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Abstract

River discharge quantity is highly depended on rainfall and initial condition of river discharge; hence, the river discharge
has auto-correlation relationships. This study used Vector Auto Regression (VAR) model for analysing the relationship
between rainfall and river discharge variables. VAR model was selected by considering the nature of the relationship
between rainfall and river discharge aswell asthetypesof rainfall and discharge data, which areinform of time series data.
Thisresearch was conducted by using daily rainfall and river discharge data obtained from three weirs, namely Sojomerto
and Juwero, in Kendal Regency and Glapan in Demak Regency, Central Java Province. Result of the causality tests shows
significant relationship of both variables, those on the influence of rainfall to river discharge as well as the influence of
river dischargeto rainfall variables. The significance rel ationships of river dischargeto rainfall indicate that therainfall in
this area has moved downstream. In addition, the form of VAR model could explain the variety of the rel ationships ranging
between 6.4% - 70.1%. These analyses could be improved by using rainfall and river discharge time series data measured
in shorter time interval but in longer period.

Keywords: rainfall, river discharge, VAR

Abstrak

Besar kecilnya debit sungai sangat tergantung pada hujan dan kondisi awal dari debit itu sendiri, sehingga terdapat
hubungan auto-correlation. Sementara itu, proses pengalihragaman dari hujan menjadi debit aliran pada sungai
membutuhkan waktu (lag) antara terjadinya hujan dan kenaikan debit sungai. Penelitian ini menggunakan model Vector
Auto Regression (VAR) untuk menganalisis hubungan antara curah hujan dan debit. Model VAR dipilih dengan
mempertimbangkan bentuk hubungan antara kedua variabel dan tipe data hujan maupun debit yang keduanya merupakan
dataderet waktu (time series). Datacurah hujan dan datadebit harian diperoleh dari tiga bendung yaitu Bendung Sojomerto,
Bendung Juwero di Kabupaten Kendal dan Bendung Glapan di K abupaten Demak, Provins Jawa Tengah. Hasil uji kausalitas
menunjukkan hubungan yang signifikan baik antara pengaruh variabel curah hujan terhadap debit maupun pengaruh debit
terhadap curah hujan. Hubungan kausalitas yang signifikan antara debit terhadap curah hujan mengindikasikan bahwa
karakteristik hujan di wilayah ini bergeser dari hulu ke hilir. Model VAR yang terbentuk dapat menjelaskan keragaman
hubungan antara kedua variabel antara 6,4% — 70,1%. Hasil penelitian menunjukkan bahwa model statistik berpeluang
digunakan dalam peramalan hubungan hujan dan debit sungai. Analisis ini dapat dipertajam dengan menggunakan data
deret waktu pada interval waktu yang |lebih rapat dan periode yang lebih panjang.

KataKunci: hujan, debit sungai, VAR

Introduction

The north coastal region of Central Javaisan area
prone to flood which is caused by heavy rainfall
and tidal inundation. Thisresearch discusses about
rainfall as one of the causes of flood in this area.
Kodoatie & Sugiyanto (2002) states that flood can
be observed based on two types of events. Flood is
an event when there is inundation on a particular
area that normally is not inundated, and also an

