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ABSTRACT Hydrological studies often rely on physical-based modelling approaches to simulate water cycles. However, such an approach requires
extensive basin physical data inputs, including features, attributes, and properties that are quantifiable, which often are lacking in data-scarce areas.
Therefore, this study explores an alternative viewpoint by using simple statistical analysis to assess the dynamic basin’s hydrological characteristics.
We collate and divide the rainfall and discharge observation data in the Upper Citarum River basin into three periods: period 1 (2000–2005), period 2
(2000–2010), and period 3 (2000–2015). After defining baseflow separation, we quantify the basin’s baseflow using simple statistical analysis. The 5-year
average of the baseflow fluctuations (33.15m3s-1, 12.88m3s-1, and 27.59m3s-1 during each period) agrees with previous studies’ physical-based results.
The subsequent frequency analysis indicates a trend of increasing rainfall, although it is not followed by the trend in the river discharge variable. Due to
the stochastic nature of extreme events occurrence and available data length, we evaluate the dynamic basin’s runoff generation using quasi-synthetic
rainfall instead of conventional design storm to equalize the stimuli (rainfall) in evaluating the target system (basin’s hydrological characteristics). Under
identical sets of forcing input, the quasi-synthetic river discharge consistently increases in each period in both the median (15.39% and 25.34%) and
extreme (21.86% and 29.46%) values. The results reveal the basin’s evolving hydrological responses, which are mostly influenced by anthropogenic
factors. This simple statistical approach enables the evaluation of basin characteristics’ dynamics in data-limited areas, bypassing extensive data
collection and random event occurrences while still providing consistent results.
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1 INTRODUCTION

In many hydrological studies, physical-based models
are often relied upon for basin assessment due to their
nature of real-world representation (Al-Areeq et al.,
2021; Gelete et al., 2023). Such an approach is estab-
lished on the concept of translating basin features and
properties into model parameters, leading to more in-
tuitive model setup. With the recent advancements in
remote-sensing technologies and open sciences, many
global datasets on basin physical characteristics be-
come easily accessible, positively contributing to the
growing the popularity of physical-based hydrological
models’ applications. Some of the online datasets, for
example, are Digital Elevation Model (DEM) (Yamazaki
et al., 2017a; Abrams et al., 2020), soil type (Shangguan
et al., 2014; Poggio et al., 2021), land use (Potapov et al.,
2022), river network (Munier and Decharme, 2022; Yan
et al., 2022), and more.

However, physical-based modelling also presents sev-
eral drawbacks. The heterogeneous nature of most
basin’s attributes often propagates to demands of spa-
tially high- resolution models, further lead to sub-grid
scale integration and problems of dimensionality in pa-
rameter calibration (Beven, 1989). Even in situations
where the the study area is relatively homogeneous,

it still requires an extensive amount of basin physical
data. Physical-based models are also dominantly regu-
lated by the model structure (Muhammad et al., 2019;
van Kempen et al., 2021), therefore selecting an appro-
priate model for each case is crucially important.

In response to these limitations, parsimonious mod-
elling approach (Paniconi and Putti, 2015; Newman
et al., 2017; Rusli et al., 2023) become favored in data-
limited areas. Simple models capable of represent-
ing hydrological processes are preferable over complex
models with insufficient justification in their setup and
parameterization. In the midst of balancing between
model representation and model complexity, a statis-
tical approach emerges. In general, statistic-based
analysis requires fewer data inputs yet produces still
reliable performances (Wang et al., 2021; Sun et al.,
2023). In data-scarce areas with limited data availabil-
ity, statistic-based analysis has the potential to unravel
the hydrological processes of the associated study area.

In this study, we apply the simple yet reliable statisti-
cal approach to unravel and quantify the dynamic hy-
drological characteristics in the test basin of the Up-
per Citarum River basin. Using exclusively the rain-
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fall and river discharge observation data without any
prior information on the basin’s physical attributes,
we aim to accurately quantify the river baseflow esti-
mates and assess the runoff generation process within
the study area. Through this approach, we achieve all
the aforementioned objectives, bypassing the tedious
basin’s physical data collection and pre-processing,
while keeping the analysis results consistent and sat-
isfactory. We expect the proposed method to be appli-
cable to other study areas, assisting in understanding
hydrological processes, particularly from the perspec-
tive of the river baseflow estimates and runoff genera-
tion responses.

