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Study region: Upper region of the Citarum basin in Indonesia.
Study focus: Assessing water balance components in data-scarce regions using different ap
proaches could result in different outcomes. In the upper reaches of the Citarum River in West
Java, Indonesia, for example, many previous studies found the groundwater storage to be
depleting, while GRACE identifies a contrasting trend of increasing groundwater storage change.
Therefore, in this study, we aim to improve the accuracy of water balance components estimates
in the Upper Citarum basin. Firstly, we estimate groundwater abstraction volumes based on
population size and a review of literature. Estimates of the other water balance components,
namely the rainfall, actual evaporation, discharge, and groundwater storage change are derived
from various global datasets and available measurements. We also use a distributed hydrological
model, wflow_sbm, to yield additional estimates of discharge and actual evaporation. We
compare each basin water balance estimate and quantify the uncertainty of some components
using the Extended Triple Collocation (ETC) method.
New hydrological insights for the region: ETC application on four different rainfall estimates suggests
a preference of using CHIRPS product in the study area as it delivers r2 of 0.56 and RMSE of
6.52 mm/day, compared to estimates from rainfall station (r2 = 0.39, RMSE = 8.57 mm/day),
SACA&D (r2 = 0.29, RMSE = 10.46 mm/day), and TRMM (r2 = 0.56, RMSE = 8.61 mm/day).
With CHIRPS rainfall forcing, wflow_sbm model estimates of average daily actual evaporation and
discharge are obtained. The results for actual evaporation (2.67 mm/day) are plausible with a
narrow difference of less than 0.50 mm/day among other estimates. The simulated discharge
results in a daily average of 5.38 mm/day, estimated between observation data (3.65 mm/day)
and GloFAS-ERA5 product (6.12 mm/day). Combining precipitation, actual evaporation, and
discharge with a groundwater abstraction estimate of 0.57 mm/day, the wflow_sbm-based
groundwater storage change is estimated at a daily storage depletion of 0.82 mm/day. Using
GLEAM actual evaporation estimates (3.13 mm/day) and observed daily discharge, on the other
hand, results in surplus water of 0.45 mm/day for groundwater storage change. These results
demonstrate the high uncertainty in capturing subsurface hydrological processes, although the
groundwater storage change estimates are found close to the estimates based upon GRACE
gravimetric satellite data of 0.25 mm/day, with a variance of 1.57 mm/day. To aid in estimating
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current and future basin-scale groundwater level changes to support operational water man
agement and policy in the Citarum basin, considering the massive groundwater abstraction, a
focus on subsurface hydrological components quantification is of great importance for future
research.

1. Introduction
Groundwater has been used for water supply purposes since prehistorical ages (Angelakis et al., 2016; Voudouris et al., 2018). Since
then, its exertion has developed from fulfilling life basic needs to meeting various demands from domestic, industrial, and agricultural
sectors. However, groundwater resources are increasingly over-exploited globally (de Graaf et al., 2016) from Central Asia (Chatterjee
et al., 2018; Hu et al., 2019), the Middle East (Al-Zyoud et al., 2015), South Europe (Closas et al., 2017), Africa (Khezzani and
Bouchemal, 2018; Mokadem et al., 2018), to Central America (Ochoa-González et al., 2018). Groundwater over-abstraction leads to
dwindling groundwater tables and often to deteriorating water quality, and in many ways threats the security of water resources on a
scale of the water cycle as a whole when the regulatory role of groundwater flow to other hydrological fluxes is considered (Chambel,
2015). It also leads to many other problems, such as land subsidence (Shen and Xu, 2011; Figueroa-Miranda et al., 2018), saltwater
intrusion (Kim and Yang, 2018; Mabrouk et al., 2018), and surface water level decrease (Lin et al., 2018; Wu et al., 2018).
Groundwater table fluctuation generally influences other water balance internal processes. For example, changes in groundwater
recharge-discharge pattern affect surface water system (Earman and Dettinger, 2011), groundwater flow pattern (Pétré et al., 2019),
runoff generation process (Abe et al., 2020), and rate of evapotranspiration (Lurtz et al., 2020). More consequences unavoidably occur
once more factors are involved, such as groundwater quality, anthropogenic influence (Zhu et al., 2019; Lin et al., 2020), climate
change (Zhu et al., 2020), and land cover and land use (LULC) development (Lamichhane and Shakya, 2019; Shawul et al., 2019).
Additionally, interactions among hydrological cycle, groundwater resources, and human interference are also mutually influential
as changes in water balance internal processes have a chain-reaction-effect in increasing groundwater abstraction from both uncon
fined and confined aquifers (Ali et al., 2012). Change in precipitation pattern has been found to have a strong relationship with
groundwater abstraction volume, too (Asoka et al., 2017). It is clearly shown that groundwater is very closely connected with basin
water cycle processes, although it flows on a spatially and temporally different scale.
Unfortunately, in determining water balance components with good accuracy, the required hydrological and hydrogeological
information is often unavailable, particularly in developing countries. The usage of global open-source datasets, as well as remote
sensing techniques (Rodell et al., 2009; Vorobevskii et al., 2020), statistical downscaling method (Haberlandt et al., 2014; Pomee et al.,
2020), and similarity-based regionalization techniques (Jafarzadegan et al., 2020), are just a few examples of how the challenge of
data-scarcity can be met. However, water balance estimates determined using freely available, often open-source, tools should be
accompanied by an awareness of each method’s uncertainties, assumptions, and embedded errors.
The Upper Citarum basin, located in West Java, Indonesia is an example of a region that is data-scarce as well as highly
groundwater dependent. At least 50 million cubic meters of groundwater was estimated to be abstracted in 1990, and it grows to 300
million cubic meters in 2006 (Tirtomihardjo, 2016). Added to this fact, other studies also indicate groundwater storage depletion in the
basin (Gumilar et al., 2015). Such a massive volume and impact of groundwater abstraction, unfortunately, is not well-managed and
monitored. Groundwater abstraction data are hardly available, accessible, and reliable for public information.
Based on rainfall stations measurement, the average daily rainfall in the Upper Citarum basin between 2005 and 2015 is of
5.40 mm/day (1971.77 mm/year), with a variance of 7.03 mm/day (617.91 mm/year). Meanwhile, according to ERA5 reanalysis
products (Hersbach et al., 2020), the average daily actual evaporation is estimated at 2.82 mm/day (1028.88 mm/year) with a
variance of 0.55 mm/day (36.03 mm/year). The remaining water from the precipitation and the actual evaporation estimates suggests
a lower average potential daily inflow of 2.58 mm/day compared to the observed average daily outflow of 3.65 mm/day, barring more
water is still lost due to groundwater abstraction. However, this seems to be in contrast with the Gravity Recovery and Climatic
Experiment (GRACE) estimate of total water storage that shows increasing terrestrial water storage in the last 15 years. The absence of
reliable hydrology and hydrogeology data makes it difficult to accurately capture the hydrological behavior of the Upper Citarum basin
and verify the true status of the groundwater storage change. It further stipulates the importance of more comprehensive and accurate
estimates of the water balance components in the study area, which is deeply discussed in this paper.
Therefore, the primary focus of this research is to provide improved estimates of the water balance components in a groundwaterdependent and data-scarce region of the Upper Citarum basin, in particular the rainfall, actual evaporation, discharge, groundwater
abstraction, and groundwater storage change. Each component is based not only on ground measurement but also various approaches
and sources: open-source global datasets, remote-sensing-based estimates, and hydrological simulation using wflow_sbm model
(Schellekens et al., 2020). Uncertainty bounds of each water balance component are also quantified, more importantly, to appraise the
accuracy of each estimate using the extended triple collocation (ETC) method (McColl et al., 2014).
Structure-wise, this paper is set up as follows: the study area is described in Section 2. Section 3 explains the material, methods, and
experimental setup. The results are described in Section 4 and are discussed in Section 5. Finally, the conclusion is available in Section
6.
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2. Study area
2.1. The Upper Citarum basin
The study area is the Upper Citarum Basin, located in the West Java Province, Indonesia (Fig. 1). Estimated from Multi-ErrorRemoved-Improved-Terrain Digital Elevation Model (MERIT-DEM) (Yamazaki et al., 2017), its total area extends over 1823 km2 .
Administratively, it covers large parts of two cities, Bandung and Cimahi, and three other smaller regencies of Bandung, West Bandung,
and Sumedang. According to the West Java Central Bureau of Statistics, the Upper Citarum basin is populated by no less than 9.6
′
′
′
′
′
million people in 2017. It is geographically located between 6◦ 43 S 107◦ 22 E and 7◦ 15 S 107◦ 57 E, with its outlet at 6◦ 56 S
′
107◦ 30 E. Topographically, the Upper Citarum Basin is situated in varying elevated terrains, surrounded by mountainous areas around

