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Improving Rainfall Fields in Data-Scarce Basins: Influence
of the Kernel Bandwidth Value of Merging on
Hydrometeorological Modeling

Nicolas Duque-Gardeazabal® and Erasmo A. Rodriguez?

Abstract: Accurate rainfall fields are important for several hydrological and meteorological applications. In poorly instrumented basins, the
lack of rain gauges heavily affects the spatial rainfall estimation, yet neither remote sensed nor climate model estimates are good enough for
management applications. To tackle this problem, we investigate the impacts of combining both sources of information by varying the kernel
bandwidth value of the double smoothing merging algorithm and analyzing the error of the rainfall fields. We explored the correlation
between rain gauge density and bandwidth and compared the results against classical geostatistical interpolation methods based solely
on in-situ measurements. Propagation of rainfall error into hydrological modelling is usual, and therefore we evaluated the influence of
the bandwidth in streamflow simulations implementing two hydrological models. The hydrological evaluation considered the analysis
of hydrological signatures rather than just performance metrics. We found that there is a clear correlation between kernel bandwidth
and monitoring network density and that the bandwidth also affects hydrological performance. Simple bilinear downscaling did not produce
a significant difference in meteorological or hydrological errors, and rain gauge network configuration also impacts the error of the field. We
conclude that merging outperforms the results of classical interpolation methods, in some cases by 20% or 50%, suggesting the suitability of
the method for being applied in data-scarce domains. DOI: 10.1061/JHYEFF.HEENG-5541. © 2023 American Society of Civil Engineers.

Practical Applications: Reliable rainfall fields are important for estimating water resource availability and other related applications.
However, using just rain gauges can misrepresent the estimated spatial variability of the field. Around the world, the number of rainfall
gauges has been decreasing, making this task more challenging. Satellite and reanalysis data can help to overcome these problems, but
their direct use is also insufficient. Merging the two mentioned data sources (in-situ and reanalysis data) is the option the authors implemented
in this work. The authors focused on evaluating the advantages and disadvantages of the merging by comparing both rainfall and streamflow
observations with estimates simulated by a hydrological model. The authors chose the double smoothing algorithm because it is oriented to
enhance rainfall estimates in areas with very sparse rain gauge data, yet we evaluate its behavior in two basins with different monitoring
conditions. The authors conclude that the merging outperforms the results of classical interpolation methods, in some cases by 20% or 50%,
suggesting the suitability of the method for being applied in data-scarce domains to improve hydrological modelling estimates and use their
results in water resource management and planning, in climate classification, and in the study of droughts and floods, among others.

Introduction modeling, distributed rainfall fields are essential inputs (Arnaud
et al. 2002; Gupta et al. 1999; Refsgaard 1997). In addition to

Rainfall is recognized as one of the most important drivers of the hydrological modelling, rainfall field estimates are required to per-

water cycle over land and a key variable for studying water avail-
ability on the surface and subsurface (Chow et al. 1988). Several
disciplines, including hydrology, meteorology, agriculture, risk as-
sessment, ecology, and others (Garcia et al. 2016), apply quantita-
tive estimates of rainfall to acquire insights into the water cycle and
other variables. For instance, in hydrological and land surface
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form climate classification, calculate ecological and drought indi-
ces (Beck et al. 2018; Rodriguez et al. 2020), and also perform
analysis of the spatiotemporal dynamics of precipitation (Espinoza
Villar et al. 2009).

Traditionally, rainfall has been measured by rain gauge net-
works located on land following the World Meteorological Organi-
zation guidelines (WMO 2008). Monitoring networks must also
be continuously adjusted to properly quantify the temporal and spa-
tial scales of the investigated hydrometeorological phenomena
(Bloschl and Sivapalan 1995). From these point observations, rain-
fall fields are created by applying interpolation methods (Webster
and Oliver 2007), using deterministic (Hurtado-Montoya and
Mesa-Sanchez 2014; Ly et al. 2011) or geostatistical algorithms
(Grimes and Pardo-Iguzquiza 2010). However, maintaining and
expanding the monitoring networks requires large amounts of
resources to guarantee records in distant or almost inaccessible
environments. The high demand for resources and development
of modern technologies to sense precipitation remotely have caused
a decrease in the number of rain gauges around the globe (Garcia
et al. 2016). Satellite remote-sensed observations and meteorologi-
cal reanalysis also provide estimates of precipitation, though they

J. Hydrol. Eng.

J. Hydrol. Eng., 2023, 28(7): 04023017


https://doi.org/10.1061/JHYEFF.HEENG-5541
https://orcid.org/0000-0002-2631-8573
https://orcid.org/0000-0002-2631-8573
mailto:nduqueg@unal.edu.co
https://orcid.org/0000-0003-4303-6460
mailto:earodriguezs@unal.edu.co
http://crossmark.crossref.org/dialog/?doi=10.1061%2FJHYEFF.HEENG-5541&domain=pdf&date_stamp=2023-04-18

Downloaded from ascelibrary.org by Nicolas Duque-Gardeazabal on 04/18/23. Copyright ASCE. For persona use only; all rights reserved.

use other technologies to measure the amount of water that falls
over land or sea (Barrett 1975; Dee et al. 2011). Although these
alternative data sources can help to tackle the problem of reduction
in the number of stations, they suffer from temporal errors and usu-
ally exhibit a consistent bias (Dinku et al. 2010; Zulkafli et al.
2014). At the basin scale, the measurement errors do not allow
for a direct application on, for instance, hydrological modelling
and forecasting (Duncan et al. 1993; Mufioz et al. 2015; Serrat-
Capdevila et al. 2014).