2 MATERIALS ANDMETHODS

2.1 Study area

The study area is the Upper Citarum River basin
(UCRB), located in the West Java Province, Indonesia
(Figure 1). Its area includes the Bandung City and sev-
eral other surrounding districts, covering a total area
of approximately 1,817 km2. As the name suggests, the
main river flowing through the outlet is the upper part
of the Citarum River, as shown in Figure 1.

Topographically, the UCRB exhibits a high spatial vari-
ation in terrain elevation. As depicted in Figure 1,
the the elevation range of the basin spans from 645
meters above sea level at the outlet to a high 2,571
meters above sea level at its peak, estimated from
the Multi-Error-Removed Improved-Terrain Digital El-
evation Model (MERIT-DEM) dataset (Yamazaki et al.,
2017b). From a hydrological perspective, the steep-
sloped area is prone to high runoff generation, while
the vast plain terrain at the middle of the basin serves
as the receiver of the surface flow. The slope of the river
naturally mirrors the terrain, resulting in slower flow
velocity at the downstream part of the basin.

2.2 Rainfall and river discharge observation data

Within the UCRB, eight rainfall stations’ data are avail-
able, covering the period between 2000 and 2015. To
address the rainfall’s spatial variability, each station’s
spatial weight is calculated using the Polygon Thiessen
method (see Table 1). All coverage areas are in accor-
dance with the standard proposed by the World Me-
teorological Organization (WMO), taking into account
the coverage and topographical distributions of the
study area. Nonetheless, Java Island is already the
hydrologically- densest measured island in Indonesia.
This increases the degree of confidence in using the
UCRB as the designated study area. Figure 2 presents
the boxplot of each rainfall station’s measurement and
the areal rainfall estimates.

Figure 1 The general overview of the Upper Citarum river basin.
Eight rain-gauge stations are identified within the basin bound-
ary, while an Automatic Water Level Recorder (AWLR) for mea-
suring daily river discharge is installed at the catchment outlet.
The range of terrain elevation is represented by the color bar.

Table 1. Rainfall stations’ weight over the Upper Citarum River
basin area, approximated using Polygon Thiessen

Station Area (km2) Weight (%)

Sukawana 97.84 5.38

Cisondari 300.96 16.56

Ujungberung 232.61 12.80

Cicalengka 204.86 11.27

Ciparay 259.81 14.30

Paseh 166.85 9.18

Chincona 258.79 164.24

Bandung 295.55 16.26

The UCRB is also equipped with an Automatic Water
Level Recorder (AWLR). The temporal coverage of the
used river discharge observation data at the basin out-
let is consistent with the available rainfall data. Some
measurements, however, are contentious, particularly
in 2004 and 2011, where the observed river discharge
data is relatively lower in comparison to the areal rain-
fall estimates. These data are later excluded in fur-
ther calculations. Figure 3 displays the time-series dis-
charge observation, accompanied by the areal rainfall
values, to demonstrate the consistency between the
stimuli (rainfall) and response (runoff) variables.

In evaluating the basin characteristics’dynamic, in par-
ticular the river baseflow and runoff generation pro-
cess, we split the data duration into three periods: pe-
riod 1 between 2000 and 2005, period 2 between 2006
and 2010, and period 3 between 2011 and 2015. These
intervals are selected based on the land use/land cover
(LULC) changes detected in previous studies (Agaton
et al., 2016; Kuntoro et al., 2018). While these stud-
ies used decadal time steps for examining the changes
in the basin’s characteristics, it is evident that the
changes are significant in each time step. Given the no-
table figures, we divide the analysis periods into three
phases to produce more detailed results and analysis.
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Figure 2Comparisonbetween the rainfallmeasurements in each
station and the areal rainfall estimates’ distribution. The nar-
rower range of the areal rainfall estimates relative to the sta-
tion’s data reflects the non linearity of (extreme) event occur-
rences.

Figure 3 Time-series plot of the areal rainfall (right axis) and river
discharge observation data (left axis).

2.3 Baseflow separation

Several physical-based methods are commonly used to
estimate river baseflow, starting from parameter filter-
ing (Ladson et al., 2013; Zhou et al., 2021), baseflow
index (Oktavia et al., 2022; Taufik and Annisa’, 2022)
to other physical process-based approaches (Furey and
Gupta, 2001; Duncan, 2019; Sun et al., 2021). In this
study, we propose a simple approach by focusing on
the basic definition of river baseflow. Essentially, river
baseflow is the portion of streamflow that, for the most
part, is sustained, even during little to no precipitation
period. It is fed and maintained by the surrounding
groundwater flow, seeping through the riverbeds and
banks, provided that the groundwater head remains
higher than the riverbed elevation. Thus, our first crite-
rion for separating baseflow from river discharge data is
to select observed discharge data from days with ‘little
to no rainfall’.