Fig. 1. Overview of the Upper Citarum basin. The upper left panel shows the location of the western part of Java Island in Indonesia. The upper
right panel shows the location of the Upper Citarum basin in Java Island. The main panel shows the geographical location, river system, and
topographical distribution of the Upper Citarum basin based on Multi-Error-Removed-Improved-Terrain Digital Elevation Model (Yamazaki et al.,
2017). The locations of 11 rainfall stations and discharge measurement (Nanjung station) are also pointed.
3
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the basin periphery with the highest elevation of 2500 m above sea level (ASL) and basin outlet elevation at 640 m ASL. Fig. 1 also
shows the topographical distribution of the Upper Citarum basin, with a vast and relatively flat landscape distributed primarily in the
middle part of the basin. Looking from land use and land cover (LULC) perspectives, these territories are the primary location where
cities and industries have been developing. Rapid urbanization is the major driving force behind such growth, degrading the water
shed, impacting basin water quality (Agaton et al., 2016), and increasing basin susceptibility to flooding occurrences (Siregar, 2018).
2.2. Hydrology and climate situation
There are 11 rainfall stations spatially distributed within and around the Upper Citarum basin (see Fig. 1). Based on these rainfall
stations’ data between 2005 and 2015, which are provided by the National Meteorology, Climatology, and Geophysical Agency
(BMKG), the average annual rainfall in the Upper Citarum basin, interpolated using the Thiessen Polygon method, is 1971 mm. These
measurements, however, involve huge uncertainties and errors as there exist notable periods when potentially missing data were not
properly gauged. This issue is comprehensively discussed in a later section. The rainfall seasonal pattern is divided into dry and rainy
seasons, occurred annually from April to September and October to March, respectively. As the Upper Citarum basin is located in a
tropical region, rainfall is dominantly the only source of precipitation throughout the year.
The Upper Citarum basin is the upstream part of a bigger watershed system, the Citarum River basin, whose outlet flows to the Java
Sea. Three cascading dams are constructed along the main river: Saguling, Cirata, and Jatiluhur dam. Saguling reservoir, being the
most upstream among the three, is located at the downstream section of a discharge measurement station named Nanjung (see Fig. 1).
Pinpointed as the Upper Citarum basin outlet, the discharge in Nanjung station is monitored using an Automatic Water Level Recorder
(AWLR). The streamflow data are made available by the Indonesia Research Center for Water Resources (PUSAIR). Between 2005 and
2018, the minimum and maximum recorded daily discharge in Nanjung station are 4.08 and 469.29 m3 /s respectively, with an average
of 73.86 m3 /s. Peak flows are frequently found, with events of daily discharge surpassing 450 m3 /s (approximately the 95th
percentile) occurred 6 times during the mentioned period.
The climate in the Upper Citarum basin is of a tropical monsoon climate, with relatively constant temperatures throughout the year.
According to BMKG climatology data between 2005 and 2014, the mean annual temperature in the basin is 23.4 ◦ C, with a very narrow
range of average monthly temperatures between 22.5 and 24.8 ◦ C. Spatially, the temperature is more varied with an average of 15.3 ◦ C
around the mountainous area surrounding the basin periphery. Similar to other typical tropical climate regions, the Upper Citarum
basin has high potential evapotranspiration, estimated at 1560 mm annually (Siswanto and Francés, 2019).
2.3. Groundwater abstraction
Hydrogeologically, the Upper Citarum basin subsurface consists of layer-cake type aquifers, with Cibeureum formation as its main
aquifer, interspersed by Kosambi formation as a spatially-distributed aquitard (Hutasoit, 2009). Fig. 2 shows the typical north-south
hydrogeological cross-section of the Upper Citarum basin. Groundwater over-exploitation has been long known as a threatening
problem in the basin (Gumilar et al., 2015; Tirtomihardjo, 2016), with the domestic sector pumping from shallow aquifers and the
industrial sector from deep aquifers. The current groundwater abstraction rate has set off various consequences, such as notable land
subsidence of 8 cm/year on average (Abidin et al., 2012), and even up to 2 meters in several industrial zones (Gumilar et al., 2015).
There is no monitoring initiative, unfortunately, for the domestic groundwater abstraction. According to the local regulation, it is
entirely legal to pump shallow groundwater to supply household needs. In this study, domestic groundwater abstraction volume is
therefore estimated from population number (data courtesy of the West Java Central Bureau of Statistics report in 2017), population