To equalize the patterns of the remotely sensed information
with the actual rainfall field, reduce its bias, and enhance the appli-
cability options, downscaling techniques have been applied to the
raw estimates. The procedures normally use ancillary variables
such as vegetation indices (Immerzeel et al. 2009), physiographic
variables from digital elevation models (Long et al. 2016), and
combinations of these (Ceccherini et al. 2015; Léopez Lopez et al.
2018). Several downscaling methods use spatially constant rela-
tionships, which ignore that the variation between the precipitation
and alternative variables is nonstationary (Park 2013). Ceccherini
et al. (2015) provide a framework called geographic weighted re-
gression (GWR) to overcome this limitation and linearly combine
several variables.

Furthermore, the “ground truth” provided by the rain gauges
is another alternative to improve those remotely sensed or reanal-
ysis background fields (background, i.e., a field that has not been
produced by the estimates of rain gauges). The merging of these
sources has great potential to produce accurate rainfall fields and
patterns (Lopez Lépez et al. 2018; Nerini et al. 2015; Serrat-
Capdevila et al. 2014). The techniques used to make the correction
can be underpinned by inverse variance-based weightings for
coefficients or linear combinations of them (Woldemeskel et al.
2013), bias correction by adding or multiplying coefficients (Vila
et al. 2009), conditional merging (Ehret et al. 2008), spectral analy-
sis combination (Heidinger et al. 2012), and Bayesian conditioning
(Todini 2001). The background estimates can be used to improve
the spatial structure estimation done by the variogram in geostat-
istical methods or as a covariate in the cokriging method (Chappell
et al. 2012), and the point residuals between the background field
and the in situ estimates can feed interpolation methods used later
to merge the data sources (Li and Shao 2010; Lépez Lopez et al.
2018). Nerini et al. (2015) investigated and compared the perfor-
mance of several techniques used to improve the rainfall error in the
upper Peruvian Amazon Basin and recommended Bayesian condi-
tioning and double smoothing (DS) algorithms (Li and Shao 2010;
Todini 2001), highlighting the cases where their properties can be
advantageous (considering the assumptions, limitations of the
methods, and available density of measurement).

The double-kernel smoothing merging algorithm was proposed
by Li and Shao (2010) as an improved statistical approach based on
nonparametric statistics and data assimilation techniques. It empha-
sizes the blending of data sources on the spatial correction for
sparse rain gauge networks on discontinuity correction, and more
importantly, it does not follow Gaussian and second-stationary as-
sumptions bound to geostatistical interpolation methods (Cressie
1994; Li and Shao 2010). The method has been used in several
studies (Long et al. 2016; Nerini et al. 2015), and the error has also
been assessed in complex high-relief terrain (Duque-Gardeazabal
et al. 2018); however, the influence of the kernel bandwidth
value and bilinear downscaling on the performance of hydrological
modelling applications has not been determined, as far as we
know.

Therefore, the objective of this study was to evaluate the char-
acteristics of the error and influence of the kernel bandwidth values
and trend produced by the DS methodology, especially on surface
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hydrology. We performed the evaluation in two phases. First, we
analyzed the influence of rain gauge density in a watershed with a
dense rain gauge network to determine the influence of station den-
sity on the error and trend in the bandwidth parameter; second, the
lessons gained from the first phase were applied and further studied
through hydrological modelling in a data-scarce basin. Finally, we
discuss the results and draw conclusions from them.

Study Area and Data

River Basins and Local Hydrometeorological Data

The watersheds considered in the analysis were the Sogamoso
and the Casanare River basins in Colombia, delimited until the
Tablazo (24067010) and Cravo Norte (36027050) streamflow
gauges, respectively. They correspondingly have areas of 20,777
and 14,740 km? (see Fig. 1). Both basins have their headwaters
in the Andes mountain range, with the Sogamoso basin entirely
located in a complex high-relief terrain, whereas the Casanare basin
is composed mainly of savannas in the middle and lowlands.
Moreover, both basins are located in the intertropical convergence
zone, which causes many convective cloud systems with heavy pre-
cipitation to form over them (Poveda et al. 2006); also, the Andes
mountain range and the highly variable topography enrich the
land—atmosphere interactions. As a result, both basins have highly
complex rainfall fields.

The Sogamoso river basin consists of the confluence of the
Suarez and the Chicamocha rivers. The aridity index of the Suarez
basin indicates a moderate surplus of water, according to IDEAM
(2019). On the other hand, the Chicamocha river watershed is
mainly classified as a deficit basin, with the upstream area of the
basin having a moderate water surplus. The precipitation on the
headwater catchments registers the lowest rainfall values of about
600 mm/year, and the maximum precipitation is approximately
4,000 mm/year; the basin presents a bimodal rainfall regime with
higher values in April-May and October-November (IDEAM
2019). The watershed is highly influenced by the El Nifio—Southern
Oscillation (ENSO) climate driver, which produces a large interan-
nual variability (Poveda et al. 2006).