However, ‘little to no rainfall’ terminology is qualita-
tive. As mentioned above, there are eight rainfall sta-
tions in the UCRB used in this study. Even when all but
one rainfall station reports no rainfall, the areal rain-
fall estimates would still report a rainfall event should
merely one station experience and report onemeasure-
ment. This non-linearity of event occurrences is visible
in Figure 2, resulting in a higher median of the areal
rainfall estimates compared to measurements from in-
dividual rainfall stations. As a result, there are only a

few instances of areal rainfall being recorded as non-
rainy days (32.20%). In context, the average number of
non-rainy days across all rainfall stations is calculated
at 61.21%, consistent with the climatic characteristics
of the study area. Therefore, we apply the ‘little to no
rainfall’ threshold condition at 1 mm. With this bench-
mark, the count of non-rainy days increases to 45.89%.

On the other side of the above situation, on days with
no rainfall, there are possibilities of high river dis-
charge observed values if that particular data were
recorded following direct day(s) of heavy rainfall. Due
to its moderate size, the rainfall falling upstream of the
UCRB may take more than a day to reach the basin’s
outlet, delaying the river discharge observation data by
one timestep compared to themeasured rainfall. These
two distinct events – the ‘little to no rainfall’ and the
consecutive rainfall events (CRE) – have to be consid-
ered in baseflow estimation. Therefore, in this study,
we collate all the river discharge measured on the non-
rainy days and use theirmedian value for each period to
avoid extreme values and establish our simple statistic-
based baseflow estimates.

2.4 Frequency analysis

Frequency analysis is a statistical method that relates
the magnitude of probable extreme events to the fre-
quency of their occurrences, typically expressed in re-
turn periods. A higher return period corresponds to a
lower probability and frequency of extreme event oc-
currence, along with a higher magnitude of the ana-
lyzed variable. In this study, the frequency analysis is
applied to both the rainfall data and the river discharge
observation data under 2, 5, 10, 25, 50, and 100-year re-
turn periods. The formula for such analyses, resulting
in design storm and design flood, is written as follows:

xT = x̄+ k.s (1)

With xT representing the design storm (mm) or de-
sign flood (m3s-1) under the selected return period, x̄
and s representing the mean and the standard devia-
tion of the annual maximum daily rainfall data (mm)
or annual maximum daily discharge observation data
(m3s-1), respectively, and k representing the frequency
factor which depends on the probability distribution
function (PDF) (dimensionless) and the selected return
period.

Within the frequency analysis, there are numerous
PDFs that can be applied to the formula. In this study,
it is performed using the Generalized Extreme Value
(GEV) distribution, which has been proven to perform
well in many other studies, be it applied to rainfall data
(Yoon et al., 2013; Ginting and Putuhena, 2017) or flood
discharge data (Jiang and Kang, 2019; Samantaray and
Sahoo, 2020). The formula for the GEV cumulative dis-
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tribution function (CDF) is as follows:

F (x) = e

{
−
[
1

k(x−ξ)
α

]1/k}
for k 6= 0 (2)

With ξ representing the location parameter,α the scale
parameter, and k the shape parameter. For each k value,
the GEV distribution corresponds to certain extreme
value distribution types, with the moments for the
GEVdistribution described comprehensively in (Smith,
1965).

Typically, applying frequency analysis incorporates the
inclusion of the whole available data. In this study,
however, we also aim to assess the trends in the rain-
fall and the river discharge variable in the UCRB. Given
the minimum data length of 10 years (Tunas and Oka,
2020) for hydrology-related frequency analysis and the
available data of 16 years, we opt to assimilate the data
progressively. The frequency analysis is iterated in 4
phases, using the data from 2000 to 2009, from 2000
to 2011, from 2000 to 2013, and from 2000 to 2015. To
address the non-linearity issue on the extreme rainfall
events occurrence – similar to the baseflow estimates
analysis but on the other side of the ‘extreme’–we first
conduct the frequency analysis on each rainfall station
before computing the areal rainfall estimates.

2.5 Statistical regression line fitting

After dealing with the low flow part of the dataset, we
move our focus to the higher rainfall and river dis-
charge section of the dataset, whose aerial rainfall es-
timates is higher than 1 mm. Using the identical pe-
riod division as in the baseflow estimates section (pe-
riod 1, period 2, and period 3), we compute the correla-
tion trend line between the rainfall and river discharge
using simple linear regression (least square method)
function:

ŷ = a+ b.x (3)

With ŷ representing the predicted discharge (m3s-1),
a representing the y-intercept of the regression line
(m3s-1), b representing the slope of the regression line
(m3s-1mm-1), and x representing the rainfall variable
(mm). The value of a and b is calculated as follows:

b =
Σ(xy)− ΣxΣy

n

Σ(x2)− (Σx)2

n

(4)

a =
Σy

n
− b.