existent of runoff due to an excess of rivers
capacity. Discharge is the volume of water moving
down astream or river per unit of time, commonly
expressed in cubic feet per second (m3/second)
(Asdak, 2002), whereas the rainfall data is
commonly expressed in millimetre per day (mm/
day). Similar to therainfall data, theriver discharge
dataare the result of observations, which had been
sequentially measured in atimeinterval to formtime
series data.
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Transformation process of rainfall into astreamflow
is one of interesting subjects in hydrology since it
can beapplied asabasis of flood forecasting. Severa
hydrological models have been developed either
based on the process or the data availability. The
first models are al'so known as conceptual models.
Meanwhile, the second models are caled as data
driven model. The conceptual model has been
developed for explaining the entire process of rainfall
transformation into a streamflow using physical
mechanism approach that representsthe hydrological
cycle. Among the hydrological models developed
based on processare TOPKAPI (Liu & Todini, 2002)
and SIMHYD, Sacramento, AWBM (Vaze et d.,
2012). The data availability commonly hinders the
development of conceptual model, particularly ona
distributed model. The conceptual model requires
comprehensive and detail ed topography, hydrology
and meteorology data. A statistical model has also
been devel oped for hydrological modelling; usually
by using time seriesdata (K ar, Lohani, Godl, & Roy,
2010; Lohani, Kumar, & Singh, 2012). Statistical
mode sgeneraly requireaset of historical observation
data to determine the system’s parameters. Statistical
modelsused in this system are auto-regression linier
model, multiple linear regressions, moving average
and Artificial Neural Network (ANN). A linier
regression model is applied for developing a
quantitative rel ationship between predictor variables
and observed responses.

Related to theinfluence of rainfall to the stream flow
asreflected by the quantity of river discharge, these
two variablesdo not aways havealinear relationship
at the same time. The transformation process of
rainfall into the stream flow takes some amount of
time so that there is lag between the occurrence of
rainfall and the increase of river discharge that
measured in the river. Thistime lag depends on the
physical and hydrological characteristicssuch asland
cover, topography and watershed morphometric (Ko
& Cheng, 2004). Besideinfluenced by rainfall, river
discharge is also influenced by the state of river
discharge conditions at the station so that thereisan
auto-correlation. Hence, a model is required to
determinetherelationship between rainfall and river
discharge. The selection of amodel should consider
the characteristics of the data and the objectives to
be obtained.

Considering the relationships between rainfall and
river discharge, and theform of therainfall and river
discharge data, which are time series, the statistical
model that can be applied to predict the rel ationship
between the two variables is an auto-regression
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model. Statistical model swhichispopularly used for
the analysis of univariate time series data is
Autoregressive Integrated Moving Average
(ARIMA). ARIMA is a statistical model that
completely ignores the independent variables in
making aforecast. ARIMA applies the past and the
present val ues of the dependent variablesto produce
accurate short-term forecasting. ARIMA is suitable
if the observed time series data is statistically
correlated each other (dependent) such astherainfall
data. ARIMA has been used in severa studies of
rainfall forecasting (Hudaet a ., 2012; Hasria, 2012).

However, amultivariate statistical model would be
required in conditions where an event isinfluenced
by morethan onevariable. By considering both cases,
the appropriate statistical model to analyse the
relationship between rainfall and river dischargeis
Vector Auto Regression (VAR).VAR isastatistical
model that can be used to project the systemvariable
by usingtime seriesdata. VAR isalso ableto analyze
the dynamic impacts of disturbance factors in the
system variable. It can be used to understand the
reciprocal relationship between variablesaswell as
to determine the relationship between causality and
impulse response of related variables and to
understand the inter-rel ationship between variables
(Hadi, 2003).

Several studies have shown the success of VAR
model in proving the rel ationship between variabl es.
Diani et a. (2013) and Saputro et al. (2011) used
VAR models to determine the rel ationship between
rainfalls in several stations. Adenomon (2013) and
Das(2013) used VAR model to analyze relationships
between rainfall and temperature. Both researches
found significant relationships between rainfall and
temperature. In contrast to these studies, VAR
analysis in this study was used to examine the
relationship between rainfall and river discharge. This
model used with an assumption that the rainfall and
river discharge variablesareinfluenced by their own
behaviour in the past, and that these two variables
affect each other, even thought the effect is not
immediate but within acertaintimelag.