National hydrometeorological data are gathered and managed
by the Instituto de Hidrologia, Meteorologia y Estudios Ambien-
tales IDEAM). The institute performs some data validation analy-
sis before publicly delivering them through a web portal (IDEAM
2022); information is classified by variables from which we re-
trieved the precipitation and streamflow time series for the region.
Within the Sogamoso basin considered area and surroundings,
there are 228 rain gauges, from which 156 were selected for the
study because they had more than 50% of the data in the period
1980-2012; consequently, the rain gauge density on the basin is
7.56 gauges/1,000 km?, which is high enough to allow performing
experiments with the rain gauge density in artificially randomized
monitoring networks (see section “Evaluation of Rainfall Fields
against Rain Gauges”).

The Casanare River basin, which is adjacent to the Sogamoso
watershed, is a typical example of a data-scarce basin (see Fig. 1).
Within it, there are just six rain gauges (there are others in the
surroundings that were included in the analysis, to make 16 rain
gauges, but the rain gauge density of the network is still approx-
imately 0.4 gauges/1,000 km?). Precipitation intraannual variabil-
ity is very high, with a dry period between December and March
and highest rainfall occurring from June to September (mean an-
nual precipitation is approximately 2,250 mm/year with a mono-
modal regime); rainfall in this basin is also affected by the ENSO
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Fig. 1. Location of the Sogamoso and Casanare River basins and the hydrometeorological monitoring networks.

climate driver. From four available streamflow gauges, two of them
have less than 1 year of record, and just one has more than 10 years;
analysis of possible outliers was performed on the time series, re-
trieving those values that were impossible or incongruous consid-
ering the Oceanic Nifio Index (ONI). The Cravo Norte [36027050]
and San Salvador [36027040] streamflow gauges (see Fig. 1) were
selected for this study because their records are within the period
1996-2012; the others were discarded due to the high number of
missing values.

Alternative Estimates of Hydrometeorological Variables

We used multisource weighted-ensemble precipitation (MSWEP)
version 1.1 as the rainfall background field for the DS merging al-
gorithm. MSWEP is a combination of several precipitation data sets
that includes gauges, satellite, and reanalysis products (Beck et al.
2017b). It is based on the disturbance of the CHPclim long-term
precipitation climatology, which was replaced or corrected in cer-
tain parts of the world with more accurate regional data sets and
inverse water balance estimates based on streamflow measure-
ments. The disturbances are determined by the anomalies of the
gauge, satellite, and reanalysis data sets at several time scales
(e.g. monthly, daily and 3-hourly, when available); that temporal
variability is averagely weighted depending on the regional avail-
ability of rain gauges and the comparative performance of the re-
mote sensed and reanalysis products. The anomalies are applied
first to the long-term climatology at monthly time scale using the
satellite and reanalysis data sets; afterward, using gauge data, daily
weights are calculated and applied to the monthly precipitation, and
so forth. The data sets used for its creation include two based on
rain gauge interpolation observations (CPC Unified and GPCC),
three satellite remotely sensed precipitation products (CMORPH,
GSMaP-MVK, and TMPA 3B42), and two atmospheric reanalyzes
(ERA-Interim and JRA-55). The MSWEP data set v1.1 has a 0.25°
spatial and daily temporal resolution.

To support hydrological modelling, we used evapotranspiration
estimates from a product developed in the framework of the
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eartH2Observe project (Schellekens et al. 2017). The downscaled
Penman-Monteith ECMWEF vl evapotranspiration at a spatial res-
olution of 0.083° was developed using the WFDEI data (Weedon
et al. 2011), and the procedure to increase its resolution was based
on the correlation with topographical variables such as elevation,
aspect, slope, and the position of the light and shadows over the
hillslope (Sperna Weiland et al. 2015). The data set is directly used
in the model as meteorological forcing. That research used the
90-m-resolution DEM from the Shuttle Radar Topography Mission
for calculations that required the topographical values. They also
applied a temperature lapse rate correction and air pressure based
on hydrostatic pressure equation and altitude.

Methods

Considering the objective of evaluating the influence of the kernel
bandwidth on the DS method, we performed experiments with ar-
tificially created rain gauge networks. The results from the experi-
ments revealed trends in the characteristics of the technique that
were complemented by insights from a hydrological modelling
application in a data-scarce basin. In the following section, we de-
scribe the methods and tools used to investigate the performance of
the DS merging algorithm.

Double Kernel Smoothing

The DS technique is a residual-based interpolation method that
is adapted to sparse gauge networks (Li and Shao 2010). The re-
siduals are calculated between a background field and point obser-
vations; the field may come from any source (remotely sensed,
simulated, etc.), and its purpose is to help to preserve the main spa-
tial patterns of the phenomenon in vast regions. The gauges are
locally used to adjust the amount and the pattern of the final rainfall
field using kernel density estimation functions. Li and Shao (2010)
warn that a coarse background field can induce a significant boun-
dary bias and advise performing a previous downscaling of the
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product that generates a smoothed background field. Other authors
have performed complex types of downscaling, previously apply-
ing the residual interpolation techniques (Long et al. 2016; Lopez
Lopez et al. 2018), yet the original DS method recommends doing
one based on area proportions or a bilinear downscaling. We com-
pared the performance of both strategies, with bilinear and without
smoothing of the background field (the latter consists of just resam-
pling the field using the nearest neighbor estimate). Eqs. (1)—(4)
show the mathematics of the DS algorithm