Σx

n
(5)

With y representing the dependent variable of river
discharge (m3s-1) and x representing the independent
variable of rainfall (mm). We evaluate the regression
linear using correlation coefficient r, calculated using
the following formula:

Table 2. Correlation coefficient (r) evaluation criteria

r value Indication

0 < r < 0.3 Weak positive linear relationship

0.3 < r < 0.7 Moderate positive linear relationship

0.7 < r < 1.0 Strong positive linear relationship

r =
Σ(xi − Σx

n )(yi − Σy
n )√

Σ(xi−Σx
n )2Σ(yi − Σy

n )2
(6)

The resulting r values are evaluated based on the range
proposed in (Ratner, 2009), presented in Table 2. When
the application of the least square method to the rain-
fall and discharge correlation yields non-weak linear
relationships, we use the trendline equation to project
the design storm into another design flood approxima-
tion.

2.6 Quasi-synthetic rainfall and river discharge

To assess the basin’s dynamic characteristics, we quan-
tify the changes in the basin’s response to a certain set
of stimuli over the three designed periods. The stimuli
refer to the forcing input, regulated entirely by rainfall.
The basin’s characteristics embody the target system,
while the basin’s response is constituted by river dis-
charge. However, alongside the dynamics of the tar-
get system, the forcing input does also fluctuate. The
assessment of the basin’s dynamic characteristics un-
der fluctuating rainfall does involve systematic bias, as
the basin’s response is influenced by both the forcing
input and the target system’s attributes and proper-
ties. To ensure a robust evaluation, the target system
is forced by equal stimuli. This warrants that changes
in the basin’s responses are attributed solely to the
basin’s properties and not the forcing input. Therefore,
to standardize (and equalize) the forcing input, we cre-
ate sets of rainfall dataset, named the ‘quasi-synthetic
rainfall’ to approximate sets of quasi-synthetic river
discharge.

The term ‘quasi-synthetic’ is used as these datasets pri-
marily consist of hypothetical data. However, it does
not mean that they are not fully imaginary. The quasi-
synthetic rainfall, for example, is derived based on
the results of frequency analysis. A series of rainfall
events ranging from zero (non-rainy days) to the val-
ues of the design storm is established identically for
each analyzed return period. This ensures the rain-
fall heights to be aligned with the actual measurement
data, while still representing the changes in the in-
put variable through different return periods, hence
‘quasi-synthetic rainfall’. These quasi-synthetic rain-
falls are then forced into the target system. The re-
sulting basin’s responses, termed ‘quasi-synthetic river
discharge’, are approximated using the least-square re-
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Figure 4 Scatter plot of the areal rainfall estimates and river dis-
charge observation data. The blue region on the left separates
the ‘little to no rainfall’ area used for baseflow estimates. The
rainfall and river discharge correlation data are categorized into
three periods: period 1 (green), period 2 (yellow), and period 3
(red). The trend lines of each category are also presented, show-
ing increasing slope over the periods.

Figure 5 Distribution of river discharge baseflow estimates for
each period in focus. The median values of the boxplots (33.15

m3s-1 for period 1, 12.88 m3s-1 for period 2, and 27.59 m3s-1

for period 3) represent the 5- years average baseflow estimates,
showing the fluctuating nature of the Citarum River.

gression equation described in the previous section for
each period. As the quasi-synthetic river discharges are
calculated based upon different sets of target system’s
trendline, the analysis is expected to produce different
runoff generation processes for each period, which is
further juxtaposed with the information on the LULC
changes in the study area.

3 RESULTS

3.1 Baseflow and high-flow separation

Figure 4 separates the ‘baseflow’ (left) and the ‘runoff
generation’ (right) areas. The presentation facilitates
an intuitive correlation between variables; the x-axis