Thisresearch was conducted in Kendal and Demak,
Central Java Province, using river discharge data
obtained from three weirs in three different
watersheds, those are Sojomerto weir (Blukar
watershed), Juwero weir (Bodri watershed) and
Glapan weir (Tuntang watershed). The discharge
stations built on the three weirs receive water from
rain and ground water of thewatershed areain higher
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elevation than the weirs’ positions. Since water flows
follows the slope, it isimportant to pay attention to
the geographic positions of the weir and rainfall
stationsin analyzing the relationship between river
dischargeandrainfall. Inthisstudy, thereisnorainfall
station above the Juwero weir (Bodri river) so that
the relationship analysis between rainfall and river
discharge was only conducted based on data
mesasured at the stationsinstalled at the samelocation.
A similar analysis has been conducted for Blukar
watershed by using river discharge and rainfall data
collected from Sojomerto weir (Blukar river), since
the rainfall data collected from the upper rainfall
station such as at Patean Curuk station contain many
blank data. Meanwhilethe analysisof therelationship
between water discharge and rainfall in Tuntang
watershed was done by using theriver discharge data
obtained from Glapan weir and rainfall data taken
from Grenjeng Lebak, and Salatigarainfall stations.

Research Method

Theriver discharge and rainfall data were obtained
fromthe office of the Water Resources Centre (Pusat
Sumber DayaAir/PSDA) and the Office of Meteorol ogy
and Geophysics Agency (BMKG) in Semarang,
Central Java Province. Both of the discharge and
rainfall data used are daily data collected in 1999-
2009. However, both of these time series data were
not entirely complete. Therefore, this study only used
the discharge and rainfall time-series data that were
in pairs as shown in Table 1. The data analysis was
also performed on the combined river discharge and
rainfall datato perform relationship between rainfall
data collected at Grenjeng Lebak Station, Bawen
Station and Sal atiga Station andriver discharge data
measured at the Glapan weir, Tuntang watershed.
Figure 1 showsthe research areaand the | ocation of
therainfall stationsand weirs.
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Figure 1.The research area and the location of rainfall stations and weirs
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Andysisaof causality relationship betweenrainfall and
river discharge measured at the weirs was done by
using the VAR model run on Eviews version 8.

The VAR model treated all variablesequally, so that
there are no endogenous and exogenous variables.
Asan assumption in the VAR model isthat the data
are stationary, the initial stage in the estimation of
the VAR model is examining the stationarity of the
data.The next stage was determining the optimum
laginthe VAR model, which was done by examining
the optimum |ags on each variable. Causality test was
conducted to determine the causality relationship
among variables. By using the stationary data, the
VAR model estimations were performed using the
optimum lags. The procedure of VAR analysis used
refersto Startz (2013) asfollows:

Unit Root Test

VAR model assumethat the datais stationary, means
that there is no significant change in the data. Time
series data considered as stationary when the mean
isrelatively constant, or the data are stable during a
certain period. This study applies a stationary test
using theAugmented Dickey Fuller Test (ADF Test).
When the data are stationary, the estimation of the
VAR model uses the data at O (zero) order or level.
However, if there is atrend on the data or the data
arenot stationary, the dataused at thefirst or second
differential.

Figure2. Daily rainfall at Juwero station
(CH_Juwero) and daily river discharge at Juwero
weir (Q_Juwero)
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Determining Optimum Lag

The optimum lag to be used inthe VAR model should
be determined. This research used Schwarz
information criterion as an indicator in determining
thelength of lags. The optimum lag was determined
from the lowest value of the Schwarz information
criteria

Causality Test

Causality test inthe VAR model isused to determine
the causality relationship between variables.
Assessment of the causality relationships of the VAR
model in this study carried out by using the Granger
causality function.

Impul se Response Function

Impulse response function is used to determine the
instantaneousinfluence of avariable against ancther,
inthiscasearetherainfall andriver dischargevariables
Thisstudy used Cholesky impulse response function.