Xu(s) = Xp(s) — fip(s) (1)

fus(s)
_ S Ka(lls = sill/ha)D(s;) + > Ko([|s —s;l1/h2)D(s;)
Yo Kolls = sill/ha) + 371 Ko ([ls = s;l/ha)

(2)

Aoy 2 Ki(lls —sill/71)D(s))
) == K (s —sill /) G)
D(s;) = Xp(s;) — Xo(s:) (4)

where X, Xp, and X, = estimates of the merged field, background
field, and rain gauge estimates, respectively; i = estimated ex-
pected value of the background error field; s = position vector
(longitude and latitude coordinates); D and D = residual and pseu-
doresidual; K| and K, = kernel functions; /; and %, = kernel band-
widths; i and n = index and total number of rain gauges; and j and
m = another index and total number of points or cells considered.

Kernel density estimates are effective methods for recovering
uni—multivariate probability distributions that pretend not to fall
into the problems of parametric density estimation (Lall et al.
1993). They can be applied to discrete or continuous variable
observations to estimate the variation of frequency or probability
of a random variable, and there exist various function estimators.
The estimator functions depend on a fixed parameter called kernel
bandwidth, which is irrespective of the location of the value in the
distribution (Rajagopalan et al. 1997). The value of the bandwidth
in probability density estimation can be obtained by minimizing the
estimated average mean integrated square error (AMISE) or with
methods based on the sample variance of the random variable.
However, the objective of using kernel functions in the DS tech-
nique is to interpolate the point residuals between the background
field and rain gauge observations, and it is not related to the esti-
mation of the frequency distribution of the variable.

Regarding the type of kernel for merging, we used the Gaussian
kernel because it has infinite support and has also been proved not
to increase the estimation error, compared with the Epanechnikov
or the bisquare kernel, which mathematically gives the lowest mean
square error (Rajagopalan et al. 1997). To evaluate the effect of rain
gauge density on the estimation of the error and bandwidth, we
calibrated the bandwidth values (both /; and /,) for each artificial
gauge network using the shuffled complex evolution algorithm
(Duan et al. 1992). This is a heuristic method for global opti-
mization that combines the concepts of competitive evolution of
communities within a population, controlled random search for
evolution of those communities, and complex shuffling of them.
Zulkafli et al. (2015) alternatively fixed the value of the bandwidth
based on the distance between observations, similarly to what is
used in kernel density estimation using the Silverman rule of thumb
(Silverman 1986). Yet, there are other equations that minimize the
AMISE assuming a parametric reference distribution, such as nor-
mal (PR-Normal) or exponential (PR-E). We calculated the value of
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the kernel using these rules to compare the values obtained with
those from the calibration.

Interpolation Methods

We tested the performance of traditional interpolation methods
to compare the skill of the DS merging with these interpolation
techniques. Even though the selection of an appropriate method
depends on the characteristics of local rainfall, morphological fea-
tures, and rain gauge network configuration (Grimes and Pardo-
Iguzquiza 2010), we investigated the most common geostatistical
methods, including ordinary kriging (OK), universal kriging (UK),
kriging with external drift (KED), and regression kriging (K.Reg); a
description of their variations can be found in Rogelis and Werner
(2013). From deterministic methods, we chose inverse distance
weighted (IDW) because it is the most applied method in environ-
mental sciences (Webster and Oliver 2007) and also applied the DS
merging for interpolation, assuming that the background field is
lacking and only gauge information is available, called DSg from
here onward for comparison.

All kriging methods are based on the same basic linear estimator
that is influenced by the spatial structure, represented by an exper-
imental and afterward an adjusted model variogram (Cressie 1994).
Furthermore, all kriging methods seek to minimize the variance of
the estimation under the constraint of zero bias estimation. The spa-
tial structure must ensure that the covariance of the spatial stochas-
tic process depends exclusively on the separation of the realization
points, and the correlation between the observations must reduce
with the increase of the separation (Cressie 1994). Moreover, the
mean of the process must be constant. These assumptions are
known as second-order stationarity. To explore the fulfilment of
the second stationary assumptions, we constructed dispersion dia-
grams and scatter plots on selected days showing that in several
of them, removal of the trend should be applied; the UK, KED,
and K.Reg focus on that extraction, yet we applied the OK to assess
its performance regardless. The gauges’ geographical position and
elevation were used as covariates to retrieve the trend (see Rogelis
and Werner 2013) for details of the trend removal and their ad-
vantages). From the several models of variograms, the literature
research revealed that the Gaussian model is the one that best
adjusts the interpolation of rainfall (Wagner et al. 2012).

Regarding deterministic interpolation methods, we used IDW
with an exponent of distance weighting equal to 2 (3 = 2) because
it is the most used exponent in environmental studies (Webster and
Oliver 2007). The other deterministic interpolation method consid-
ered was the DSg. This method is influenced by the kernel band-
width values that are also calibrated; we only focused on the final
performance error of this technique and not on determining the
variation of the kernel bandwidth values against the gauge density.