is the areal rainfall (independent variable) in mm, and
the y-axis is the observed discharge (dependent vari-
able) in m3s-1. To accommodate the wide range and
non-uniform distribution of rainfall data, the x-axis is
plotted on a log scale. To prevent losses of many data
points, we set the value of rainfall during non-rainy
days to 0.1 mm as the log-scale plot cannot display
zero-valued data points. While this adjustment affects
a large amount of data, the compromise in data qual-
ity is minimal since 0.1 mm of rainfall is practically
non-existent, especiallywhen compared to the extreme
rainfall events of higher return periods. The base-
flow region in Figure 4 also shows a large variation in
the river discharge observation data, ranging from 4.7
m3s-1 to 406.4 m3s-1, despite the approximately simi-
lar estimated areal rainfall values. This is due to the
CRE mentioned in Section 2.3. While the ‘current non-
rainy day’ is included in the baseflow region section of
Figure 4, the preceding rainy days are not. In practice,
while the non-rainy days intuitively lead to low river
discharge, prior hydrological events may regulate and
influence the river discharge in subsequent time steps.
This explains the presence of several data points where
the river discharge is relatively high even during peri-
ods of low areal rainfall.

On the right side of Figure 4, the areal rainfall esti-
mates and river discharge observation data pairings are
plotted and categorized by period 1, period 2, and pe-
riod 3. Then, we calculate and plot three regression
lines, also for each period. To support intuitive visual-
ization, both the dots and the regression lines are dis-
played with the same color scheme. The three regres-
sion lines appear parabolic despite having linear equa-
tions due to the semi-log plotting nature of Figure 4.
All regression lines indicate a moderate to strong re-
lationship between data pairings, with the r values of
0.40, 0.74, and 0.54 for period 1, period 2, and period
3, respectively. A trend is observed from the regression
lines, too– the slope of each line increases sequentially
across the periods: 4.41, 5.66, and 5.80 for period 1, pe-
riod 2, and period 3 respectively.

3.2 Baseflow estimate

Figure 5 displays the horizontal boxplots of the data
pairings in the baseflow region (Figure 4), categorized
by different periods. Due to the wide range of dis-
charge values under approximately similar low areal
rainfall estimates,we approximate the river baseflow as
the median of the data pairings. Figure 5 also features
an inverse axis compared to Figure 4: the x-axis rep-
resents the river discharge observation data in m3s-1,
while the y-axis depicts the areal rainfall estimates in
mm. This adjustment provides a better visual, as the
river discharge observation data have a significantly
wider range in comparison to that of the areal rainfall
estimates. The estimated 5-year average river base-
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Figure 6 Results of progressive design storm under various re-
turn periods. The arrows above the bar charts represent the
slope of changes in design storm values, considering the latest
rainfall trend.

Figure 7 Results of progressive design flood under various re-
turn periods. The arrows above the bar charts represent the
slope of changes in design flood values, considering the latest
discharge trend.

flow estimates for each period (1, 2, and 3) are 33.15
m3s-1, 12.88 m3s-1, and 27.59 m3s-1, respectively. Our
findings are either consistent or only slightly overes-
timate the results from previous studies, discussed in
Section 4.3. Our approach to estimating river baseflow
is proven to be capable of circumventing the laborious
physical data collection and preprocessing required for
physical-based baseflow separation analysis.

3.3 Progressive design storm and design flood

Following the baseflow analysis, Figures 6 and 7 de-
pict the progressive frequency analysis results for the
areal rainfall estimates and river discharge observation
data, respectively. As outlined in Section 2.4, the fre-
quency analysis is conducted progressively, resulting
in four bar charts for each return period. Interestingly,
Figure 6 and Figure 7 reveal two contrasting trends. In
the frequency analysis of the rainfall variable (Figure

6), incorporating more data into the frequency anal-
ysis leads to higher design storm values for every re-
turn period, indicated by the arrows’ direction above
the bar charts. However, the values in the second bar
chart have a uniquely diverging direction relative to the
other changes for each return period, elaborated fur-
ther in Section 4.4. It is also noted that the higher the
return period is, the higher the gap is among the results
of the progressive frequency analysis. Similarly, this is
also discussed in Section 4.4.

On the contrary to the frequency analysis results for
the design storm, the design flood decreases as the re-
turn period increases, with the exception of the two-
year return period values (Figure 7). The magnitude
also follows another trend: the decreases in the design
flood are smaller under the lower return periods and
are larger under the higher return periods. This is re-
lated to the length of the assimilated data and the vari-
ation of the annual peak discharge, discussed compre-
hensively in Section 4.4. Additionally, this decreasing
trend is observed only until the third phase of the pro-
gressive frequency analysis, involving river discharge
observation data from 2000 to 2013. When the river
discharge observation data from 2014 and 2015 are in-
cluded, the design flood increases again to a consid-
erable extent, especially for the higher return periods.
This U-turn drift is further discussed in Section 4.4.

