l)_as(l) _-.._ap(l) s (13)

A is a unit conversion factor for instance if » and q are expressed by unit of (mm h*) and
(m? s') respectively, then A=A/3.6 (A is catchment area in km?) and & is a noise.

If the AR coefficients a,® have been determined, the time series of effective rainfall
for each flow component ?”f," may be estimated by rearrangement of Equation (12) as
follows:

7= _A%ﬁ (a.°-0,¢% ~a;°",~+-a,°q® + &"). (14)
When the level of the estimated values of 7, decreases to the order of error and fluc-
tuates around zero, taking both positive and negative values, the estimated values are
considered to be an error £% and are then discarded.

The inversely estimated (effective) rainfall time series of the direct flow component
@2 '=i~%;)are then used as an input of the SFM. In this case, the starting point of the
inversely estimated rainfall time series have to be moved backward %, to account the delay
time of the rainfall-runoff process (Hino and Hasebe, 1985). The ¢, value may be deter-
mined by comparing the rainfall pattern of the estimated and the observed rainfall time
series.
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DATA USED

Six catchments from two different regions i.e. tropical and temperate regions with
area ranging from 34 to 772km? are used for the study. Three catchments are located at
West Java, Java Island, Indonesia and other three catchments are located at eastern New
South Wales (NSW), Australia.

In case of Indonesian data, the discharge and rainfall data were obtained from the
Water Resources Engineering Research and Development Center, Bandung, Indonesia. In
general, the rainfall data available is short and missing data are frequently found in the
rainfall data series. Spatial distribution of rainfall in these areas, as located in tropical
region, is quite large.

For Australian data, the hourly rainfall and runoff data were extracted from Pinneena
version 6.1 published by the Department of land and Water Conservation, NSW, Australia
(1999). The rainfall data for each catchment are obtained from one rainfall station only
located at downstream of the catchment near the gauging station. The catchment
characteristics and the flood data used for the study are summarized in Table 1.

Table 1. Catchment characteristics and their selected flood events

Catchment Flood events Flood peak

Station area (y.m.d) ratio
(km?) (m?¥/s/km?)
Oxley River at Eungella 213 91.12.12 3.446
Bielsdown Creek at Dorrigo 82 99.03.02 2.232
Nymbodia River at Timmsvale 34 81.05.21 3.773
Cimanuk River at Bojongloa 183 78.05.04 0.691
Cimanuk River at Leuwigoong 772 84.04.08 0.717
Cipeles River at Sukatali 286 94.03.10 1.372

RESULTS AND DISCUSSION

The performance of the SFM in simulating flood hydrographs based on inversely
estimated rainfall and observed rainfall data for all catchments studied is shown in Fig. 1
to Fig. 6. The figures clearly show that for all flood studies, the inversely estimated rain-
fall could be used for estimating the SFM parameters with satisfactory results even it
gives better results in simulating flood hydrograph than the observed one. For Australian
data, the less accurate results may occur due to poor quality of rainfall data used in which
the observed rainfall comes from one rainfall station only located at downstream of the
catchment. As a result, the rainfall data does not represent the actual catchment rainfall
as indicated by poor relation between rainfall and runoff as shown in Fig. 1 to Fig. 3. On
the other hand, the estimated rainfall could represent the catchment rainfall much better
than the observed one since the estimated rainfall was derived based on the output of the
catchment i.e. runoff only which reflects all phenomena that might be happened in the
catchment.

The optimum parameters of the SFM model derived based on the inversely estimated



J. SUJONO et al.

134

T ro '—'1—‘7' 0

) S— obs. rainfall . L
,\1000 4 cheireed [ = AIOOO 1 — st r:,x::all 252
R 1 P computed r E S EERTERE computed E
g ] g - = & ) =
5 ] g 50 “E 5 H SO“E
o3 4 . 500 :
= 500 ] E 3 [ S

J L 75 75

0 ] [ SN ANEE——
0 25 50 75 0 25 50 75
Time (h) Time (h)

Fig. 1. Comparison between observed and computed flows for Oxley River at Eungella
by using observed and estimated rainfall data.
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Fig. 2. Comparison between observed and computed flows for Bielsdown Creck at
Dorrigo by using observed and estimated rainfall data.
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Fig. 3. Comparison between observed and computed flows for Nymbodia River at
Timmsvale by using observed and estimated rainfall data.
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Fig. 4. Comparison between observed and computed flows for Cimanuk River at
Bojongloa by using observed and estimated rainfall data.
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Fig. 5. Comparison between observed and computed flows for Cimanuk River at
Leuwigoong by using observed and estimated rainfall data.
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Fig. 6. Comparison between observed and computed flows for Cipeles River at Sukatali
by using observed and estimated rainfall data.
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rainfall and observed rainfall data together with the prediction accuracy are presented in
Table 2 and Table 3, respectively. Those tables show that the model parameters are quite
similar regardless the rainfall type used especially for Indonesian catchments. It means
that the filter separation autoregressive method can produce an estimated (effective)
rainfall time series with satisfactory results.