Evaluation of Rainfall Fields against Rain Gauges

To account for the stations’ spatial distribution, which can be
present in other basins, we created randomized rain gauge networks
from the Sogamoso river basin set of stations available. Five rain
gauge densities were defined by sampling the 156 stations with
different percentages; also, each density was sampled three times
to consider the differences in results associated with the network
configuration (see details in Table 1; the bandwidth values are
the average of the individual values of each rain gauge configura-
tion network; because s, depends on the distance of pseudoresid-
uals its value is constant for all densities). The gauges that were
sampled in each network were used for interpolation or merging
and to perform a one-time cross-validation (CV) error evaluation.
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Table 1. Rain gauge network densities with their corresponding number of stations; /; and /4, are the kernel bandwidths of merging

Percentage of network density Merging parameter 100% 70% 50% 30% 10%
Rain gauges 156 109 78 46 15
Density (gauges/1,000 km?) 7.69 5.38 3.85 2.27 0.74
Number of artificial network configurations 1 3 3 3 3
Rain gauges in IV* methodology 0 (not apply) 47 78 110 141
Silverman’s rule (km) hy 4.75 5.13 542 5.99 8.16
hy 3.42 3.42 3.42 3.42 3.42
PR-normal (km) hy 9.55 10.36 10.92 12.05 16.39
hy 6.87 6.87 6.87 6.87 6.87
PR-exponential (km) hy 8.84 9.58 10.10 11.14 15.16
hy 6.36 6.36 6.36 6.36 6.36

IV = independent validation.

Those gauges that were not used in the merging or interpolation
were used for independent validation (IV). The error was measured
with the root mean square error (RMSE) and the percent bias
(PBias).

Hydrological Modelling Performance Evaluation

From the experiments performed in the data-rich basin (Sogamoso
River), we derived the trend and value of both kernel bandwidth
parameters, which were used to create the fields in the data-scarce
basin (Casanare River). Specifically, the value was transferred from
the data-rich basin based on the network density in the data-scarce
basin to create one rainfall field that was tested with hydrological
modelling.

Furthermore, in the data-scarce Casanare River basin, we tested
the correspondence of rainfall fields with the streamflow daily
observations in two gauges (see section 2.1). Other studies have
evaluated precipitation data sets through hydrological modelling,
in which rainfall is transformed into simulated streamflow (using
process-based or conceptual models) and compared with in-situ
data (Beck et al. 2017c). Although the modelling of the near-
surface part of the hydrological cycle is not perfect, the peak flows
generated by properly estimated rainfall field must correspond with
the observed streamflow. On the contrary, a deficient rainfall field
would not be able to represent the observed hydrographs. We fol-
lowed the recommendation of Beck et al. (2017b), which highlights
that a recalibration of the hydrological model for each data set is
needed to reduce the uncertainty in the modelling and achieve the
best possible performance related to meteorological forcing. There-
fore, every precipitation data set created for the Casanare basin was
used to force each hydrological model that was also recalibrated for
each data set. The list of rainfall fields investigated can be found in
Table 2. We created several rainfall fields from the DS merging
algorithm by varying the kernel bandwidth to evaluate their influ-
ence on the hydrological model performance because it is one of
the aims of the research; we equalized the values of h; and h,
because they were shown to have similar sensitivity patterns
(Duque-Gardeazabal et al. 2018).

For hydrological modelling, we used the distributed open-
streams wflow-hbv model (Schellekens 2020) and the semidistrib-
uted TOPMODEL version available in R (Beven et al. 1995;
Buytaert 2018). We chose both classes of models (semidistributed
and distributed) to see the effect of spatially aggregating the rainfall
field in the hydrological model performance. Both tools represent
conceptual hydrological models based on water balance calculated
in diverse tanks. wflow-hbv is based on the HBV-96 model
(Lindstrom et al. 1997), but its structure is applied on each cell
in the grid; it has three components (precipitation and snow, soil
moisture, and runoff response) and a kinematic wave routing
scheme that is used in conjunction with the accumulation of runoff
to find river discharge (Schellekens 2020). On the other hand,
TOPMODEL uses the reduction of spatial complexity through a
topographic wetness index that classifies the terrain response to
precipitation in classes; its hydrological structure is based on the
assumptions that the processes in the saturated zone follow a
steady-state scenario and hydraulic conductivity decreases expo-
nentially with depth (Beven et al. 1995).

Both model parameters were calibrated with the dynamical di-
mension search (DDS) algorithm (Tolson and Shoemaker 2007).
Because the Cravo Norte gauge has the longest streamflow record,
it was designated as the boundary condition for calibration of the
model’s parameters in the period 1997-2006 (hereafter called
boundary conditioning station), and all the results reported (used
for comparison between methods) are from the validation period
that goes from 2007 to 2012. The San Salvador gauge was used
as a blind gauge to assess the robustness of the modelling exercise,
the appropriateness and correspondence between the rainfall field
and the streamflow observations in a subcatchment of the Casanare
basin (hereafter called blind point).