3.4 Quasi-synthetic areal rainfall and river discharge

As outlined in Section 2.6, assessing the dynamics of
the basin’s characteristics is only meaningful under an
equalized forcing input. Figure 6 reveals that the as-
sumption of equal forcing is far from accurate among
different periods. This is evidenced by the consis-
tently changing trends of design storms resulting from
the progressive frequency analysis. Therefore, relying
solely on river discharge observation data in evaluating
the basin’s response may not yield robust conclusions,
as forcing inputs play an important role in the river
discharge generation, obviously alongside the basin’s
characteristic itself. Thus, equalized quasi-synthetic
areal rainfall for each period is created using the range
between zero and the frequency analysis results for
each return period.

Aligned with the research aim of conducting statistic-
based analysis rather than physical-based hydrological
modelling, the quasi-synthetic rainfall is forced to the
regression line equation between the areal rainfall es-
timates and the river discharge instead of a structured
hydrological model. In computing the trendline using
the least-square method described in Section 2.5, the
areal rainfall estimates serve as the independent vari-
able, while the river discharge as the dependent vari-
able. The computation results of the quasi-synthetic
river discharge are displayed in Figure 8, showing vary-
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Figure 8 The quasi-synthetic river discharge derived from quasi-
synthetic rainfall. The different color schemes represent the
three periods constituted by unique regression line equations.
The design flood calculated from the frequency analysis on the
actual river discharge observation data is also displayed along-
side the quasi-synthetic river discharge.

ing outcomes for each period. A clear trend emerges,
the quasi-synthetic river discharge increases between
every period with different degrees of the change. A
higher return period leads to a higher increase between
each period. Notably, the increment from period 1 to
period 2 consistently exceeds that from period 2 to pe-
riod 3, a phenomenon further examined and linked to
changes in the basin’s LULC, discussed in Section 4.4.

The design flood derived from the frequency analysis
of the river discharge observation data under each re-
turn period is also plotted in Figure 8 (black lines), ex-
hibiting values close to the upper quartile of the quasi-
synthetic river discharge. However, as the return pe-
riod increases, the disparity between these two vari-
ables becomes more pronounced. This discrepancy is
attributable to inherent uncertainties and limitations,
elaborated further in Section 4.1, as well as the non-
linearity of extreme event occurrences, discussed in
Section 4.2.

We also observe that the lower values of the quasi- syn-
thetic river discharge mirror the trend of the baseflow
estimates for eachperiod. In the baseflowestimates de-
picted in Figure 5, it is estimated that the baseflow in
the second period has the lowest values, while those in
the first and third periods are more comparable. The
lower ends of the quasi-synthetic river discharge box-
plots in Figure 8 precisely reflect this trend, demon-
strating the consistency of the proposed statistic-based
analysis.

4 DISCUSSIONS

4.1 Limitations and uncertainties involved

In doing this research, we acknowledge that physical-
based hydrological modeling offers greater intuitive-
ness and a more direct link with actual field condi-

tions. Conversely, the statistic-based method circum-
vents the laborious tasks associated with data collec-
tion and pre-processing, and requires lower compu-
tational resources. Clearly, both methods have their
own strengths and limitations, and each inevitably pos-
sesses inherent uncertainties, including in our own
proposed method.

In our proposed approach for estimating baseflow, we
encounter a broad range of river discharge observation
data. While we suggest employing median values as an
approximation for the baseflow, it’s important to note
that this assumption may not be universally applicable
across all basins. Factors such as soilmoisture and con-
dition, topography, river bathymetry, and others play
significant roles in baseflow generation. Therefore,
in different regions, using other statistical attributes
might yield more accurate results. This also highlights
the potential for developing semi-physical methods,
which combine less resource-intensive statistical com-
putations with parsimonious physical-based analyses.

In addition to baseflow estimates, our proposed
statistic- based approach encompasses the analysis of
high-flow regions. This is achieved through statistical
regression line fitting using the least-square method.
The resulting trendline is represented by a linear equa-
tion, which in itself constitutes a considerable assump-
tion. For future studies, exploring alternative regres-
sion methods commonly used in hydrology, such as
polynomial (Ostertagová, 2012), fuzzy (Bardossy et al.,
1990), or Bayesian regression (Reis et al., 2020), could
yield new insights into statistic-based hydrological as-
sessment. There is also concern about using daily-
based data instead of event-based data, which occur in
a shorter time scale in the UCRB.The annual maximum
daily rainfall, although measured daily, actually occurs
in hours; the same with the flood discharge. Future re-
search could very well benefit from another perspective
and analysis using event-based data.