Table 2. Resulted SFM parameters based on observed rainfall

Flood Flood peak SFM parameters Prediction accuracy

Station events ratio

(ym.d)  (m¥s/km?) K(ay, ¢x) P(ay, c) T{as,c) RE. (%) RME (%)

Oxley River at Eungella 911212 3446  (12783) (0.390,0.000) (47,06) 1370  32.38
Bielsdown Creek at Dorrig ~ 99.03.02  2.232 (35,0.1) (0.865,0.000) (2.6,0.1) 5.63 9.99
Nymbodia River at Timmsvale 81.05.21 3773 (6645) (0.1350000) (49,18) 2687  51.64
Cimanuk River at Bojongloa  78.05.04  0.691 (4.7,01)  (0.806,0.000) (1.6,0.3) 5.78 6.71
Cimanuk River at Leuwigoong 84.04.08  0.717  (4.3,0.0) (0.831,0.110) (5.8,02) 1070 4.73
Cipeles River at Sukatali 940310 1372 (3202) (0.751,0041) (34,02) 1457 7.80

Table 3. Resulted SFM parameters based on inversely estimated rainfall

Flood  Flood peak SFM parameters Prediction accuracy

Station events ratio

(y.m.d) (m¥s/km?) K(ax, cx) P(ay, ¢») T(ar, cz) RE-(%) RME (%)

Oxley River at Eungella 911212 3446 (53,1.2) (0.811,0.000) (1.80.0) 422 8.68
Bielsdown Creek at Dorrigo  99.03.02 2232  (5.0,04)  (0.967,0.025) (1.9,00) - 063 6.03
Nymbodia River at Timmsvale 81.0521  3.773 (2.7,0.1)  (0.940,0.002) (1.0,00) 048 2.56
Cimanuk River at Bojongloa  78.05.04  0.691  (45,0.0)  (0.9750.056) (2.0,00) 105 2.34
Cimanuk River at Leuwigoong 84.04.08  0.717 (4.30.1)  (0.871,0.000) (59,0.1) 034 3.48

Sipeles River at Sukatali 94.03.10 1372 (32,03) (0.874,0.034) (39,00) 498 3.11
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Fig. 7. Comparison between observed and estimated effective rainfall at (a) Oxley River
at Eungella and (b) Cimanuk River at Leuwigoong.
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Comparison of the inversely estimated (effective) rainfall obtained using the filter
separation autoregressive method and effective observed rainfall (f XR), in which fand R
are runoff coefficient and rainfall data respectively, are given in Fig. 7. The figure
indicates that the estimated rainfall compares well with the observed ones. However, the
delay time that usually occurs in rainfall-runoff process has to be estimated separately,
since the inversely estimated rainfall time series are computed based on the autore-
gressive values and the flow component only as expressed in Equation (14). Accordingly,
the delay time have to be estimated carefully before using the estimated rainfall as an
input of rainfall-runoff models, since the delay time will affect the parameter 7, of the
SFM.

CONCLUSION

The filter separation autoregressive method is found to be useful for rainfall time
series estimation needed for deriving the rainfall-runoff model parameters in catchments
where a good quality and quantity of observed rainfall data are not available. The method
can produce estimated (effective) rainfall time series with good results and comparable
with the observed ones. Since the delay time that usually occurs in rainfall-runoff
process has not taken into account in the inverse rainfall estimation method, the delay
time have to be estimated carefully before using the estimated rainfall as an input of rain-
fall-runoff models.

Application of the inversely estimated rainfall as an input of the rainfall-runoff model
shows that the inversely estimated rainfall was useful for estimating the rainfall-runoff
model parameters both in tropical and in temperate regions. Moreover, the model para-
meters derived based on the estimated rainfall gives better results in simulating flood
hydrographs than based on observed data. Further application to other catchments with
a number of flood events is needed to give more idea in relation with the characteristics of
the inversely estimated rainfall and its application.
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