We measured the robustness of the hydrological simulations in
terms of the Nash—Sutcliffe efficiency (NSE) coefficient (Nash and
Sutcliffe 1970). We chose this metric because the NSE is focused
on the evaluation of peak flows generated by peaks in precipitation
and because it is also sensitive to long-term bias, which is related to
rainfall bulk volume of estimation. Moreover, we further evaluate
the simulated and the observed hydrographs by comparing the

Table 2. List of rainfall fields used to force the hydrological models in the Casanare basin

Method Characteristics

DS Variation of the kernel bandwidth between 10 and 50 km with increments of 5 km and from 50 to 100 km with increments of 10 km:
10, 15, 20, 25, 30, 35, 40, 45, 50, 60, 70, 80, 90, 100 km, Silverman’s rule

DSg Kernel bandwidth assigned by calibration against the 16 rain gauges in the Casanare basin

IDW Interpolation exponent 5 = 2

MSWEP Raw and bilinear downscaled data sets
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hydrological signatures of the simulated and observed time series.
The chosen signatures (Beck et al. 2017a) include the higher seg-
ment of the flow duration curve (FDC) represented by the value of
discharge exceeded 2% of the time; the peak flow value, defined by
the 1% of the FDC; and the variance of the streamflow record.

Results

Evaluation of Rainfall Fields against Rain Gauges
(In-Situ Data)

The error was evaluated using daily precipitation estimations from
all methods in the period 1994—-1996 (CV is computationally inten-
sive). We chose this time interval because positive, neutral, and
negative phases of the ENSO phenomenon occurred in Colombia
and affected the Sogamoso basin. Fig. 2 shows the error reduction
that is achieved by blending the background estimates with the
local rain gauges. It is also clear that whereas the network density
increased, the error decreased, and for low densities, the DS was
closer to the background field performance. The error also depends
on the network configuration, and in some cases the differences can
be significant (1 mm/day for the density of 4 gauges/1,000 km?).
The effect of applying the bilinear downscaling to the background
MSWERP field was hardly noticeable (just 0.25 mm/day), but it
must be highlighted that in some cases, bilinear downscaling raised

the error rather than reducing it. The differences in the methodol-
ogies of evaluation (CV and IV), shown in Fig. 2 for the density
of 0.74 gauges/1,000 km?, are because the CV methodology was
calculating the error with a low number of gauges.

Regarding the variation of bandwidths, both kernel bandwidth
values (/1 and h,) increased when the network density was reduced
either if downscaling was performed or if it used the raw back-
ground field (see Figs. 3 and 4). The same trend was found when
using the aforementioned rules of thumb, yet the calibrated values
were higher than those listed in Table 1 for the corresponding net-
work density. The downscaling did not change the calibrated value
of the merging a significant amount (more clearly depicted in the
right-side panel for the IV methodology), and the values of kernel
bandwidth tended to stabilize on a value of 30 km when the density
was below 3 gauges/ 1,000 km?.

From the results of the geostatistical interpolation methods, we
found that regression kriging was the one with the lowest error. This
is because a regression that includes the coordinates of gauges on a
polynomial of second order and the elevation as covariates gives the
method better skill to perform the interpolation (see Fig. S1). The
KED and the KU reported good performance but not as good as K.
Reg because they include the position and the elevation covariates
only as a linear trend.

Fig. 5 depicts the error of the K.Reg method against the den-
sity of rain gauges, jointly with the DS error (without bilinear
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Fig. 2. Variation of RMSE of the DS merging and MSWEP. Results for (a) cross-validation; (b) independent validation; (c) raw MSWEP; and

(d) bilinear downscaled MSWEP.
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downscaling), the IDW, and the error of the interpolation with the
DSg. For the highest rain gauge density (7.69 gauges,/ 1,000 km?),
the DS merging reported the lowest error, closely followed by K.
Reg, DSg, and IDW. Using IV methodology, in all densities, the
DSg and the DS merging registered the lowest error, which con-
firms its ability to produce an adequate rainfall field for the basin.
K.Reg’s performance significantly weakened when the density was
reduced, and in rather low densities, the error surged, depending on
the rain gauge network configuration (we trimmed the scale values
shown in Fig. 5 because the network with configuration number 3
reported the highest error of 67.3 mm/day, which was far worse
than the others); the main cause for this behavior is the lack of in-
formation to properly represent the spatial correlation and correctly
remove the trend for fulfilling the second-order stationary assump-
tions. As expected, these results confirm that the kriging methods
based only on gauge data should not be applied in data-scarce
basins.

It must also be highlighted that DS merging also reported a
lower bias compared to other methods because its strategy is to
correct the rainfall field near the location of the rain gauges (see
Fig. 6). In the highest density, K.Reg obtained a lower bias, which
is produced by the effect of the covariates in helping the interpo-
lation, yet PBias still confirms that K.Reg seriously suffered in
low densities. Even though IDW registered a similar error to DSg
and DS (Fig. 5), the reported bias was more erratic, depending
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on the network configuration, and its PBias was slightly higher
(Fig. 6).