As mentioned earlier, the daily river discharge and
rainfall data provided are not entirely complete.
Therefore, the VAR model only used selected data
that fall in pairsin aparticul ar period which meet the
reguirements of the model. Both of the data used in
the VAR model can be seen in Table 1, and the
graph of the daily discharge and rainfall data used
shown inFigure 2, Figure 3, and Figure 4.

| — CH_ SO0 & SO0

Figure 3. Daily rainfall at Sojomerto station
(CH_Sojomerto) and daily river discharge at
Sojomerto weir (Q_Sojomerto)
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Table 1.Variablesand daily dataon the VAR model

VAR M odel VAR Variable Daily Data

I-JUWERO Q_Juwero: river discharge in Juwero weir 5 May 2008-31 December 2009
CH _Juwero: rainfall in Juwero station

[1-SOJOMERTO  Q_Sojomerto: river dischargeinSojomerto weir 1 January 2006-29 December 2008
CH_Sojomerto: rainfall in Sojomertostation

[11-GLAPAN Q_Glapan: river dischargein Glapan weir 1 February 2005-31 January 2006
CH_Salatiga: rainfall in Salatigastation
CH_Grenjeng: rainfall in Grenjeng Lebak Station
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Figure4. Daily river discharge at Glapan weir (Q_Glapan), and daily rainfall at Salatiga station
(CH_Sdlatiga) and Grenjeng Lebak station (CH_GIlebak)

Result and Discussion of the VAR moddl. Theresult of the three unit root tests
variables of VAR model isshownin Table 2. Results
of the ADF tests shows that al of the VAR mode
variableswere sationary at levelsorinthe 0 order with
a Unit Root Test level of confidenceat 95%. Thus, thethree estimations

TheADF test was used to test the stationary variables of the VAR models used the dataat level (zero order).

Descriptions of theresult of VAR model analysisare
asfollow:
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Tabel 2. Unit Root Test at Level

VAR Modé Variable t-statistic Prob
I-Juwero Q_Juwero -3.260044 0.0172
CH_Juwero -8.550573 0.0000
I1-Sojomerto Q_Sojomerto -8.777552 0.0000
CH_ Sojomerto -17.26400 0.0000
I11-Glapan Q_Glapan -3.805557 0.0031
CH_Salatiga -9.973377 0.0000
CH_GLebak -9.288193 0.0000

Critical value -3.441038 1%

-2.866147 5%
-2.569282 10%

b. Determination of optimum lag

The optimum lag determined by using the Schwarz
information criteriaand theresult isshownin Table
3. The optimum lags of the VAR variables at the
three watershed were 2 (M odel 1-Juwero), 3 (Model
I1-Sojomerto) and 2 (Model 111-Glapan). Thus, the
VAR models used those three optimum lags.

c. Granger causality test

Causality test was conducted to determine the causal
rel ationshi p between the variabl es of the VAR model
and the results shown based on its probability. The
lags used in the Granger causality tests were the
optimum lags. Result of the Granger causality tests
isshownin Table 4.

Table 3. Optimal Lag Length

VAR M odel Schwarz Information Criteria  Optimal Lag
[-Juwero 15.86510 2
[1-Sojomerto 14.93847 3
I11-Glapan 24.80236 2

Table 4. Result of the Granger Causality Test

VAR M odel F-Sat Prob
I-Juwero 1.Q_JUWERO does not Granger Cause CH_JUWERO 4.456 0.0120
2.CH_JUWERO does not Granger Cause Q_JUWERO 48544 3.E-20
II-Sojomerto 3.CH_SOJOM does not Granger Cause Q_SOJOM 4422  0.0042
4.Q _SOJOM does not Granger Cause CH_SOJOM 4978 0.0020
I11-Glapan 5.CH_SALATIGA does not Granger Cause Q GLAPAN 4443  0.0124
6.Q_GLAPAN does not Granger Cause CH_SALATIGA  5.285 0.0055
7.CH_GLEBAK does not Granger Cause CH_SALATIGA 3.183 0.0426
8.CH_SALATIGA does not Granger Cause CH_GLEBAK 12415 6.E-06
9.Q_GLAPAN does not Granger Cause CH_GLEBAK 3.846 0.0223
10.CH_GLEBAK does not Granger Cause Q_GLAPAN 2.559 0.0788
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Theresults of the causdity test indicatesthat in model
I-Juwero for the relationship between CH Juwero
and Q_Juwero variables, the first and second
hypothesis of Ho were rejected at the probability
value <5%. This shows that the Q_Juwero variable
influenced to the CH_Juwero variable, and the
CH_Juwerovariablewasinfluencedto the Q_Juwero
variable at 95% of confidence level.