The progressive frequency analysis on the rainfall and
river discharge data demonstrates a contrasting trend:
the design storm is predicted to increase when the lat-
est observation data is incorporated, while the design
flood decreases. This is an interesting tendency as, in-
tuitively, increasing storm should lead to higher river
discharge. There are several reasons behind this phe-
nomenon. Firstly, it is related to the dataset’s time step
of daily interval. The used river discharge dataset in
this study is ‘averaged’ on a daily basis instead of mea-
sured on instantaneous event-based river discharge.
This averaging process reduces the estimated peak dis-
charge, causing an underestimation of the actual flood
event. Secondly, the frequency analysis is conducted
based on only one-day measurement (the annual max-
imum daily flood discharge). Therefore, consecutive
high discharge is not taken into account. In several ob-
served years,while the annualmaximumdaily river dis-
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charge is lower than others, its total outflow volume is
actually higher. This indicates the difference in flood
characteristics (short-high peak vs long-consistent sta-
ble peak) that is not taken into consideration in annual
maximum daily data-based frequency analysis. Last
but not least, the result of the frequency analysis is
also influenced by sample size. Using (only) 16 years
of annual maximum daily data generates a low sample
size. Therefore, one or two diverging flood characteris-
tics would sway the overall frequency analysis results,
especially on the high return period.

Our approach to calculating quasi-synthetic river dis-
charge also does not consider CRE (consecutive rain-
fall events). The regression lines are determined solely
based on same-day data pairings; thus, any preceding
rainfall events are not considered and may lead to an
underestimation of river discharge estimates. Physi-
cally, CRE could potentially increase the ’current day’
river discharge (Wu et al., 2009; Zheng et al., 2020).
Moreover, it is projected to occur more frequently in
the future, too (Du et al., 2022). In our study, potential
effects stemming from this issue are mitigated by com-
paring the quasi-synthetic river discharge to the design
flood. Fortunately, Figure 8 indicates that underesti-
mation does not occur, as the design floods are calcu-
lated closer to the upper quartile of the quasi-synthetic
river discharge values.

4.2 Non-linearity of extreme events occurrences

Non-linearity issues could occur both in the lowand the
high values of rainfall events. In the case of low rain-
fall events, to account for non-rainy days in the study
area, all rainfall stations must record zero rainfall on
the same day. However, this scenario is often not met.
Therefore, as suggested in Section 2.3, we classify any
areal rainfall estimates of less than 1 mm per day as
non-rainy days.

A similar issue arises at the other end of the rainfall
spectrum with high extreme rainfall events. Calcu-
lating quasi-synthetic areal rainfall estimates involves
two steps: spatial analysis and frequency analysis. Fre-
quency analysis is relatively straightforward – a series
of annual maximum daily rainfall is collected and ex-
trapolated. Spatial analysis, however, integrates the in-
dividual rainfall station’s measurement to the basin’s
areal rainfall estimates. The issue of non-linearity oc-
curs because an annual maximum daily rainfall mea-
sured in one station does not necessarily lead to one
in other rainfall stations, which could potentially lead
to an underestimation of areal design storm. To tackle
this issue, we employ the frequency analysis for each
rainfall station dataset before the spatial analysis. On
the contrary, this approach may lead to overestimation
as it assumes the annual maximum daily rainfall to oc-
cur on the same day at all stations. Addressing this is-

sue in future studies may involve incorporating areal
reduction factors into the analysis (Pietersen et al.,
2015; Pavlovic et al., 2016; Mineo et al., 2019).

4.3 The dynamics of baseflow estimates

The variation among baseflow estimates in numerous
studies is inevitable. For instance, in the study by
(Salim et al., 2019), the UCRB’s baseflowwas calculated
based on the water balance proportion. It was approx-
imated that 30.29% of rainfall influx generated aver-
age baseflow of 29.94 m3s-1 in 2015. This aligns very
closely with our findings of the 5-years average base-
flow of 27.59 m3s-1 between 2011 and 2015. Similarly,
our estimates also corroborated with values proposed
by (Sudradjat et al., 2020).

Conversely, analyzing the period spanning from 2009
to 2018, (Fadhil et al., 2021) estimated baseflow val-
ues ranging from 4.3 m3s-1 to 38.1 m3s-1. Although
this may appear to align with our findings initially,
their calculated average baseflow of 12.3 m3s-1 falls be-
low our estimates. The overestimation is also echoed
by (Sebayang et al., 2022), with a baseflow estimates
of 7 m3s-1, representing the lowest estimates thus far.
These discrepancies underscore the need for further
studies to expand our limited understanding of hydro-
logical processes in the UCRB and possibly to account
for the fluctuating nature of river baseflow annually.
The temporal coverage of studies on baseflowestimates
in the UCRB does vary, making year-by-year evalua-
tions challenging. Moving forward, conducting base-
flow estimate studies at higher temporal resolutions
could prove beneficial.