Evaluation of the Hydrological Performance

The evaluation of the performance of the DS merged rainfall fields
in reproducing streamflow series is plotted in Fig. 7. Comparing the
left-side with the right-side panels reveals that the application of
bilinear downscaling did not enhance the models’ results either
in the boundary conditioning station or in the blind gauge. How-
ever, the rainfall field that produced the maximum performance in
the forcing aggregated TOPMODEL was the one created with a
slightly lower bandwidth value (40 to 45 km), compared with the
field used to force the distributed wflow model (45 to 50 km). Com-
paring the NSE calculated for both models, it is clear that the dis-
tributed wflow model achieved better and more consistent results
after a certain kernel bandwidth value (around 40-45 km and be-
yond). TOPMODEL also attained its best performance in the range
from 40 to 45 km, yet the quality of simulations reduced with the
increase of the kernel bandwidth over that value. This behavior was
caused by an improper estimation of the rainfall fields produced
with high bandwidths, which were inputs to the hydrological mod-
els, and in the case of the lumped forcing, it affected the bulk vol-
ume of rain in the field and consequently caused lower NSE values.
The more complex structure of the distributed wflow model made a
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trade-off between the errors in the rainfall field and in the hydro-
logical model configuration, maintaining a stable performance.

We also compared the best performance of the TOPMODEL
and wflow model forced with the DS merging rain fields and fields
created using some of the interpolation methods investigated (see
Fig. 8). The observed and simulated hydrographs can be seen in the
Supplemental Materials Fig. S2. The fields obtained through merg-
ing for different bandwidths are displayed with the prefix M (they
considered h; = h,; the names and bandwidth values used were
M 30 km, M_45 km, and M Silver); the MSWEP background
was not downscaled with the bilinear method for the creation of
these merged rainfall fields because this method did not produce
a significant improvement in the results (see Fig. 8). The models
forced with the fields created with the DS merging showed the best
performances for both the boundary conditioning gauge and the
blind point gauge, also in both models. The fields based solely
on rain gauges (IDW and DSg) reported a NSE higher than the
MSWERP in the calibration station, but their performance was gen-
erally lower in the blind point. This shows the robustness of the DS
rainfall fields created with values of bandwidths between 30 and
50 km, which confirms what was found in section 4.1. Not surpris-
ingly, the spatial aggregation of the rainfall field used with TOP-
MODEL not only caused a reduction in the representation of the
streamflow but also generated rainfall fields that almost all reported
the same performance in the small basin. In the blind gauge
TOPMODEL, the reported NSE was nearly 0.4 for all inputs, and
in the conditioning gauge, all were near 0.77 except the forcing
created with Silverman’s rule of thumb.

With the distributed wflow model, the difference in performance
between inputs was appreciable, both in the boundary and blind
points. For the blind spot, there was a large variation in NSE when

comparing the rainfall fields, which is opposite that reported by the
TOPMODEL. However, the IDW rainfall field was not able to pro-
duce NSE values higher than 0.3 in the blind gauge due to the low
density of gauges in the Casanare basin. In the boundary condition-
ing, there were also discrepancies, as expected, but the performance
was generally higher than those produced by TOPMODEL. Not
only did the distributed model report better performance, but it also
had the advantage of easily providing a higher amount of informa-
tion such as simulations in ungauged locations. The semidistributed
model considered the spatial variation of phenomena; however, to
find estimates at ungauged points, the modeler must specify the
subdivision and even build a specific model of the subcatchment
in the case of TOPMODEL.

A revision of the hydrological signatures produced in the val-
idation period by simulations at the Cravo Norte station, compared
with the same signatures obtained from the observed streamflow,
reveals the results shown in Table 3. Although the wflow simula-
tions forced with the DS merging with 45-km bandwidth field re-
ported the highest NSE (Fig. 8), the simulations associated with the
30-km bandwidth showed a better peak flow and a better reproduc-
tion of the high segment of the flow duration curve (FDC). The
difference in those signatures produced with the 45-km bandwidth
rainfall field was only slightly higher. Regarding the variance of
the streamflow, the simulations forced with DSg interpolation per-
formed best, closely followed by the mergings with 30-km and
45-km bandwidths.

Regarding the TOPMODEL hydrographs signatures in
Table 3, the best results were achieved by merging but using the
Silverman bandwidth value, with similar errors produced by the
mergings with 30-km and 45-km bandwidths (in Q1% and Q2%).
TOPMODEL with DSg forcing also produced the best variance of

topmodel wilow
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0.6 Forcing
I os:
0.57 IDW
w
2 M_30km
D& M_45km
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02 MSWEP
0.2
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Fig. 8. Performance of the TOPMODEL and wflow model forced with interpolated, remotely sensed, and merged fields.

© ASCE

04023017-10

J. Hydrol. Eng.

J. Hydrol. Eng., 2023, 28(7): 04023017


http://ascelibrary.org/doi/10.1061/JHYEFF.HEENG-5541#supplMaterial

Downloaded from ascelibrary.org by Nicolas Duque-Gardeazabal on 04/18/23. Copyright ASCE. For persona use only; all rights reserved.