Fig. 2. North-south hydrogeological cross-section of the Upper Citarum basin, modified from (Hutasoit, 2009). The north part (left in the picture) of
the basin acts as recharge zones (green box), while groundwater is mainly abstracted in the middle part of the basin (purple box) from both un
confined aquifers by the domestic sector and confined aquifers by the industrial sector (annotated by blue arrows). The red, yellow, and green layers
represent a layer-cake type of rock formation in the Upper Citarum basin. (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)
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growth estimate (Tarigan et al., 2016), average daily water consumption per person, and water supply coverage from Municipal
Drinking Water Company (PDAM) (Moersidik et al., 2015) (see Table 1). Between 2005 and 2018, the average domestic groundwater
abstraction volume is estimated at 122 million m3 per annum, equivalent to 0.18 mm/day.
Regarding the industrial sector demand, Bandung City regulation includes theoretically strict rules in abstracting groundwater
from deeper aquifers. Unfortunately, law enforcement for water-related regulations in Indonesia is extremely weak (Braadbaart and
Braadbaart, 1997; Listiyani and Said, 2018). Office of Mineral and Energy Resources (ESDM) of West Java Province, concerning
groundwater institutional management, is the responsible organization to derive, implement, and evaluate policies related to the use of
groundwater, especially those abstracted by the industrial sector. Currently, groundwater abstraction volumes from registered deep
wells of the industrial sector are known to be partly monitored by ESDM since 2017 and are accessible upon request for research
purposes – such figures were more of an unknown quantity to public pre-2017.
In 2017, there are 377 deep wells operated by industries with total annual groundwater abstraction volumes of 6.8 million m3
reported to ESDM within the Upper Citarum basin. Such numbers are believed to be significantly higher in reality. Tirtomihardjo
(2016) calculated the sum of the reported groundwater abstraction volumes by industrial sector, and found it to be already at a rate of
47.6 million m3 in 2008. Further, Taufiq et al. (2017), using a simplified groundwater model, estimated the actual industries’
groundwater abstraction between 2010 and 2015 to be 14 times higher than the volumes reported to local government (Fig. 3). A
positive point from Fig. 3 is that in the last 15 years, industrial groundwater abstraction has been decreasing, agreed by the increasing
groundwater storage change estimated from gravimetric satellite data of GRACE, although, as it has been mentioned above, it is in
contrast with the result of previous studies (Gumilar et al., 2015; Tirtomihardjo, 2016). From field observation and direct interviews
with site officers, the annual industry-driven groundwater pumping values in this study is estimated at 255 million m3 , equivalent to
0.38 mm/day.
In summary, the Upper Citarum basin is a highly groundwater-dependent region as the majority of its water demand is fulfilled by
abstracting water from the sub-surface. From the above description of domestic and industrial demand, approximately 370 million m3
of groundwater, equivalent to 0.57 mm/day, is believed to be abstracted annually. With such a massive abstraction volume, it is
hypothesized that groundwater abstraction has a significant influence on other components of the basin water cycle and possibly
impacts its total water storage negatively.
3. Methodology
3.1. Data sources and availability
The Upper Citarum basin is a data-scarce region with limited information and access to local observations and measurements.
Therefore, we explore various sources of literature, site survey, and global datasets. A major portion of secondary data is provided by
government organizations previously mentioned: ESDM, BMKG, and PUSAIR. Several numbers of available global datasets are taken
into account to provide additional information on unmeasured water budget variables and to validate the uncertainty of each estimate.
In summary, Table 2 lists the major data sources used in this study.
There are four sources of rainfall data considered in this study. The first two rainfall datasets, BMKG and SACA&D, are sourced and
derived from rainfall-station-based measurements. BMKG rainfall station data are available from eleven stations shown in Fig. 1.
SACA&D (van den Besselaar et al., 2017) are interpolated gauge-based precipitation products applied in the South East Asia region by
using an optimum interpolation method (Hofstra et al., 2008) implemented in European Climate Assessment and Dataset (ECA&D)
project (Haylock et al., 2008). The other two data sources are satellite-based data, TRMM3B43 (further referred to as ‘TRMM’) and
CHIRPS (Funk et al., 2015); both are gauge-based corrected estimates. TRMM data have been widely used in Indonesia (Prasetia et al.,
2012; As-syakur et al., 2013) as well as CHIRPS (Setiawan et al., 2017; Narulita and Ningrum, 2018). Additionally, both datasets were
Table 1
Estimated domestic-only groundwater abstraction volume in the Upper Citarum basin.
Year

Basin population
(people)

Average water consumption
(liter/person/day)

2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018
Average

6,269,003
6,496,376
6,731,996
6,976,162
7,229,183
7,491,382
7,763,090
120
8,044,653
8,336,428
8,638,785
8,952,109
9,276,797
9,613,261
9,949,726
volumes of the annual domestic groundwater abstraction

Total domestic water
demand (Mm3 /year)

Government water supply
(Mm3 /year)

Domestic groundwater
abstraction (Mm3 /year)

274.58
284.54
294.86
305.56
316.64
328.12
340.02
352.36
365.14
378.38
392.10
406.32
421.06
435.80

178.48
184.95
191.66
198.61
205.81
213.28
221.02
229.03
237.34
245.95
254.87
264.11
273.69
283.27

96.10
99.59
103.20
106.94
110.82
114.84
119.01
123.32
127.80
132.43
137.24
142.21
147.37
152.53
122.39
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Fig. 3. Correlation between GRACE estimates on groundwater storage change (top) and annual reported and estimated actual groundwater
pumping volumes by the industrial sector in the Upper Citarum basin (adapted from Taufiq et al. (2017)) (bottom). GRACE estimates show an
increasing trend of groundwater storage change, agreed by a decreasing trend of groundwater abstraction during the same period. There was an
organizational management shuffle of groundwater monitoring policies in the Upper Citarum basin after 2015 and data were missing for some years.
The data were made available again in 2017, only to show significantly further drops in the reported – not the actual – groundwater abstrac
tion volumes.
Table 2
Major data sources list.
Data

Source

Precipitation

BMKG rainfall station (2000–2015)
Interpolated gauge-based SACA&D (1981–2018)
Satellite products of CHIRPS (1981–2018)
Tropical Rainfall Measuring Mission (TRMM) (1998–2018)
ECMWF Re-Analysis product of ERA5
Global Land Evaporation Amsterdam Model (GLEAM)
ECMWF Re-Analysis product of ERA5
Hydrological model based estimate (wflow_sbm)
Automatic Water Level Recorder measurement by PUSAIR
Hydrological model based estimate (wflow_sbm)
Global Flood Awareness System (GloFAS)-ERA5
Official reports and previous research results
Population data based estimate
Gravity Recovery and Climate Experiment (GRACE)
MERIT-DEM

Potential evapotranspiration
Actual evaporation
Discharge
Groundwater abstraction
Groundwater storage estimate
Topography data