4.4 The dynamics of runoff generation

Both Figure 6 and Figure 7 illustrate a global trend
of increasing rainfall and decreasing river discharge.
However, locally, there are contrasting trends, i.e. the
second phase of the progressive frequency analysis on
rainfall data and the fourth phase on the river discharge
data. These discrepancies occur due to the fluctuating
hydrological variables in the UCRB. For instance, 2011
was relatively dry in terms of annual maximum daily
rainfall, ranking as the second driest year between 2000
and 2015. The inclusion of one low annual maximum
daily rainfall value in the second phase of the progres-
sive frequency analysis, with only 12 data points, sig-
nificantly influences the results, especially in higher re-
turn periods. A similar phenomenon occurs in the fre-
quency analysis of river discharge observation data, but
in the opposite direction. The second highest river dis-
charge record in the UCRB of 468.1 m3s-1 occurred in
2014. Incorporating this specific data point into the
last phase of the progressive frequency analysis sub-
stantially increases the resulting design flood. Previ-
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ous studies have suggested that longer historical data
records lead to more accurate frequency analysis (Ko-
bierska et al., 2018; Tunas and Oka, 2020), in particu-
lar to those with high return periods. Therefore, in this
study, the highest considered return period is 100 years,
as conducting frequency analysis based on 16 years of
data would not result in accurate estimates for higher
return periods.

As assessing the dynamic’s basin characteristics is the
main aim of this study, it is crucial to observe the in-
crement of the river discharge estimates among each
period. Under identical forcings, the river discharge in-
creases in period 1, period 2, and period 3. Since the
forcings are equalized, the heightened river discharge
must result solely from the evolving basin’s response to
generate runoff. Numerous studies have suggested that
runoff generation is influenced by two primary driv-
ing factors: natural and anthropogenic factors (Rezaei
et al., 2019; Hou et al., 2020;Wang et al., 2022). Natural
factors relate to the basin’s intrinsic attributes, such as
vegetation cover, soil saturation, and topography,while
anthropogenic factors pertain to urban development,
LULC changes, impervious surfaces, etc. While natural
factors change slowly, anthropogenic factors are more
dynamic. The quasi-synthetic river discharge indicates
a change in the basin’s response, which is supported by
previous studies (Agaton et al., 2016; ?; Fadhil et al.,
2021). Increasing runoff could be attributable to the
forest area reduction of 35% reported by (Agaton et al.,
2016). On the other hand, the moderately developed
area coverage also increases from 10.5% to 23.1% from
1985 to 2015 (Kuntoro et al., 2018). Our results are con-
sistently in agreement even when compared in more
detail timesteps with long-term LULC change studies.
The diverging gaps between period 1 to period 2 and
period 2 to period 3 in Figure 8 agree with the results
reported by (Yulianto et al., 2020), as the LULC changes
between period 1 and period 2 aremore significant than
those between period 2 and period 3, as indicated by the
higher percentage of primary forest area loss.

5 CONCLUSION

In this study, a statistic-based approach for assess-
ing basin’s dynamic hydrological characteristics is de-
veloped with the aim of bypassing the tedious data
collection and pre-processing typically encountered
in physical-based hydrological modelling frameworks.
Using the rainfall and river discharge observation data
in the UCRB between 2000 and 2015, we succeeded in
quantifying the 5-years average river baseflow: 33.15
m3s-1, 12.88 m3s-1, and 27.59 m3s-1, which aligns with
estimates from most previous studies. To quantify the
changes in the basin’s response (river discharge) to
rainfall, we equalized the forcing for each period using
a quasi-synthetic rainfall, developed from the progres-
sive frequency analysis on areal rainfall estimates. The

results indicate that under standardized rainfall under
various return periods, the basin’s response is evolv-
ing due to anthropogenic factors influencing the runoff
generation processes. The quasi-synthetic river dis-
charge consistently increases in each period, in both
the median (15.39% and 25.34%) and extreme (21.86%
and 29.46%) values. These findings are corroborated
by previous studies focusing on LULC development in
the UCRB. The proposed methods and findings are ex-
pected to be applicable in areas with limited basin
physical data and are able to circumvents the neces-
sity for laborious pre-simulation work, while assisting
in understanding the hydrological processes in various
regions of application.
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