Table 3. Differences between observed and simulated hydrological signatures by wflow and TOPMODEL streamflow models results at Cravo Norte gauge

Hydrological signatures Model DSg (%) IDW (%) M 30 km (%) M 45 km (%) M silver (%) MSWEP (%)

Q peak (Q1%) Wilow —13.4 —21.7 —6.0 -9.5 —18.3 —-17.5
TOPMODEL 6.8 6.6 4.7 6.0 24 2.5

Q high segment (Q2%) Witlow —22.5 —35.5 —-13.1 —15.4 —30.2 —30.7
TOPMODEL 5.7 5.9 2.8 5.2 0.8 —6.5

Q variance Witlow —26.1 —41.9 —27.3 —-29.5 -36.2 —39.7
TOPMODEL —-12.2 —24.8 —233 —18.1 —31.8 —28.5

Note: Best values for each model and forcing are bolded.

streamflow, and surprisingly the IDW reported good results, which
might be because the spatial errors of the rainfall field were aver-
aged. Moreover, TOPMODEL produced better peak signature val-
ues with every forcing compared to wflow, which is opposite the
NSE performance reported by the model (Fig. 8). The reason for
this behavior is that TOPMODEL weakened the representation of
the recession curves and other streamflow signatures to achieve the
best possible NSE performance, a metric that focuses on the peak
flow signatures; parameter overfitting might be the phenomenon
leading to those results. The averaged input rainfall field also
influenced that behavior and made the evaluation of the overall
performance contradictory.

Discussion

In this section, we contrast the general insights from this research
with similar research that sought the improvement of rainfall fields.
Furthermore, the characteristics of bandwidth influence are analyzed.

In the Rainmerging master library, Zulkafli et al. (2015) fixed the
value of the kernel bandwidth using the Silverman rule of thumb
(Silverman 1986), and we also used other two methods (PR-N and
PR-E). Through the results of this research, it is evident that the
Silverman rule of thumb did not produce satisfactory results and that
the bandwidth values differed significantly from those found in cal-
ibration. The values of the PR-N and PR-E methods not only re-
sembled more those bandwidth values found by calibration in high
network densities, they did not produce errors as low as those band-
widths obtained by adjustment. However, the values found by PR-N
are a good seed to guide the calibration and define values, in con-
junction with Figs. 3 and 4, if calibration is not possible. The reason
might be that a rain gauge influence area is more associated with the
density of the network and position of the gauges rather than with the
simple number of gauges and variance of the distance.

Similar to the situation exposed by Long et al. (2016), a correc-
tion in the boundary of the rainfall field estimated by the back-
ground source or rain gauges does not necessarily improve the
overall performance of the merging. They reported that a Boolean
interpolation (indicator kriging) to include rainfall spatial intermit-
tency does not improve the performance of the merging. Similarly,
with the use of a simple bilinear downscaling, we found that there
was not a clear improvement, yet from a theoretical point of view, it
helped to improve the continuity and slope of the rainfall surface
function (Li and Shao 2010). The reduction in error by bilinear
downscaling was not appreciable in our meteorological and hydro-
logical evaluations. More complex downscaling methods consider
more meaningful covariates such as vegetation indexes (Ceccherini
et al. 2015; Immerzeel et al. 2009) or topography (Jongjin et al.
2016), especially the aspect and wind direction; this has been
highlighted by Lépez Lopez et al. (2018) and used by Long et al.
(2016). However, those studies and the results reported here em-
phasize that mergings with gauges, like the DS and others, are
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methods that further improve the performance of the rainfall fields
to have better correspondence with the hydrological response to
rainfall.

Conclusions

This work found that variation in kernel bandwidth has an impact
on both meteorological and hydrological performances when using
the DS merging technique. The DS merging outperformed the
traditional deterministic and geostatistical interpolation methods,
in some cases by a considerable amount; in others, it performed
slightly better. Although the impact of the bandwidth value can
be considered to influence mainly the spatial distribution of the
rainfall, we found that one significant possible outcome is an im-
portant variation in the bulk volume amount of rainfall, which, as a
result, affects the hydrological simulations.

The rule-of-thumb equations for estimating the kernel band-
width did not provide a good correction of the merged fields.
The principal reason for this behavior might be that they were for-
mulated for density estimation, whereas their use in DS correction
should consider a different procedure, one more related to geosta-
tistics. The KED and K.Reg methods consider correlations with
geomorphological variables; therefore, an analysis of the spatial
structure of the rainfall phenomenon is an asset when compared
with the Silverman rule or the relation of the bandwidth value to
geomorphological variables. Results prove that the variation of
the bandwidth value affects both meteorological and hydrological
evaluation, for example, through the effect in rainfall bulk volume
and NSE performance, which is an asset of this research; in
“Discussion,” we suggested that calibration in the DS algorithm
is advisable, but seeds can be previously calculated.

From the analysis of the randomized rain gauge network con-
figurations, we can conclude that some stations are of importance
due to their location. Some of the network configurations reported
higher errors in comparison to the others, which is a consequence of
not including those important gauges in the interpolations or the
mergings. To analyze which of them are reporting essential infor-
mation, the researcher can use methods based on entropy theory
(Yang and Burn 1994), but this is beyond the scope of this research.
Overall, the improvement of the DS can be by 20% over the results
reported by some interpolation methods and 50% compared with
others.

The importance of a proper estimation of rainfall field spatial
variability is evidenced in the results achieved by the two hydro-
logical models. Merging improved the performance of models by
approximately 10% and in some cases by 20%. From the experi-
ments, we can conclude that the variance of forcing performance
was likely a consequence of the spatial differences in the inputs
used in wflow. On the contrary, the equal but misleading behavior
of TOPMODEL was probably produced by the aggregation of the
inputs. Nevertheless, the results of this research must encourage
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meteorological and environmental agencies to improve the density
of measurement in regions with network deficiencies.
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