also found superior to drive hydrological model of SWAT to produce satisfying simulation results even when compared with rain gauge
data (Luo et al., 2019).
There are three sources of daily actual evaporation data: GLEAMv3.3a (further referred to as ‘GLEAM’) (Miralles et al., 2011;
Martens et al., 2017), ERA5 (Hersbach et al., 2020), and wflow_sbm model simulation results. Particularly for Indonesia, GLEAM
estimates have been tested and deliver good performance in the western part of the Java Island (Wati et al., 2018), with a spatial
resolution of 0.25◦ × 0.25◦ . ERA5 data, meanwhile, is available in a finer spatial resolution of 0.1◦ × 0.1◦ . Wflow_sbm model calculates
daily actual evaporation using the potential evaporation estimated based on downscaled ERA5 temperature, radiation, and surface
pressure, a method suggested by de Bruin et al. (2016).
Observed daily discharge data are provided by PUSAIR. Additionally, two more discharge estimates from wflow_sbm model
simulation and the Global Flood Awareness System (GloFAS)-ERA5 are used. Wflow_sbm model and its parameterization are based
upon the method of (pedo)transfer function (Imhoff et al., 2020) described in Section 3.3. GloFAS-ERA5 is a global river discharge
reanalysis product, whose accuracy, unfortunately, decreases as the catchment size becomes smaller (Harrigan et al., 2020), to the
accuracy of average KGE of 0.21 for catchment size between 500 and 2500 km2 , a range suitable to the Upper Citarum basin.
6
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Therefore, GloFAS-ERA5 estimates are used more as a comparison tool rather than an applicable estimate in this study.
Groundwater abstraction is estimated from the population data and literature reviews of industrial pumping. Further, the
discrepancy between the basin inflow (precipitation) and outflow (evaporation, river discharge, and groundwater abstraction) de
termines groundwater storage change. The groundwater storage change is also estimated from the GRACE dataset of gridded monthly
global water storage (NASA/JPL, 2019). Since GRACE is measured in 1◦ × 1◦ resolution, it is necessary to reconcile the spatial res
olution difference between GRACE and catchment size (Landerer and Swenson, 2012). In fact, the GRACE estimates have been used
mostly in large basins such as the Amazon (Pokhrel et al., 2013), the Colorado (Rahaman et al., 2019), the Upper Nile (Shamsudduha
et al., 2017), and the Heihe (Cao et al., 2012). Its application on local-scale groundwater basins has been limited due to its inherit
uncertainties (Sun, 2013). However, considering the uniformly distributed hydrological characteristics of rainfall pattern, population
density, and urban development in the area surrounding the Upper Citarum basin, we assume that the footprint of these remainder
areas captured by GRACE is a good representation of the study area itself. Moreover, using GRACE data as a verification tool still has its
merit as (Humphrey et al., 2016) demonstrated GRACE meaningful hydrological signal in high frequency (monthly) temporal vari
ability, which is what we use in this study. GRACE has also been used as a terrestrial water storage reference in Indonesia (Han et al.,
2017).
3.2. Extended Triple Collocation (ETC method)
Uncertainty of each water balance component estimate is quantified using the extended triple collocation (ETC) technique (McColl
et al., 2014), the improved uncertainty estimation method from the standard triple collocation (TC) (Stoffelen, 1998). Practically, both
TC and ETC methods have been applied to many geophysical parameters, such as soil moisture data (Gruber et al., 2016; Chen et al.,
2018), sea surface temperature data (Saha et al., 2020), and ice concentration data (Scott, 2020). It is important to realize that ETC
does not reduce uncertainty. Instead, it quantifies uncertainties to assist in selecting the least uncertain product among numbers of
estimates.
In principle, ETC method evaluates uncertainty by deriving the correlation coefficient of each measurement system with respect to
an unknown target variable (McColl et al., 2014) and is expressed through RMSE and r2 parameter (Wu et al., 2019). It assumes the
existence of a linear relationship between independent dataset Xi and hypothetical ‘true value’ T, with Eq. (1):
(1)

Xi = αi + βi T + ϵi

where αi and βi are calibration parameters and ϵi is the corresponding random error. Further, covariances between different mea
surements, used to directly determine the designated objective function of RMSE and r2 , are calculated using Eq. (2):

Fig. 4. Overview of processes and fluxes in wflow_sbm model framework (Schellekens et al., 2020).
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(2)

Qi,j = cov(Xi , Xj ) = E(Xi Xj ) − E(Xi )E(Xj )

where Qi,j represents covariance between two datasets, Xi and Xj . As ETC method requires three unique datasets for each analysis (i,j =
1, 2, 3), there are six different covariance values based on three dataset permutations (Q11 , Q12 , Q13 , Q22 , Q23 , and Q33 ). These co
variances are used to calculate two objective functions:
⎤
⎡
Q12 Q13
−
Q
11
⎢
Q23 ⎥
⎥
⎢
⎥
⎢
⎢
Q12 Q23 ⎥
2
⎥
⎢
RMSE = ⎢ Q22 −
(3)
Q13 ⎥
⎥
⎢
⎥
⎢
⎣
Q13 Q23 ⎦
Q33 −
Q12
⎤
Q12 Q13
⎢Q Q ⎥
⎢ 11 23 ⎥
⎥
⎢
⎢ Q12 Q23 ⎥
⎥
r2 = ⎢
⎢ Q22 Q13 ⎥
⎥
⎢
⎥
⎢
⎣ Q13 Q23 ⎦
Q33 Q12
⎡

(4)

where each element in each matrix represents the subsequent objective function value of each dataset. It is widely known that the
closer RMSE and r2 values to 0 and 1, respectively, the better the simulation performs.
3.3. Wflow_sbm model and its parameterization
Wflow_sbm model (Schellekens et al., 2020), modification of the previous topog_sbm model (Vertessy and Elsenbeer, 1999), is used
to simulate the hydrological cycle in the Upper Citarum basin. It is built on PCRaster (Karssenberg et al., 2010) and Python language.
Fig. 4 displays an overview of the simulated processes and fluxes within the model framework. One of the wflow_sbm primary strengths
is the model parameters that mostly represent physical characteristics, making it easier to interpret and correlate their values with
physical catchment properties (Vertessy and Elsenbeer, 1999). It has been used in broad applications on hydrological modeling,
delivering good performance, too (López et al., 2016; Hassaballah et al., 2017; Gebremicael et al., 2019; Wannasin et al., 2021b).
We use a similar setup as (Imhoff et al., 2020) for model parameterization. The high-resolution model is parameterized based upon
point-scale (pedo)transfer functions (PTFs), followed by scaling to model resolution. This method has been applied to other tropical
catchments with good results (Wannasin et al., 2021a). Soil-related parameters are estimated based on soil types from SoilGrids
database (Hengl et al., 2017). Monthly Leaf Area Index (LAI) climatology is used for calculating daily interception using the model of
Gash (1979) and derived from MODIS. For river network, slope, and river slope, we use Eilander et al. (2020) method based on
MERIT-DEM dataset (Yamazaki et al., 2017). For deriving parameter values coupled to land use, we use vito land use map (Buchhorn
et al., 2020). The parameter controlling recharge to deep groundwater (MaxLeakage) is set to zero. To limit computing time, we use one
day timestamp with fixed sub-timesteps for kinematic wave iterations; 900 s for river cells and 3600 s for land cells.
The model is forced with CHIRPS rainfall data (spatial resolution of 0.1◦ × 0.1◦ ) and PET derived from ERA5 reanalysis (de Bruin
et al., 2016). For spatial downscaling of ERA5 2 m temperature to the model grid, we use a fixed lapse rate of 0.65◦ /100 m. For the
period of simulation, we simulate the hydrological cycle between 2005 and 2018 where all the hydrological components data are
available or have been created.
3.4. Groundwater storage change estimate
As there is no snow-formed precipitation and notable reservoir/lake/water bodies within the basin spatial domain, the Upper
Citarum basin storage involves only subsurface storage, both in soil moisture storage (vadose zones) and/or groundwater storage
(saturated zones), referred to as ‘groundwater storage’. Change in the groundwater storage (ΔS) is therefore determined by all the
above-mentioned water balance components of precipitation (P) as the inflow, and actual evaporation (AE), river discharge (Qr ), and
groundwater abstraction (Qa ) as the outflow, calculated using Eq. (5):
(5)