In the case of model 11-Sojomerto, the relationship
between Q_Sojomerto and CH_Sojomerto variables,
shows that the third and fourth Ho hypothesis was
rejected with the probability value <5%. It shows
that the Q_Sojomerto variable influenced the
CH_Sojomerto whereasthe CH_Sojomerto variable
also influenced the Q_Sojomerto at 95% of
confidencelevel.

Further, the model 111-Glapan model for the casualty
relationship between CH_Salatiga and Q_Glapan
variables, the 5" and 6" Ho hypothesiswererejected
at probability value of <5%. It shows that the
Q_Glapan variable has influenced the CH_Salatiga
and vice versa at 95% of confidence level.

Themodel of I11-Glapan for the rel ationship between
CH_Salatigaand CH_Glebak variables, the 7t and
8" Ho hypothesis were rejected at the probability
value <5%. It shows that CH_Glebak variable has
influenced the CH_Salatiga variable and vice versa
at 95% confidence level.

The I11-Glapan model for the relationship between
Q Glapan and CH_Glebak variables, the 9" Ho
hypothesis was rejected at the probability value of
<5%, while at the 10" hypothesis Ho wasrejected at
the probability value of <10%. This shows that the
CH_Glebak variable has influenced the Q_Glapan
variable at 95% confidence level and vice versa at
90% confidence level.

a. VAR Model

Theformed of VAR modelsresulted fromtheanalysis
are shown in Table 5. Equation 1 shows that the
CH_Juwerovariableat lag 1 and 2 andthe Q_Juwero
variableat lag 1 and 2 show asignificant influenceto
the Q_Juwero variable. This means that the rainfall
and river discharge occurred one and two daysearlier
had a significant influence to the river discharge at
the Juwero weir. These variables could explain the
variety of water discharge in that weir by 70.13%
(R-squared).

Equation 2 shows that the CH_Juwero variables at
lag 1 andthe Q_Juwero variable at lag 1 and 2 show
significant influences to the CH_Juwero variable.
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While the CH_Juwero variable at lag 2, has only a
little effect to the Q_Juwero. It shows that rainfall
occurred two days earlier at Juwero station and river
water discharge that occurred one and two days
earlier at that station had a significant influence to
today’s rainfall at that station. These variables could
explainthediversity of rainfall at the Juwero Station
by 6.44% (R-squared).

Equation 3 shows that the CH_Sojom variable (at
lag 1) and the Q_Sojom variable (at lag 1, 2 and 3)
had significant influencestothe Q_Sojom variables.
Meanwhile, the CH_Sojom variable at lag 2 and 3
did not show a significant effect to the Q_Sojom
variable. This shows that the river discharge at
Sojomerto weir during the previous three days and
the rainfall occurred one day earlier at Sojomerto
station have significant influences to the today’s river
discharge in Sojomerto weir. These variables could
explain the variety of the river discharge in
Sojomertoweir by 44.30% (R-squared).

Equation 4 shows that the Q_Sojom variable (at lag
1) and CH_Sojom variable (at lag 1 and 2) had
significant influences to the CH_Sojom variable.
Meanwhile, the Q_Sojom variable (at lag 2 and 3)
and CH_Sojom variable (at lag 3)did not have the
same effect tothe CH_Sojom. It showsthat theriver
discharge at Sojomerto weir at one day earlier and
therainfall occurred at one day and two days earlier
at the Sojomerto station have significant influences
to the today’s rainfall in Sojomerto station. These
variables could explain the variety of rainfall in
Sojomerto station by 8.99% (R-squared).