ΔS = I − O = P − (AE + Qr + Qa )

On the other hand, recharge is a very important flux to consider in groundwater storage change assessment. However, from a whole
catchment perspective, recharge is an internal process within the water cycle, not a water balance component that flows into (like
precipitation) or out from (like actual evaporation, river discharge, and groundwater abstraction) a catchment directly itself and
therefore not included in Eq. (5). In this study, we report the average daily recharge estimates based on the wflow_sbm model
simulation. It is important to note that these estimates vary in space and time.
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3.5. Uncertainty bounds experimental setup
Using two rainfall-station-based and two satellite-based measurements, the uncertainty of each rainfall dataset is evaluated based
on each values and measurement techniques. The spatial resolution of the rainfall data is selected on the same resolution of 0.25◦ ×
0.25◦ . As the four rainfall data sources have different temporal coverages (see Table 2), the overlapping data availability period
between 2000 and 2015 is selected. The calculated objective functions, RMSE and r2 , are averaged within grids bounding the Upper
Citarum basin.
ETC method requires a minimum of one group consisting of three different datasets to be evaluated, while there are four different
rainfall data sources listed in Table 2. Therefore, four ETC datasets are constructed to utilize all available data, while at the same time
conforming to ETC input requirement, named ETC_1, ETC_2, ETC_3, and ETC_4. ETC_1 consists of rainfall station data, SACA&D, and
CHIRPS. ETC_2 consists of rainfall station data, SACA&D, and TRMM. ETC_3 consists of rainfall station data, CHIRPS, and TRMM.
Lastly, ETC_4 consists of SACA&D, CHIRPS, and TRMM. The rainfall estimate with the highest r2 and the lowest RMSE is used to drive
the wflow_sbm model.
Furthermore, with various estimates obtained from numerous approaches, we derive uncertainty bounds of each water balance
component by calculating some statistical distribution of the inter-annual estimates during the simulated period between 2005 and
2018, namely the mean, 1st, and 3rd quartile. For rainfall estimates, we put our main focus on the best estimates according to the ETC
application following the rainfall data screening. For actual evaporation and river discharge estimates, we define two sets of estimates:
ETC-based and wflow_sbm-based estimates. ETC-based estimates consist of the rainfall, actual evaporation, and discharge estimates
with the highest r2 and the lowest RMSE based on ETC application on each component, added with the estimated groundwater
abstraction, which lead to the groundwater storage change estimate. The wflow_sbm-based estimates, on the other hand, consist of an
identical set of estimates, except the actual evaporation and discharge estimates are obtained from the wflow_sbm hydrological model
simulation.
4. Results
4.1. Data quality screening
Two observed data that are mainly checked and screened prior to further estimates are the observed rainfall and discharge. We
examine the number of non-rainy days in all rainfall estimates to inspect their reliability regarding potentially missing measurements.
For discharge data, we compare the rising and falling pattern of daily discharge observation with CHIRPS rainfall and qualitatively
derive judgment based on their agreement.
Between 2005 and 2015 when all rainfall station data are available, each rainfall station has on average 233 non-rainy days each
year. The stations with the most non-zero data available, Cisondari rainfall station, has on average 208 non-rainy days annually, while
other stations have 257 non-rainy days at most. This number does not correspond well with rainfall characteristics in a tropical region

Fig. 5. Plot between CHIRPS rainfall estimate (red bar – right axis) and observed discharge (blue line – left axis). The disagreement of the rising and
falling pattern between the two fluxes is shown in several periods and taken into account in the succeeding analysis. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)
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(in this instance the Upper Citarum basin) where there are only two seasons during a year, rainy and dry, with roughly similar temporal
length. In contrast, SACA&D, CHIRPS, and TRMM rainfall estimates, respectively, have significantly fewer non-rainy days of only 161,
133, and 170. This fact shows the unreliability of the rainfall station data, specifically in the Upper Citarum basin, as these non-rainy
days might not actually have happened. Instead, there were rainfall occurrences unrecorded during actual precipitation. Moreover, the
amount of non-rainy days is not related to missing data in certain prolonged periods as well, since the longest consecutive non-rainy
day in Cisondari rainfall station is found at 22 days, reflecting the absence of a dry season. With such ambiguous observation,
considering and further utilizing other rainfall estimates is unavoidable, hence the application of the ETC technique to the rainfall
estimates becomes even more important.
Responding to the dubious rainfall data quality, the discharge data screening is performed by comparing the observed discharge,
not to the observed rainfall but CHIRPS rainfall estimates. Fig. 5 shows the rising and falling pattern of the observed discharge due to
the stimuli of CHIRPS rainfall estimates from 2005 to 2015. We can see the seasonal pattern from both data: a trend of higher rainfall
and discharge that starts during September/October and ends during June/July. The rainfall plot presents little variance between wet
and dry years, although it is still visible. For example, 2011 was a relatively dry year with less rainfall than the average, while 2013 was
much wetter. The pattern is, however, dissimilar to the observed discharge. The basin response is sometimes inconsistent with the
rainfall pattern. In 2012, for instance, the continuous rainfall early during the year was not followed by a rising discharge, instead, it
shows a series of consistent low flows. Thus, in subsequent analysis, the calculation of average discharge does not consider data from
2012.
4.2. Rainfall estimates
Fig. 6a shows a comparison between various estimates of annual rainfall in the Upper Citarum basin. It suggests that satellite-based
measurements of CHIRPS and TRMM result in an estimate of precipitation that is higher (2872 and 2863 mm/year respectively) than
that of station-based measurements (1972 mm/year for rainfall station and 2426 mm/year for SACA&D). This is agreed by the data
screening which shows numerous potentially missing data in the rainfall station record. Secondly, Fig. 6b reports the result of ETC
application to the daily rainfall estimates. The left- and right- side y-axis show the r2 and RMSE values, respectively.
Fig. 6a in combination with r2 metric in Fig. 6b show that rainfall estimates sourced from more similar measurement techniques
tend to be in a better agreement compared to estimates from different approaches. r2 of both rainfall station and SACA&D data are
higher than the satellite-based measurements in ETC_1 and ETC_2, while similar patterns are found in r2 of CHIRPS and TRMM in
ETC_3 and ETC_4. Furthermore, while the satellite estimates have low r2 in ETC_1 and ETC_2 (0.18 for each estimate), their values in
ETC_3 and ETC_4 improve to 0.52. Similar improvements are also found for the rainfall-station-based measurement, but they occur at a
much lower rate. The r2 of rainfall station and SACA&D data in ETC_3 and ETC_4 of 0.12 and 0.09, respectively, have improved only to
0.37 and 0.27 on average. Based on the evaluation of r2 and rainfall data screening in Section 4.1, the satellite-based rainfall estimates
are more preferable to be used than the rainfall-station-based estimates.
To select the satellite data with the least uncertainty, the calculated RMSEs are considered. ETC application shows distinct and
obvious results in this regard. Comparing the two satellite-based rainfall measurements, all ETC datasets agree that CHIRPS estimates
have less uncertainties compared to TRMM. From ETC_1 and ETC_2, RMSE of CHIRPS (8.84 mm/day) is lower to those of TRMM
(11.73 mm/day), which is in agreement with ETC_3 and ETC_4 results.
In conclusion, according to the ETC application to the four rainfall estimates using the r2 , similar measurement techniques produce
estimates that are in a better agreement with those estimated using different measurement techniques. Furthermore, based on the
evaluation of RMSE, CHIRPS rainfall estimates have the lowest RMSE among the considered estimates. Therefore, the rainfall input for

Fig. 6. The rainfall estimates analysis. (a) shows the statistical distribution of each annual rainfall estimate. (b) shows the results of the ETC
application on the rainfall forcing data. Two results on the left part show the combination of two rainfall station data with one satellite-based
measurement (ETC_1 and ETC_2), while the other two results on the right part show the combination of one rainfall station data with two
satellite-based measurements (ETC_3 and ETC_4) (Section 3.5).
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the wflow_sbm model simulation in this study is based on CHIRPS forcing.
4.3. Actual evaporation estimates
Based upon the wflow_sbm simulation that uses CHIRPS rainfall estimates as the model input, the wflow_sbm-based actual
evaporation estimates are shown in Fig. 7, compared with GLEAM and ERA5 estimates. We can see notable periods when the
wflow_sbm model produces lower estimates than the other two actual evaporation products, mostly during dry season periods in the
latter part of each year. The water-height-equivalents of average daily actual evaporation, however, are not largely diverse as GLEAM,
ERA5, and wflow_sbm estimates are of 3.13, 2.82, and 2.67 mm/day respectively. The contrast in the temporal fluctuation of these
estimates is quantified by the variance, with the highest variability shown by GLEAM and wflow_sbm simulation, estimated at
approximately 0.73 mm/day. However, the wflow_sbm simulation has lower estimates ranging between 0.11 and 4.54 mm/day, while
GLEAM has the same variables on higher notes between 0.53 and 5.23 mm/day. The ERA5 actual evaporation estimates stand in
between, ranging from 0.70 to 4.90 mm/day.
Furthermore, Fig. 8a shows a boxplot comparison of daily actual evaporation estimates. It supports the Fig. 7 interpretation of
actual evaporation estimate distribution that shows higher values of GLEAM, lower values of wflow_sbm simulation, with ERA5 values
placed in between. The results of ETC application on actual evaporation estimates are shown in Fig. 8b, indicating GLEAM estimates to
have the highest r2 of 0.82 and the lowest RMSE of 0.31 mm/day. ERA5 and wflow_sbm estimates have comparable results, with r2
values of 0.65 and 0.70, and RMSE of 0.32 and 0.38 mm/day, respectively. Uncertainty quantification suggests a justifiable
approximation of actual evaporation, ranging between 2.67 and 3.13 mm/day.
4.4. River discharge estimates
Three river discharge estimates of observed data, wflow_sbm simulation, and GloFAS-ERA5, are plotted in Fig. 9. GloFAS-ERA5 and
observation data are directly available, while wflow_sbm-based estimates are simulated through the setup described in Section 3.3.
Visually, the oscillation pattern of discharge in the Upper Citarum basin is quite distinct in Fig. 9. From all discharge estimates, dry
periods are found in the latter part of each year after June, while wet periods start around late October until early May. Additionally,
there is no significant time lag noticed among the estimates. However, peak extreme values are not in agreement, for example during
early and late 2016. Low flows during dry periods, on the other hand, are mostly in agreement among estimates.
Fig. 9 also shows that GloFAS-ERA5 has the highest discharge estimate, followed by wflow_sbm simulation and observation data.
The water-height-equivalent average discharge of GloFAS-ERA5 estimates is 6.12 mm/day, while wflow_sbm and observation esti
mates are 5.38 and 3.65 mm/day respectively. Although the rising and falling discharge pattern are mostly in agreement, there are
periods where certain estimate delivers significantly higher values than the others. Specifically, GloFAS-ERA5 and wflow_sbm overreactions to precipitation are quantitatively shown by high statistical variances of 5.38 and 4.82 mm/day respectively, while the

Fig. 7. Comparison of actual evaporation values from three estimates: GLEAM (red line), ERA5 (blue line), and wflow_sbm model (black line). The
simulation period is between 2005 and 2018. (For interpretation of the references to color in this figure legend, the reader is referred to the web
version of this article.)
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Fig. 8. Actual evaporation estimates analysis. (a) shows the statistical distribution of each estimate. (b) shows the results of extended triple
collocation application on actual evaporation estimates.

Fig. 9. Three different river discharge estimates in the Upper Citarum basin. Blue line represents observed river discharge data, red lines GloFASERA5 river discharge estimates, and black lines wflow_sbm model simulation results. The simulation period is between 2005 and 2018. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