Equation 5 showsthat the Q_Glapan variable (at lag
1), CH_Salatigavariable (at lag 2) and CH_Glebak
variable (at lag 1) had significant influences to the
Q_Glapanvariable. Whilethe Q_Glapan variable (at
lag 2) and CH_Salatiga variable (at lag 1) and
CH_Glebak variable (at 1ag 2), had insignificant effect
tothe Q_Glapan variable. Thisshowsthat the states
of river discharge at Glapan weir and the rainfall at
Grenjeng L ebak station at oneday earlier, aswell as
the rainfall in Salatiga stations at two days earlier
had significant influences to the today’s water
discharge at Glapan weir. These variables could
explainthevariety of river discharge at Glapanweir
by 31.94% (R-squared).

Equation 6 showsthat the Q_Glapan variable (at lag
1), CH_Salatigavariable (at lag 2) and CH_Glebak
variable (at lag 2) had significant influences to the
CH_Salatigavariable. Whilethe Q_Glapan variable
(at lag 2), CH_Salatiga variable (at lag 1) and
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CH_Glebak variable (at lag 2), had insignificant
influences to the CH_Salatiga. This shows that the
rainfall occurred two daysearlier at Salatigastation,
and rainfall occurred one day earlier at Grenjeng
L ebak station and theriver discharge at Glapan weir
provide significant influence to the today’s rainfall in
Salatiga Station. These variables could explain the
variety of rainfall in Salatiga Station by10.36% (R-
squared).Equation 7 showsthat the CH_Sal atiga (at
lag 1 and 2) and CH_Glebak variable (at lag 2) had
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significant influences to the CH_Glebak variable.
Meanwhile, the Q_Glapan variable (at lag 1 and 2)
and CH_Glebak variable(at lag 1), showsinsignificant
influences to the CH_Salatiga. This means that the
rainfall occurred at two and oneday earlier at Salatiga
and Grenjeng Lebak stations provide significant
influences to the today’s rainfall at Grenjeng Lebak
Station. These variables could explain the variety of
rainfall variables in that station by 15.98% (R-
squared).

Table 5. Formed VAR Model

M odel VAR

Equation

R-squared

I-Juwero 1

Q Juweo= 0.34* CH_Jwero(-1)"

0.701347

+014*CH_ duwero (-2)"
+0517Q_Juwero (-1) "
+0.28°Q_Juwero (-2)**

+1.73)

2 CH_Juwero= 0.12*CH_Juwero (-1)**

0.064373

+0.15*CH_ Juwero (-2)**)
-0.02*Q_Juwero (-1)7
+0.08*Q_Juwero (-2)

+2077
II-Sojomerto 3

Q Sojom= 0.36* Q_Sojom (-1)"”
+0.25% Q_Sojom (-2))
+0.14* Q_Sojom(-3)"

0.443029

+0.07*CH_Sojom (-1)™)

+0.01*CH_Sojom (-2)
- 0.03*CH_Sojom (-3)

+1.747)

4  CH_Sojom= 0.11*Q_ Sojom(-1)"
+ 0.06*Q_Sojom (-2)
- 0.05*Q_ Sojom (-3)

0.089921

+0.11*CH_Sojam (-1)™
+0.18*CH_ Sojam (-2)™)

+0.05*CH_ Sojam (-3)

+ 1767
I11-Glapan 5

Q Glgpan= 0.47*Q Glapan (-1) ”
+0.07*Q_Glapan (-2)
- 0.19*CH_Salatiga(-1)

0.319401

+0.28*CH_Sdlatiga(-2) )
+0.19*CH_G ebak(-1)™

- 0.02*CH_Glebak(-2)

+11.527)

6 CH_Sdatiga= 0.08*Q Glapan (-1)”
- 0.04*Q_Gapan (-2)
+ 0.05*CH_Salatiga (-1)

0.103564

+0.19*CH_Salatiga (-2)

+0.08*CH_Glebak (-1)"
+0.01*CH_Glebak (-2)

+2.877)

7  CH_Glebk= 001*Q_Gapan (-1)
+0.029*Q Glapan (-2)

0.159797

+0.12*CH_Salatiga (-1)"
+0.25*CH_Salatiga (-2) "

+ 0.02*CH_Glebak (-1)

+0.20*CH_Glebak (-2)™

+031

Nae:
™+ levd of confi dence 95%
& levd of confi dence 90%
Unmarked : not signi ficant
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e. Impulse Response

Impulse response function was used to analyze the
effect of rainfall variableto river discharge variable
and vice versa. One example of the influences of
rainfall to the increase of river discharge at Juwero
weir can be seen in Figure 5. The increase of the
rainfall significantly influenced to theincrease of river
discharge and it reached the peak on the second day,
and then gradually decline on the rest of the days
until reached its stationary at level .

=

4_- -.
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Figure 5. The impul se response graph of the
relationship between the CH_Juwero’s rainfall and
the Q_Juwero’s river discharge.

Understanding the relationship between rainfall and
river dischargeisreasonably easy, sinceanincrease
of rainfall will be followed by an increase of river
discharge within a certain time lag depending on
physical and hydrological characteristics of
watershed. The result of causality test in this study
positively confirms the relationship between these
variablesasshown in Juweroweir. The VAR models
formed could explain thevariety of theriver discharge
variable in reasonably high percentage.The
rel ationships between rainfall and river discharge at
Sojomerto and Glapan weirsshow similar behaviour,
although the response was different as shown by the
value of thetimelag and the percentage of the variety
that could be explained. Therainfall stations used to
predict the discharge at Glapan weir located at the
higher altitude than the weir, but the influence of the
river discharge variable to the rainfall variables
atSalatiga and Grenjeng Lebak stations was
prominent and illustrated by both the causality
relationships of the VAR models.

Statistically, the causality functions shows that the
discharge variable also influence to the rainfall
variable. Logically, thiscondition might not happen;
nevertheless, the VAR model could show that the
increase of the measured river discharge was also
affected by its previous condition.The VAR models
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used in this study statistically confirms that the
increase of the river discharge is not only affected
by the rainfall, but also influenced by the river
discharge. This conditionindicatesthat theincrease
in the discharge at the weir was also affected by the
rainfall that occursin the upstream during the previous
days. Thissignificant casualty relationship indicates
that the characteristics of the rainfall in thisregion
shifted downstream, as confirmed by the VAR model
at Glapan weir. Meanwhile, the number of timelag
indicates the time required from the incidence of
rainfall tothe measured of river discharge. Asaresult,
the differences of the time lag of these three weirs
indicated the differences of the physical and
hydrological characteristics of the watersheds.

Distance factor may also affects to the measured
discharge as shown in the VAR model for Glapan
weir. Hadi (2006) proved the significant relationship
of inter-stations correlation analysis on the rainfall
and the distance. Therefore, future researches need
to be devel oped by providing the relationship between
theinfluenced variables and distance.

Conclusion

TheVAR analysisresult could determine the causality
relationship between rainfall and river discharge
variables. Satistically, these rel ationshi psare shown
by their causality functions.The significant causality
relationships between the river discharge and the
rainfall variablesindicated that the characteristics of
the rainfall in this study area was that the rainfall
occurrence moved from upstream to downstream.
However, thereislimitation in this study, which could
affect to the result of prediction, mainly to the
prediction on the peak of theriver dischargereflected
by the time lag. This occurred due to the data used
were daily data. By using them, the rainfall is
presumed to occur throughout the day, whilein fact
the rain could have only occurred in afew hoursin
each day. Similarly, theriver discharge data may not
be constant throughout the day. Accuracy of the
prediction could increase by using datameasured in
shorter timeinterval; for example an hourly databut
that collected inlonger period.
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