same metric on discharge observation is calculated at only 3.36 mm/day.
GloFAS-ERA5 overestimation on discharge observation compared to wflow_sbm simulation is also agreed by three objective
functions of Kling-Gupta Efficiency (KGE) (Gupta et al., 2009), Nash-Sutcliffe (NSE) (Nash and Sutcliffe, 1970), and Root Mean Square
Error (RMSE) that we calculate using hydroeval Python package (Hallouin, 2019). It is important to consider that these metrics are
calculated accordingly to the observed discharge, in which the accountability and accuracy have been discussed in Section 4.1. Instead
of relying on the numbers, qualitative interpretations on discharge estimates are no less important than the KGEs, NSEs, and RMSEs.
Nevertheless, results show that the objective functions of GloFAS-ERA5 estimates are worse than ones of the wflow_sbm simulation.
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While the KGE for wflow_sbm simulation to river discharge observation is calculated at 0.18, the one for GloFAS-ERA5 is − 0.03. The
same goes with NSE, as one from wflow_sbm ( − 0.76) is higher than one from GloFAS-ERA5 ( − 1.17). Last but not least, RMSE of
wflow_sbm and GloFAS-ERA5 are calculated at 94.15 and 104.53 m3 /s, respectively. Considering the values from three discharge
estimates, the calculated metrics, and GloFAS-ERA5 tendency to decrease in accuracy in smaller catchments (Harrigan et al., 2020),
the water-height-equivalent average daily discharge component is estimated between 3.65 and 5.38 mm/day.
4.5. Groundwater storage change estimates
As discussed in Section 3.4, the groundwater storage change estimates are calculated based on the discrepancy between the basin
inflow (precipitation) and outflow (actual evaporation, river discharge, and groundwater abstraction). Each water balance component,
however, has multiple estimates that vary in magnitude. Therefore, we categorize two groups of estimates: ‘ETC-based’ and
‘wflow_sbm-based’ estimates (Section 3.5). In order to assist the calculation, Table 3 elaborates the statistical distribution of all
mentioned water balance components estimates and Table 4 additionally synthesizes them to total inflow and outflow, along with
groundwater storage change estimate in the Upper Citarum basin. The average daily recharge calculated by the wflow_sbm model,
meanwhile, results in an estimate of 2.63 mm/day. It is important to take into account that great parts of the recharge flow horizontally
in the soil moisture layer and subsequently become a part of river discharge as baseflow, and only the rest of it permeates vertically into
the saturated zones and fill the groundwater storage.
Based on the ETC-based estimates, there is an indication of a positive recharging trend to the Upper Citarum basin groundwater
storage of 0.45 mm/day, despite the state of massive groundwater abstraction. On the other hand, the wflow_sbm-based estimates
result in an opposite groundwater storage change status of negative 0.82 mm/day, indicating water deficits in the groundwater storage
further aggravated by groundwater abstraction. Although the estimates range is in agreement with GRACE measures of, on average,
0.25 mm/day with a variance of 1.57 mm/day, the contrast between the two estimates demonstrates notable uncertainty in
groundwater storage change estimate despite considering numerous approaches from measurements to modeling techniques on the
water balance components.
4.6. The uncertainty bounds of the Upper Citarum basin water balance estimate
To summarize all the above estimates, we plot the inter-annual time-series of average daily estimates of rainfall, actual evaporation,
discharge, and groundwater storage change in Fig. 10 for the wflow_sbm-based estimate and in Fig. 11 for the ETC-based estimate. We
also plot the first and third quartile of the inter-annual estimates to show the width of the inter-annual variance of each estimate.
Additionally, we plot the average monthly values for each component to show the consistency between daily and monthly estimates.
From Figs. 10 and 11, we can see a narrow variance in evaporation and discharge estimates. More importantly, there are good
correlations among these estimates, with a correlation value of 0.76 between the wflow_sbm simulation and GLEAM estimates of actual
evaporation, and 0.56 between the discharge observed and simulated by the wflow_sbm model. Consistent patterns between daily and
monthly averages are also visible in these two components from both estimates. The wflow_sbm-based discharge shows a little
disruption during September as there are some years when rainy seasons started earlier compared to the average, resulting an interannual outlier of discharge whose values skewing the average.
In contrast, the groundwater storage change estimates show different features. A broad range of estimates from − 0.82 to
+0.45 mm/day can be interpreted either way as long-term recharging or discharging process from or to the groundwater storage.
Although such estimates are found in the range that is in agreement with GRACE measures, the uncertainty bounds are too wide to
enable us to derive a strong conclusion on the groundwater storage status in the Upper Citarum basin. The relatively higher variances
of the groundwater storage change estimates compared to the other water balance components’ shown in Table 3 further support our
interpretation. Moreover, the pattern of the inter-annual average monthly estimates of GRACE are relatively dissimilar with both the
Table 3
Average daily water balance components estimates in the Upper Citarum basin between 2005 and 2018 (mm/day).
Data
Precipitation

Actual evaporation
Discharge
Groundwater abstraction
Change in groundwater storage

Rainfall station
SACA&D
TRMM
CHIRPS
GLEAM
ERA5
wflow_sbm model-based estimate
Observation
GloFAS-ERA5
wflow_sbm model-based estimate
Domestic estimate
Industrial estimate
ETC-based estimate
wflow_sbm-based estimate
GRACE
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Average

Variance

5.40
6.47
7.50
7.80
3.13
2.82
2.67
3.65
6.12
5.38
0.18
0.38
+0.45
− 0.82
0.25

7.03
12.25
11.73
9.33
0.73
0.55
0.73
3.36
5.38
4.82
0.03
0.06
8.64
7.31
1.57
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Table 4
The Upper Citarum basin water balance estimate summary (mm/day).
Flux

Source

Estimate range

Inflow
Outflow

Precipitation
Actual evaporation
Discharge
Groundwater abstraction
ETC- and wflow_sbm-based estimate

7.80
2.67–3.13
3.65–5.38
0.57
− 0.82 to +0.45

Groundwater storage change

ETC-based and wflow_sbm-based estimates and dominantly found in different sides of positive and negative values. All these facts
underpin the absence of accurate estimates of groundwater storage change despite the ability to accurately estimate the other water
balance components of rainfall, actual evaporation, and river discharge.
5. Discussion
5.1. Alternative of forcing estimates and data sources
In this study, the results of ETC application to four rainfall estimates (Fig. 6) favor the use of satellite-based forcing data as they
occupy less uncertainty compared to rainfall-station-based data. This is further supported by the concerning rainfall station data
quality where suspiciously numerous missing data exist due to an under-expected number of annual non-rainy days. It is also noted
from ETC application on rainfall estimates, supporting previous studies by Boluwade (2020), that similar measurement techniques
have higher agreements between their products in comparison to data measured by different methods.
As the considered rainfall data in this study are sourced only from rainfall-station-based and satellite-based measurements, it is
possible for future research to also observe the accuracy of rainfall data measured by other techniques, for example by using radar
(Sauvageot, 1994), crowd-sourcing personal weather stations (de Vos et al., 2017), or commercial microwave link networks (Overeem
et al., 2011). Similar opportunities apply to other water balance components’ estimates.
5.2. Results interpretation to the field situation
The results summarized in Table 3 show notable discrepancies among the estimated water balance components. It is important to
consider, nevertheless, that the Upper Citarum basin is a data-scarce area, from both aspects of quantity and quality. Although the ETC
technique is applied to quantify the estimates’ uncertainty, the true values of the hydrological forcing remain unknown. In this case,
ETC applications do not reduce the uncertainty of the estimates. Instead, it quantifies the confidence level of each estimate, supporting
the decision-making in selecting the best estimate for each water balance component.
In comparison to previous studies in the Citarum basin, our estimates of each water balance component are reliably verified. The
average daily rainfall estimates between 5.40 and 7.80 mm/day in the Upper Citarum basin is in agreement with the previous
approximation by Jaya et al. (2020) with 6.30 mm/day and Salim et al. (2019) with a range between 5.38 and 7.12 mm/day. In the
same study, Salim et al. (2019) estimated an average discharge equivalent to 4.49 mm/day, which is well within the estimated range of
this study between 3.65 and 5.38 mm/day. Average discharge during dry and wet periods simulated by Julian et al. (2019) at
3.40 mm/day is also closely approximated within our uncertainty bounds.
However, earlier studies did not consider potential changes in groundwater storage. In this study, the groundwater storage change
is estimated using three approaches – ETC-based estimate, wflow_sbm-based estimate, and remote sensing-based gravimetric satellite
estimates of GRACE – dependent to the water balance components estimates of rainfall, actual evaporation, discharge, and ground
water abstraction. These estimates result in diverging trends from − 0.82 to +0.45 mm/day, suggesting a high variance and un
certainties in the estimates of the water balance components, which eventually lead to a pending groundwater storage change status.
Considering the positive ETC-based estimate of groundwater storage change, increases in such component would coincide with
rising groundwater tables, which unfortunately are not reinforced by the results of previous studies as they showed dwindling
groundwater tables (Gumilar et al., 2015; Tirtomihardjo, 2016). In his study, Gumilar et al. (2015) found trends of groundwater table
decline in 11 wells within the Bandung groundwater basin. However, those wells are located in industrial zones and are used to
abstract the groundwater. Thus, the observed groundwater tables in those wells would certainly involve biases in their measurements.
Same findings by Tirtomihardjo (2016) also contain similar issues as the direct quotes from his study were ‘groundwater levels in
industrial areas are on the decline’. To capture the overview of the groundwater table fluctuation, groundwater table data with less
bias in regard to groundwater abstraction need to be collected and analyzed.
While groundwater table data are point-based and often involve biases, groundwater storage change estimate is an integrated
metric of a whole basin. Comparing the results from previous studies of dwindling groundwater tables that are in conflict with two of
our estimates, ETC-based and GRACE, points to a possibility of spatially varying states of groundwater storage change. There could be
zones with dwindling groundwater tables, while the basin overall groundwater storage is indeed increasing, and vice versa. A more
comprehensive study on the Upper Citarum basin subsurface processes could unravel the spatial distribution of groundwater storage
changes and map as well as separate recharging and discharging area of groundwater storage.
Furthermore, by comparing the decreasing groundwater abstraction rate (Fig. 3) with the uncertain groundwater storage change
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Fig. 10. Plot of inter-annual average daily estimates of [from top to bottom] rainfall, actual evaporation, discharge, and groundwater storage
change based on the wflow_sbm simulation. The light red areas represent the width between the first and third quartile of each component esti
mates. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

estimates, changing trends on the groundwater storage status could be plausible. Therefore, temporally fluctuating trends of
groundwater storage state are necessary to be further explored. Time-series simulations of subsurface internal processes need to be
performed in the future, taking into account groundwater flow and groundwater-related data reliability as the gap of knowledge in the
Upper Citarum basin.
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Fig. 11. Plot of inter-annual average daily estimates of [from top to bottom] rainfall, actual evaporation, discharge, and groundwater storage
change based on the ETC application. The light red areas represent the width between the first and third quartile of each component estimates. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

5.3. The opportunities for future research
Despite involving some errors and uncertainties, surface water balance components are in principle directly observable, for
example the rainfall and discharge in the Upper Citarum basin. In contrast, groundwater abstraction, instead of being directly
measured, is roughly estimated using population data and modeling results from other research. The credibility of the available in
dustrial groundwater abstraction report is also questionable since the reported values are significantly lower than previous estimates
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(Taufiq et al., 2017). Hence, the groundwater storage change estimate as a resultant of all other estimates is highly uncertain.
Moreover, there are still issues to consider such as water balance spatial distribution, temporal variance, and groundwater flow
system. To improve the accuracy and narrow the range of subsurface water balance estimates, the internal subsurface hydrological
processes involving hydrogeological characteristics, soil parameters, etc., should be explored, simulated, and validated with the
available groundwater head measurements. Currently, the continuation of this study is being conducted by collating groundwaterrelated data of the Upper Citarum basin.
6. Conclusions
In this paper, we improve the accuracy of the water balance components’ estimates and their uncertainty bounds in a highly
groundwater-dependent and data-scarce region of the Upper Citarum basin between 2005 and 2018. The analysis starts from hy
drological data collection to hydrological simulation using the wflow_sbm model, which allows uncertainty quantification of water
balance components as estimated from these data.
The rainfall data are sourced from rainfall-station-based (rainfall station and SACA&D) and satellite-based (TRMM and CHIRPS)
measurements. The uncertainty analysis using the Extended Triple Collocation method indicates a preference towards satellite data,
which is supported by initial rainfall data screening that shows many potentially missing data recorded by the rainfall stations. In
subsequent analysis, CHIRPS rainfall data, with an average daily rainfall estimate of 7.80 mm/day, are used to drive the wflow_sbm
model.
Hydrological simulation using the wflow_sbm model results in two water balance components’ estimates: actual evaporation and
discharge. The actual evaporation is compared to the other two estimates based upon remote sensing data: GLEAM and ERA5. All the
estimates result in very similar values, with ETC application on actual evaporation in favor of GLEAM. The simulated discharge of
5.38 mm/day is compared to both observation data and GloFAS-ERA5 estimate, with observed data of 3.65 mm/day endorsed by the
ETC.
We developed two scenarios in estimating groundwater storage change: ETC-based and wflow_sbm model-based estimate. Both
scenarios involve CHIRPS rainfall estimates and groundwater abstraction estimates based upon population data and industrial
abstraction literature. The ETC-based estimates consist of GLEAM actual evaporation and observed discharge, resulting in an average
daily groundwater storage change of +0.45 mm/day. The wflow_sbm model-based estimates, on the other hand, consist of evaporation
and discharge estimates produced by wflow_sbm simulation, delivering a result of − 0.82 mm/day. Additionally, GRACE satellite
observation estimates a similar metric of +0.25 mm/day, with a variance of 1.57 mm/day. Such a wide range of the groundwater
storage change estimates reflects substantial uncertainties and knowledge gaps on subsurface hydrological behavior in the Upper
Citarum basin. Further, it leads towards a need for the next research step to simulate subsurface hydrological processes and to validate
that with the available groundwater head measurements, which is currently being developed.
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Haberlandt, U., Belli, A., Bárdossy, A., 2014. Statistical downscaling of precipitation using a stochastic rainfall model conditioned on circulation patterns – an
evaluation of assumptions. Int. J. Climatol. 35, 417–432. https://doi.org/10.1002/joc.3989.
Hallouin, T., 2019. Thibhlln/Hydroeval: General Enhancements. https://doi.org/10.5281/zenodo.3402383.
Han, J., Tangdamrongsub, N., Hwang, C., Abidin, H.Z., 2017. Intensified water storage loss by biomass burning in Kalimantan: detection by GRACE. J. Geophys. Res.:
Solid Earth. https://doi.org/10.1002/2017jb014129.
Harrigan, S., Zsoter, E., Alfieri, L., Prudhomme, C., Salamon, P., Wetterhall, F., Barnard, C., Cloke, H., Pappenberger, F., 2020. GloFAS-ERA5 operational global river
discharge reanalysis 1979–present. Earth Syst. Sci. Data 12, 2043–2060. https://doi.org/10.5194/essd-12-2043-2020.
Hassaballah, K., Mohamed, Y., Uhlenbrook, S., Biro, K., 2017. Analysis of streamflow response to land use and land cover changes using satellite data and hydrological
modelling: case study of Dinder and Rahad tributaries of the Blue Nile (Ethiopia–Sudan). Hydrol. Earth Syst. Sci. 21, 5217–5242. https://doi.org/10.5194/hess21-5217-2017.
Haylock, M.R., Hofstra, N., Tank, A.M.G.K., Klok, E.J., Jones, P.D., New, M., 2008. A European daily high-resolution gridded data set of surface temperature and
precipitation for 1950–2006. J. Geophys. Res. 113. https://doi.org/10.1029/2008jd010201.
Hengl, T., de Jesus, J.M., Heuvelink, G.B.M., Gonzalez, M.R., Kilibarda, M., Blagotić, A., Shangguan, W., Wright, M.N., Geng, X., Bauer-Marschallinger, B.,
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